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Tytuł w języku polskim

Rozumowanie Wizualne i Językowe w Modelach Głębokiego
Uczenia

Streszczenie

Niniejsza dysertacja bada podstawowe ograniczenia rozumowania w modelach głę-
bokiego uczenia w różnych dziedzinach, koncentrując się na wizualnym odpowia-
daniu na pytania, generowaniu kodu i rozwiązywaniu problemów geometrycznych
jako reprezentatywnych multimodalnych wyzwaniach rozumowania, które obej-
mują różne modalności poznawcze, jednocześnie ujawniając wspólne wzorce kru-
chości. Pomimo niezwykłych osiągnięć w testach porównawczych, modele te często
wykazują znaczące słabości rozumowania i kruche zrozumienie, gdy są poddawane
ukierunkowanym manipulacjom. Badamy, jak systematycznie oceniać i zwiększać
możliwości rozumowania w zaawansowanych systemach sztucznej inteligencji, wy-
korzystując kompleksowe ramy, które wychwytują pojawiające się zachowania wy-
nikające z interakcji złożonych komponentów, a nie poszczególnych części.

Początkowy segment ocenia wizualne modele rozumowania poprzez seman-
tyczne manipulacje przeciwnika, ujawniając znaczące słabości generalizacji w rze-
komo solidnych systemach. Nasza metodologia czarnej skrzynki, niewymagająca
dostępu do wewnętrznego modelu, ma uniwersalne zastosowanie w systemach otwar-
tych i zastrzeżonych. W przeciwieństwie do tradycyjnych podejść skoncentrowa-
nych na bezpieczeństwie na poziomie pikseli, nasze semantyczne perturbacje po-
kazują, jak subtelne rekonfiguracje sceny mogą wywołać dramatyczne spadki wy-
dajności w rzeczywistych scenariuszach.

Kolejna sekcja analizuje uprzedzenia nieodłącznie związane z systemami ge-
nerującymi kody. Stosując ukierunkowane ramy, które zakłócają istotne elementy
opisów problemów i przykładów, ujawniamy nadmierną zależność modeli od po-
wierzchownych wskaźników zamiast autentycznego zrozumienia problemu. Nasze
badania ilustrują, w jaki sposób uprzedzenia te wpływają na jakość generowanego
kodu i sugerują przeciwstawne metody dostrajania w celu złagodzenia tych kwestii,
zwiększając niezawodność modelu w różnych zadaniach kodowania.

W końcowej części omówiono braki w rozumowaniu geometrycznym w dużych
modelach językowych. Chociaż LLM wyróżniają się w obszarach algebraicznych
i tekstowych, ich powiązania przestrzenne i trudności z konstruktywną geometrią
ujawniają znaczące ograniczenia. Przedstawiamy system wieloagentowy, który wy-
korzystuje wspólne rozwiązywanie problemów w celu poprawy rozumowania geo-
metrycznego, demonstrując skuteczność specjalizacji agenta i iteracyjnego sprzę-



żenia zwrotnego w rozwiązywaniu tych problemów.
W tych różnorodnych dziedzinach zapewniamy dogłębne badanie niedociągnięć

w modelach głębokiego uczenia się i proponujemy praktyczne strategie zwiększa-
jące ich interpretowalność i odporność. Nasze rozwiązania przewyższają pojedyn-
cze kryteria, pomagając w osiągnięciu nadrzędnego celu, jakim jest stworzenie
systemów sztucznej inteligencji, które mogą osiągnąć bardziej niezawodne i zniu-
ansowane podejmowanie decyzji w wielu dziedzinach.

Słowa kluczowe

rozumowanie wizualne, odporność na przeciwności, stronniczość, duże modele ję-
zykowe, uczenie głębokie
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Abstract

This dissertation examines fundamental reasoning limitations in deep learning
models across diverse domains, focusing on visual question answering, code gener-
ation, and geometric problem-solving as representative multimodal reasoning chal-
lenges that span different cognitive modalities while revealing common patterns of
brittleness. Despite remarkable achievements on benchmarks, these models often
exhibit significant reasoning weaknesses and fragile understanding when subjected
to targeted manipulations. We investigate how to systematically evaluate and
enhance reasoning capabilities in advanced AI systems, employing comprehensive
frameworks that capture emergent behaviors arising from the interaction of com-
plex components rather than individual parts.

The initial segment evaluates visual reasoning models through semantic adver-
sarial manipulations, revealing significant generalization weaknesses in purportedly
robust systems. Our black-box methodology, requiring no internal model access,
is universally applicable across open and proprietary systems. Unlike traditional
pixel-level security-focused approaches, our semantic perturbations demonstrate
how subtle scene reconfigurations can precipitate dramatic performance collapses
in real-world scenarios.

The subsequent section analyzes biases intrinsic to code-generating systems.
By employing a focused framework that disrupts essential components of problem
descriptions and examples, we expose models’ excessive dependence on superficial
indicators instead of authentic problem understanding. Our research illustrates
how these biases impair the quality of generated code and suggests adversarial
fine-tuning methods to alleviate these issues, enhancing model dependability across
various coding tasks.

The concluding section tackles the deficiency in geometric reasoning inside large
language models. Although LLMs excel in algebraic and textual areas, their spatial
linkages and difficulties with constructive geometry reveal significant limitations.
We present a multi-agent system that utilizes collaborative problem-solving to
improve geometric reasoning, demonstrating the efficacy of agent specialization
and iterative feedback in addressing these issues.

Across these diverse domains, we provide a thorough examination of the rea-
soning deficiencies in deep learning models and propose practical strategies to
enhance their interpretability and resilience. Our solutions surpass isolated crite-
ria, aiding the overarching objective of creating AI systems that may achieve more
dependable and nuanced decision-making across several domains.



Keywords

visual reasoning, adversarial robustness, bias, large language models, deep learning

ACM Computing Classification

Computing methodologies → Artificial intelligence → Knowledge representation
and reasoning





Contents

List of publications 1

1 Introduction 2
1.1 Reasoning and the Measurement of Intelligence . . . . . . . . . . . 4
1.2 Testing Frameworks . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.2.1 White-Box Testing . . . . . . . . . . . . . . . . . . . . . . . 7
1.2.2 Black-Box Testing . . . . . . . . . . . . . . . . . . . . . . . 11

1.3 Bridging White-Box Efficiency with Black-Box Flexibility . . . . . . 15
1.4 Formalisms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2 Testing Reasoning in the Visual Domain 20
2.1 Proposed Two-Player Approach . . . . . . . . . . . . . . . . . . . . 20
2.2 Experiments and Observations . . . . . . . . . . . . . . . . . . . . . 22
2.3 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3 Exposing and Mitigating Biases in Code Generation 26
3.1 Blocks of Influence Approach . . . . . . . . . . . . . . . . . . . . . 27
3.2 Experiments and Observations . . . . . . . . . . . . . . . . . . . . . 28
3.3 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

4 Vision meets Language in Geometric Agentic Reasoning 33
4.1 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
4.2 Experiments and Observations . . . . . . . . . . . . . . . . . . . . . 37
4.3 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

5 Conclusions and Future Directions 40
5.1 Recent Developments Reinforcing These Contributions . . . . . . . 41

6 Acknowledgements 42

Bibliography 55

Complete Publications 57





List of Publications

The core of this doctoral thesis is comprised of the following publications. Each of
them represents extensive research, from conceptualization and code implementa-
tion to experimentation and manuscript writing, all carried out by me under the
invaluable guidance of my supervisors. Equal contributions are indicated by an
asterisk (*).

1. S. Mouselinos, H. Michalewski, M. Malinowski
Measuring CLEVRness: Black-box Testing of Visual Reasoning Models
International Conference on Learning Representations (ICLR), 2022
https://openreview.net/forum?id=UtGtoS4CYU

2. S. Mouselinos, M. Malinowski, H. Michalewski
A Simple, Yet Effective Approach to Finding Biases in Code Generation
Findings of the Association for Computational Linguistics: ACL, 2023
https://aclanthology.org/2023.findings-acl.718
DOI: 10.18653/v1/2023.findings-acl.718

3. S. Mouselinos, H. Michalewski*, M. Malinowski*
Beyond Lines and Circles: Unveiling the Geometric Reasoning Gap in Large
Language Models
Findings of the Association for Computational Linguistics: EMNLP, 2024
https://aclanthology.org/2024.findings-emnlp.360
DOI: 10.18653/v1/2024.findings-emnlp.360

1

https://openreview.net/forum?id=UtGtoS4CYU
https://aclanthology.org/2023.findings-acl.718
10.18653/v1/2023.findings-acl.718
https://aclanthology.org/2024.findings-emnlp.360
10.18653/v1/2024.findings-emnlp.360


Chapter 1

Introduction

Figure 1.1: Clever Hans and his owner Wilhelm von Osten

In 1911, Oskar Pfungst’s investigation of Clever Hans, the horse that appeared
to perform math, revealed a crucial insight about intelligent systems—success can
sometimes mask a deficiency in true understanding. Hans was not performing
computations; instead, he was responding to subtle cues from his trainer, unwit-
tingly employing environmental patterns to mimic intelligence. Over a century
later, artificial intelligence (AI) faces its Clever Hans issue.

The rapid progression of AI has resulted in remarkable achievements that sug-
gest superhuman intelligence. From the triumph of AlphaGo against Lee Sedol in
2016 [95], to AlphaFold’s revolutionary protein structure predictions in 2020 [46],
and AlphaGeometry’s success in solving International Mathematical Olympiad-
level problems in 2024 [104], AI systems continue to demonstrate exceptional ca-
pabilities. Large language models (LLMs) such as GPT-3 [11], GPT-4 [79], and
Llama3 [31] have shown proficiency in legal, programming, and logical tasks. Sim-
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ilarly, multimodal models like PaLI [15], InternVL2 [16], and OpenAI’s GPT-4
Vision [80] showcase impressive reasoning abilities across visual and textual do-
mains.

However, these systems often succeed not because of innate intelligence but
by exploiting statistical patterns found in vast datasets. Although their outputs
may surpass human capabilities, their underlying methods frequently rely on bi-
ases, spurious correlations, and shortcuts rather than genuine comprehension of
the task. This phenomenon is most visible in the surprising and seemingly trivial
failures that capture public attention. Visual models that can classify thousands of
objects with near-perfect accuracy may misidentify a handwritten note or confuse
a turtle for a rifle under adversarial conditions. LLMs capable of producing intri-
cate essays can struggle with counting the letter "r" in "strawberry" or answering
simple logic puzzles. These failures feel jarring precisely because they contrast with
the perception of AI as superhuman and capable of generalizing across domains.
Upon thorough analysis, a recurring tendency becomes evident—AI performs ex-
ceptionally in organized settings with abundant data but falters in tasks requiring
adaptability, abstraction, and generalization. This difficulty becomes particularly
pronounced in scenarios that involve logical reasoning under highly complex setups,
where the model must process information across multiple modalities or layers of
abstraction.

The common thread across the three contexts examined in this dissertation is
the difficulty of reasoning in circumstances requiring logic and strategy but feature
nuanced, frequently indiscernible distractions. These distractions, insignificant
to human observers, might confuse AI models and deflect their attention from
their goal. - In visual reasoning tasks, models encounter difficulties sustaining
attention when minor alterations in an image or scene create ambiguity, resulting
in misclassification or impaired spatial reasoning. - In the language domain, such
as code generation, minor modifications to issue descriptions or variable names
can mislead LLMs, prompting them to depend on superficial indicators instead
of comprehensively grasping the task’s logic. - In multimodal contexts, where
visual and textual reasoning converges, including irrelevant or contradictory inputs
can alter the model’s direction, highlighting the fragility of AI systems that seem
proficient in isolated modalities yet struggle in integrated situations.

These challenges raise the central research question:

How can AI systems progress beyond pattern recognition to cultivate strong rea-
soning capabilities across multiple domains with diverse contexts and modalities?
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This dissertation addresses this question by investigating methods that en-
hance foundational reasoning capabilities applicable across diverse contexts, pro-
viding insight into common limitations and offering frameworks to improve their
robustness.

1.1 Reasoning and the Measurement of Intelligence

What is Reasoning? The question of what constitutes intelligence and how it can
be measured has long preoccupied researchers across fields as varied as psychology,
evolutionary biology, computer science, and, more recently, AI. Although intelli-
gence is frequently linked to abstract reasoning, problem-solving, and adaptability,
its precise definition remains elusive. However, the challenge is not merely theo-
retical: the ability to measure intelligence is critical for developing and correctly
assessing the capabilities of AI systems used in real-life scenarios.

In humans, intelligence is commonly gauged using psychometric instruments
such as the Wechsler Adult Intelligence Scale [113] and Raven’s Progressive Matri-
ces [88], which both assess various cognitive abilities ranging from logical problem-
solving to integration of new information. In animal cognition research, intel-
ligence is inferred from behaviors such as tool use, puzzle-solving, and complex
social strategies in species like crows, dolphins, and primates. These cross-species
investigations highlight a critical insight: intelligence can manifest along a broad
spectrum, shaped by an organism’s environment and adaptive challenges.
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(a) (b)

Figure 1.2: (a): Test inspired by Raven’s Progressive Matrices [88], (b): Example
task from Chollet’s abstraction and reasoning challenge (ARC) [21]

The attempt to measure intelligence in machines has followed an evolving tra-
jectory, with Alan Turing’s pioneering work serving as an early cornerstone. In his
seminal 1950 paper, Computing Machinery and Intelligence [108], Turing posed
the now-famous question, "Can machines think?" and introduced what came to
be known as the Turing Test. Here, a machine is judged "intelligent" if it can
simulate human conversation to the extent that a human evaluator cannot reli-
ably distinguish it from a human interlocutor. Despite its influence, this test has
been widely critiqued for favoring linguistic imitation over true comprehension,
leaving the possibility that a model might pass by statistically mimicking human
responses without genuinely understanding the conversation.

Various extensions have been proposed to address the Turing Test’s limita-
tions. Harnad’s Total Turing Test [34] added a sensorimotor dimension to textual
interaction, while Gary Marcus advocated a multimodal test [71] that goes even
further. In what is sometimes called the "Marcus Test," AI systems must inter-
pret, analyze, and explain complex, dynamic scenarios (such as scenes from films)
by integrating visual, auditory, and linguistic data. They must infer causal re-
lationships between events, understand character motivations, and detect subtler
phenomena like humor or sarcasm. This expanded scope underscores the view that
intelligence is not purely about language or even abstraction, but also about how
an agent synthesizes information across diverse modalities and contexts.
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The Evolution of Measuring Reasoning in AI. These increasingly so-
phisticated test designs reflect a fundamental shift in evaluating artificial intel-
ligence—moving from narrow capability assessment to comprehensive behavioral
evaluation. Behavioral tests have emerged as the cornerstone of intelligence as-
sessment, providing crucial insights that cannot be obtained through reductionist
analysis alone.

They evaluate AI systems holistically, capturing emergent properties that arise
only when complex components interact as an integrated whole. The necessity of
this approach mirrors established practices across engineering disciplines—automotive
safety cannot be guaranteed by separately testing individual parts but requires sub-
jecting complete vehicles to controlled crash scenarios; aircraft reliability demands
testing under diverse flight conditions rather than isolated subsystem verification;
medical treatments undergo rigorous clinical trials with real patients rather than
relying solely on molecular interactions or cellular responses observed in isolation.

Similarly, AI systems must be evaluated through comprehensive behavioral as-
sessments to determine whether their abilities constitute genuine reasoning or rep-
resent sophisticated pattern matching that breaks down in novel contexts. This
holistic testing approach becomes particularly vital as systems grow more com-
plex, with interactions between components potentially creating emergent behav-
iors that cannot be predicted by analyzing individual modules. This principle is
also central to our research methodology along this work: We prioritize semanti-
cally meaningful, real-world testing scenarios over isolated component evaluations,
enabling us to identify reasoning deficiencies that might otherwise remain hidden
in conventional benchmarks.

Beyond these behavioral assessments, researchers like François Chollet [21],
have proposed complementary frameworks grounded in skill-acquisition efficiency.
Instead of focusing exclusively on end-task performance, Chollet emphasizes the
rate and ease of adaptation as a measure of intelligence encapsulated by the func-
tion.

I =
f(E,P,D)

C
,

Where E represents the experience (e.g., data or exposure), P denotes priors or
innate biases, D reflects the difficulty of generalizing tasks, and C corresponds
to computational cost. This perspective resonates with human cognitive develop-
ment, wherein accurate intelligence appears closely linked to an individual’s ability
to flexibly transfer learned principles into new or unexpected contexts.

From an evolutionary standpoint, intelligence may also be seen as an adaptive
mechanism that emerged for survival in environments where novel problems arose
frequently. Satoshi Kanazawa [48] articulates a distinction between specialized
modules—evolved for recurring challenges such as facial recognition—and general
intelligence, which enables organisms (and, by extension, AI systems) to cope with
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unprecedented or hostile situations. This viewpoint illuminates why many machine
learning models, although extraordinarily capable in narrow domains, often falter
when faced with adversarial inputs or data distributions that diverge significantly
from their training sets.

Pushing beyond species-specific or domain-specific boundaries, José Hernández-
Orallo [37] advances the concept of universal psychometrics, aiming to measure in-
telligence in biological organisms and artificial entities alike. This approach focuses
on fundamental cognitive abilities such as reasoning, learning, and problem-solving
under varied conditions. By striving for comparability across entities, universal
psychometrics provides a framework in which intelligence is understood as a ca-
pacity that can be meaningfully measured, irrespective of biological or mechanical
form.

Biases, Errors, and Adversarial Testing in Reasoning. Taking these
diverse perspectives together, we can conclude that intelligence is not static per-
formance but rather a dynamic capacity to adapt and generalize in the face of
uncertainty or novelty. In line with this view, the research presented in this dis-
sertation relies on adversarial evaluations and bias detection as practical proxies
for testing whether AI systems exhibit genuine reasoning or simply rely on fragile
heuristics. By deliberately introducing misleading or incomplete inputs, hereafter
referred to as ’fooling’, we can distinguish whether a model’s performance derives
from robust, context-aware reasoning or simply from overfitted responses to famil-
iar patterns.

1.2 Testing Frameworks

Having introduced “fooling” as a strategy to uncover potential weaknesses and blind
spots in AI systems, we now turn to the frameworks that systematically evaluate
reasoning. Two principal approaches have emerged in this domain: white-box
testing, which requires extensive access to a model’s internal structure, and black-
box testing, which we defer to the following section. Here, we focus on white-box
testing, its methodologies, and its limitations.

1.2.1 White-Box Testing

White-box testing involves comprehensive access to a model’s internal opera-
tions—parameters, gradients, and layer activations—revealing how data flows from
inputs to outputs. This transparency enables researchers to pinpoint the origin
of biases or weaknesses and implement targeted adjustments. Yet, such thor-
ough visibility does not necessarily translate into deeper insights into a model’s
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(a) The digit ’5’ (b) Baseball (c) Power Drill

Figure 1.3: Examples of adversarial images taken from [128]. From left to right:
An ambiguous digit "5" designed to confuse the model, an image of an elephant
manipulated to be misclassified as a baseball, and an orange with a texture that
causes the model to classify it as a power drill.

real-world reasoning capabilities. Instead, it often reveals detailed but narrowly
scoped vulnerabilities that may not generalize beyond controlled scenarios.

Adversarial perturbations exemplify this tension between depth of access and
practical relevance. Early work showed that visual deep learning models can be
misled by near-imperceptible pixel-level noise [101, 8, 109]. Techniques such as
the Fast Gradient Sign Method [30] and Projected Gradient Descent [67] leverage
gradient information to craft minute input alterations that substantially shift pre-
dictions. In [77] authors extended these ideas to universal perturbations, capable
of fooling multiple inputs by exploiting a network’s most fragile features. While
these approaches expose concerning fragilities, the resulting examples often look
unrealistic—obscure pixel-level artifacts that cast doubt on their utility for testing
genuine reasoning.

While extensively explored in computer vision, white-box approaches have also
proven effective in language-based models. Recent methods, such as the Em-
bedding Space Pre-Optimization and Beam Search-enhanced Greedy Coordinate
Gradient [5, 39], Gradient-Based Distributional Attack [33], and soft prompt em-
bedding attacks [92], reveal how gradients can be harnessed to create adversarial
textual inputs or prompts, thus bypassing safety mechanisms and exposing token-
level vulnerabilities.

By contrast, semantic perturbations [45] pursue higher-level changes aligned
with everyday contexts—altering entire objects, lighting conditions, or text seg-
ments—rather than scrambling individual pixels. This makes adversarial exam-
ples more plausible to humans, thus hinting at deeper biases or reasoning gaps in
the model. However, white-box techniques remain fundamentally tied to internal
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model specifics despite these refinements, limiting their broader applicability.
Analogously in language models, gradient-based manipulations like universal

adversarial suffixes [58] and stealthy token-level changes [123] reveal that even
modest textual perturbations can disrupt predictions or recommended outputs.
These methods reinforce how internal gradients guide adversarial behaviors—yet
can still yield contrived, narrow evaluations of reasoning. Furthermore, there exist
attacks that maintain semantic plausibility—such as Text Simulation (TextSimu)
[111] shift focus from superficial token edits to coherent textual modifications.

Figure 1.4: Comparison of an original image and an adversarially perturbed im-
age targeting the “airliner” class, visualized using the Grad-CAM [93] method.
Despite the model’s near-certain confidence (>0.9999) in the incorrect “airliner”
classification, Grad-CAM visualizations (c-d) expose the underlying reasoning by
highlighting regions aligned with the original “boxer (dog)” and “tiger cat” cate-
gories. In (e-f), Grad-CAM applied to the adversarial prediction shifts focus to
irrelevant background areas, illustrating partial altering the in model’s reasoning.

Explainable AI (XAI) tools, including saliency methods like those proposed by
Simonyan et al. [96], Grad-CAM [93], and its successors [12, 97], offer another di-
mension of transparency by illustrating which features drive model outputs. Tech-
niques such as Integrated Gradients [99], Layer-Wise Relevance Propagation [7],
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and Deep Taylor Decomposition [76] further illuminate the decision-making process
by distributing “relevance” across inputs. Meanwhile, Guided Backpropagation [98]
and Jacobian-based Saliency Map Attacks (JSMA) [81] show how gradients can be
repurposed for targeted adversarial generation. More recent methods like Saliency
Map-Based Local White-Box Adversarial Attack (SMLAA) [63] merge Grad-CAM
with gradient-based manipulation to refine perturbations, underscoring the tight
interplay between interpretability and adversarial testing.

Figure 1.5: Examples of white-box text attacks. (Top) Example of Gradient-Based
attack [33] on NLU task: The inclusion of word ’hell’ makes the model change its
output from Entailment to Neutral prediction. (Bottom) Example of a adversarial
prefix [58] ’\Sure,\entitled... that makes ChatGPT bypass its safety features and
produce harmful content.

Correspondingly, similar interpretability strategies apply to language models.
For instance, Gradient-Based Red Teaming [114] uses safety classifiers alongside
gradient feedback to craft prompts eliciting unsafe outputs, while Probe Sampling
methods [126] speed up token-level gradient attacks. These approaches show how
XAI-driven saliency highlights visual features and crucial lexical or embedding-
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level features in text-based models, offering deeper insight into where vulnerabili-
ties arise.

Despite these diagnostic strengths, white-box methods face significant obsta-
cles. Their dependence on full model visibility is often impractical due to propri-
etary restrictions, privacy concerns, or scalability issues. Moreover, many white-
box adversarial examples—especially those stemming from pixel-level or universal
perturbations—are unrealistic from a human perspective, limiting their relevance
for evaluating genuine reasoning. Such contrived inputs measure vulnerability
rather than the ability to handle plausible real-world scenarios or systematically
biased data. Finally, the computational overhead required to derive and analyze
these attacks can be prohibitive, particularly for complex models or large datasets.

Recognizing these challenges sets the stage for black-box approaches, which
sidestep the need for direct model access and aim to generate more realistic tests
of an AI’s reasoning by exposing it to systematic biases rather than contrived or
ambiguous inputs.

1.2.2 Black-Box Testing

In many real-world scenarios, the transparency afforded by white-box testing—where
one can access a model’s internal parameters, gradients, and training data—proves
impossible. Proprietary models, stringent access controls, and sheer complexity
can all hinder our ability to perform the precise gradient-based perturbations that
make white-box methods so revealing. Consequently, a growing body of work has
embraced black-box testing, where researchers study a system solely by observing
its inputs and outputs. By assuming that the internal details—such as weights,
gradients, or training data—are unknown or largely inaccessible, black-box meth-
ods more faithfully capture real-world conditions and allow for investigating vul-
nerabilities, biases, and overreliance on superficial cues without direct insight into
the model’s underlying mechanisms. Despite these constraints, black-box testing
remains critical for exposing systemic weaknesses in commercial or proprietary
settings and advancing our understanding of how AI systems behave.

To address the challenges black-box settings pose, researchers have developed
surrogate and transfer-based attacks [82, 116, 105] as effective probing mechanisms.
These approaches rely on generating adversarial examples using substitute models
trained to approximate the target model’s behavior. Once adversarial examples
are crafted on the surrogate, they are applied to the target model, exploiting
the tendency for vulnerabilities to transfer across different architectures. This
methodology can reduce the number of direct queries to the real target once a
reasonably faithful surrogate is in place. However, effectiveness varies with how
closely the surrogate mimics the true decision boundaries.
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An alternative line of research focuses on query-based methods, which itera-
tively adjust inputs to glean information from the system’s outputs. Techniques
such as Zeroth-Order Optimization [13] and Natural Evolution Strategies [87] ap-
proximate decision boundaries without requiring a substitute model, while Bound-
ary Attack [10] begins from a target-class sample and iteratively reduces perturba-
tions along the decision boundary. HopSkipJumpAttack [14] leverages only binary
boundary feedback, making it a fully decision-based approach. Score-based meth-
ods like Square Attack [3] refine random perturbations over multiple iterations
to create potent adversarial examples. Gradient-free optimizations further expand
black-box attack capabilities by drawing on evolutionary algorithms [2, 50] or hard-
label strategies [20], both of which operate solely on discrete class labels to reduce
computational overhead. Although these approaches can produce more realistic
test scenarios by relying exclusively on observable outputs, they can also become
computationally expensive in systems with restrictive query limits.

Figure 1.6: Example of a targeted adversarial attack from [10]. Starting from an
image of a dalmatian (top-left), the goal is to synthesize an image that matches
the tiger cat (bottom-right) but is classified as a dalmatian. The attack relies
solely on the model’s output predictions, iteratively refining the image until the
misclassification is achieved.

Because black-box testing offers limited insight into a model’s internal struc-
ture, interpreting why certain adversarial manipulations succeed or fail remains a
key challenge. XAI tools help bridge this gap by revealing the most vulnerable
features or regions. For instance, LIME [89] perturbs inputs locally and fits sim-
ple, interpretable models to highlight pivotal features. SHAP [65] takes a broader
approach by calculating game-theoretic Shapley values, pinpointing feature impor-
tance under various perturbation scenarios.

Recent innovations extend this framework even further. X-SHAP [9] ventures
beyond additive explanations into the multiplicative domain, capturing nonlinear
feature interactions. Other Shapley-based methods, such as those in [27], constrain
explanations to remain on the data manifold, thus increasing their fidelity. SAGE
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[23] broadens local explanations into a global context by quantifying how entire
datasets affect predictions, highlighting systemic biases and feature interactions.
Meanwhile, counterfactual explanations focus on minimal input changes needed to
alter a prediction, laying bare the model’s most sensitive decision boundaries. Fi-
nally, researchers have proposed infidelity and sensitivity metrics [121] to enhance
robustness in saliency maps; by smoothing input perturbations, these methods re-
duce abrupt shifts in explanation outputs and improve interpretative consistency
across queries.

Lastly, infidelity and sensitivity metrics [121] offer a structured way to evaluate
the reliability of saliency-based explanations by smoothing input perturbations
and thereby preventing drastic changes in explanations. These tools help generate
stable outputs that align closely with the model’s predictions. While the above
techniques have been extensively explored in the visual domain, similar challenges
and insights arise in the text domain as large language models (LLMs) become
ubiquitous. Early work found that GPT-2 and GPT-3 models can inadvertently
leak training data under adversarial queries [90], revealing privacy and security
risks beyond computer vision. Further studies suggest that adversarial examples
in NLP exploit fundamental data features rather than mere bugs [28], indicating
these vulnerabilities are deeply embedded in how language classifiers learn from
text.

Text-focused black-box attacks often mirror the strategies seen in vision but
adapt them to language’s discrete, context-sensitive nature. Methods like BERT-
Attack [51] and Explain2Attack [38] rely on masked language modeling or substi-
tute models to systematically alter tokens while querying only for label feedback.
More recent frameworks, such as HQA-Attack [62], integrate sophisticated search
and optimization to maintain semantic consistency under restrictive hard-label set-
tings. These text-based methods take into account not just raw model outputs but
also linguistic coherence, ensuring adversarial examples remain fluent and natural.

XAI techniques also extend naturally to text: SIDU-TXT [41], for instance,
leverages class activations to highlight influential words, complementing approaches
like LIME or SHAP in capturing context-level explanations. Broad surveys [25]
emphasize how attribution-based and fairness-aware methods expose and remedi-
ate biases in text classification. In parallel, efficient distillation of black-box adver-
sarial attacks [29] aims to streamline adversarial testing, and hybrid adversarial-
explainability frameworks [49, 68] combine query-based attacks with interpretabil-
ity metrics, clarifying which tokens or linguistic features drive model decisions—and
are thus prime adversarial targets.

Taken together, black-box adversarial testing and XAI play equally pivotal
roles across both vision and language domains. While image-based pipelines must
deal with continuous pixel data and spatial perturbations, text-based approaches
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grapple with discrete token substitutions, syntax, and semantics. In both contexts,
black-box attacks reveal vulnerabilities without requiring internal knowledge, and
interpretability tools clarify why these manipulations succeed. However, query-
based or transfer-based methods can be resource-intensive or reliant on imperfect
surrogates, necessitating a careful balance between practicality and efficacy.

Figure 1.7: Model interpretability using SHAP[65] for text and image classification.
In the top section, red highlights words like ’feel’ that push the prediction towards
the target class, while blue (e.g., ’greedy’ and ’wrong’) shows words that reduce it.
The bottom section applies this to images, with red regions boosting classification
(e.g., the ’meerkat’ head) and blue reducing it. This explains how SHAP identifies
key features influencing model decisions without accessing internal parameters.
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1.3 Bridging White-Box Efficiency with Black-Box
Flexibility

The interplay between white-box and black-box methods has significantly shaped
adversarial testing in AI systems, particularly in uncovering reasoning flaws and
biases. White-box approaches excel at creating in-distribution, semantically plau-
sible examples that are finely tuned to expose biases through erroneous answers.
However, this precision has fundamental limitations that increasingly restrict their
practical relevance and interpretability. The requirement for complete access to
model parameters is an assumption at odds with reality as proprietary, closed-
source models become the industry standard. As access to model internals be-
comes the exception rather than the rule, traditional adversarial techniques grow
less applicable to systems where robust evaluation is most crucial. Additionally,
such methods usually rely on computationally intensive gradient calculations that
scale poorly with model size, becoming prohibitively expensive for modern billion-
parameter systems.

In contrast, while free from these constraints, black-box methods often struggle
to match the diagnostic power of white-box techniques, leaving gaps in our under-
standing of reasoning and bias mitigation. Moreover, most black-box approaches
predominantly focus on security implications rather than diagnosing fundamental
reasoning deficiencies, with resulting perturbations providing minimal insight into
the cognitive patterns underlying model failures.

This thesis addresses these dual limitations by introducing a unified approach
that combines the semantic truthfulness of white-box adversarial examples with
the scalability, accessibility, and realism of black-box frameworks. Our methodol-
ogy produces interpretable perturbations highlighting reasoning failures in prac-
tical settings rather than merely identifying security vulnerabilities. By focusing
on semantically meaningful modifications that maintain task coherence while tar-
geting specific reasoning pathways, we reveal cognitive patterns more relevant to
real-world deployment scenarios. We believe this approach should become an inte-
gral part of evaluating modern AI systems such as LLMs and VLMs, as it exposes
critical weaknesses that conventional benchmarks systematically overlook while
remaining applicable to any model regardless of architecture or whether internal
access is possible.

In the visual domain, in Chapter 2, we leverage Visual Question Answer-
ing (VQA) as a natural proxy for visual reasoning, then recast it into a two-
player zero-sum reinforcement learning framework, which allows us to propose
fully semantic, in-distribution manipulations rather than contrived pixel-level per-
turbations, ensuring that each generated scene remains physically meaningful. Al-
though we make no assumptions about model internals—retaining a strict black-
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box perspective—we still achieve an effectiveness on par with white-box attacks,
exposing the “Clever Hans”–type biases many ostensibly robust models rely upon.
Crucially, our experiments reveal that question difficulty can outweigh raw visual
complexity, highlighting that it is often logical intricacy—rather than sheer visual
data size—that ultimately breaks a model’s reasoning.

We carry this philosophy into the realm of code generation in Chapter 3, where
we demonstrate that large language model–based systems inherit biases from their
pre-trained backends, giving rise to flawed reasoning processes systematically re-
produced through memorization and superficial keyword dependencies. By intro-
ducing a modular “Blocks of Influence” paradigm, we pinpoint these memorization
effects with minimal overhead, reinforcing our stance that lightweight but strate-
gically designed black-box tests can expose substantial vulnerabilities—biases and
data echoes—without needing extensive model access or excessive queries. The
technique of probing biases in a strictly black-box manner aligns with our empha-
sis on real-world applicability, mirroring how we revealed “Clever Hans” shortcuts
in the visual setting.

In Chapter 4, we extend these findings into a multi-agent, multi-modal setup
that integrates visual complexity, textual comprehension, and specialized tool
usage. By strategically distributing sub-tasks across collaborative, role-based
agents—some focusing on natural-language problem decomposition and others on
precise “geometry tools” or code modules—we show that each agent’s limitations
can be counteracted by another’s strengths. This design resonates with our prior
results in black-box testing, where different “modules” handled distinct facets of
the adversarial process.We illustrate how multi-step, multi-role coordination can
illuminate and mitigate the same kind of biases identified in purely visual or code-
based models. Notably, the spatial and logical difficulty of geometrical tasks proves
to be a strong stress test for reasoning, echoing our core premise that it is the
complexity of the question—whether visual, textual, or mathematical—that best
exposes a model’s weaknesses. Crucially, this multi-agent collaboration also serves
as a logical endpoint for our earlier single-agent insights: having exposed individ-
ual biases and tested models’ reasoning limits in isolation, we now demonstrate
that specialized agents working in tandem can overcome these narrower failures
and collectively achieve more robust, context-aware solutions.

Altogether, the thesis not only underlines the need for holistic, dynamic eval-
uation frameworks but also indicates how semantic adversarial training and inter-
active, multi-agent collaboration can mitigate hidden biases, enabling AI systems
to scale toward real-world challenges in a trustworthy and adaptive manner.
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1.4 Formalisms

In all scenarios that we will refer to onward, we assume a deep learning model
under test M , which receives inputs X from a dataset D and produces outputs
Y . Formally, we write M : X ∈ D 7→ Y . Because we are dealing with data-driven
systems, we also distinguish between a training phase and a testing phase, thus
requiring two datasets: Dtrain and Dtest. During training, the model learns from
input-target pairs (Xtrain, Ytrain) ⊂ Dtrain. Afterwards, we evaluate its generaliza-
tion capabilities by testing on (Xtest, Ytest) ⊂ Dtest. Note that Dtrain and Dtest can
be formed by splitting a larger dataset D or by using a completely separate data
source. In the first case, there is little to no distribution shift, meaning the model
is tested on data drawn from the same underlying distribution. In the second
case, we aim for broader generalization, since the data may differ substantially
and come from novel sources. This is the essence of testing a model’s capacity
to handle unseen inputs. Although both scenarios involve “unseen” data, the lat-
ter typically provides a more extensive and realistic assessment of the model’s
underlying capabilities.

The model is evaluated using a performance criterion C, which is typically a
function that compares the model’s predictions Y = M(Xtest) against the dataset’s
ground-truth labels Ytest. Generally, “good” performance corresponds to lower
values of C, although there are also metrics where higher values indicate better
performance. For the purposes of this discussion, and without loss of generality, we
assume criteria where lower values correspond to better performance. One major
challenge in training deep learning models is overfitting, which can be described by
C(Ytest, YD)≫ C(Ytrain, YD), meaning that the model’s performance on the testing
data Ytest is worse than on the training data Ytrain according to the same criterion
C.

While overfitting illustrates how a model may fail when its training does not
generalize well, testing for reasoning and discovering biases extends beyond mere
performance degradation. When testing for bias, regardless of the dataset source,
one must rely on available inputs X ′ that already yield acceptable performance
(i.e., M(X ′) = Y ′ and C(Y ′, Ygt) ≤ ε for some acceptable error ε). We then
introduce changes or as we will call from now on perturb X ′, to get X ′′. This
perturbation can range from imperceptible changes (such as tiny pixel modifica-
tions) to more conspicuous manipulations (like inserting visual artifacts, reorder-
ing words in text, or swapping commands in instructions), with the expectation
that the model’s output post perturbation should remain close to the original
M(X ′′) = M(X ′).

If the model’s predictions stay consistent despite these slight or irrelevant mod-
ifications, we gain confidence that its answers are not merely accidental products
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of superficial correlations; rather, such robustness hints at more intelligent reason-
ing. Conversely, if small perturbations result in catastrophically different outputs,
we expose vulnerabilities and biases that indicate a lack of genuine reasoning.

To further refine this framework, we introduce an optional reward mechanism
R that leverages the discrepancy between Y ′′ and Y ′ to guide the perturbation
process. The inclusion of R depends on whether the perturbation mechanism is
parameterized or non-parameterized. For non-parameterized perturbations, which
are applied heuristically or without systematic optimization, R may be omitted.
Conversely, parameterized mechanisms can benefit from R to iteratively adjust
perturbations based on feedback. The reward schema itself can range from a
simple binary signal indicating whether the outputs match (Y ′′ = Y ′) to more
complex formulations quantifying the degree of deviation. In this thesis, we will
explore both non-parameterized and parameterized approaches, highlighting their
respective advantages and limitations. By incorporating these dynamic method-
ologies, we aim to systematically evaluate and improve the model’s robustness and
reasoning capabilities under diverse scenarios.
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Figure 1.8: Illustration of adversarial testing for model robustness: A model M
processes the original input X to produce a response Y , which is compared with the
ground-truth label YGT using the performance criterion C. When C(Y, YGT ) ≤ ε,
label-preserving perturbations are introduced to generate an adversarial input X ′′

(i.e., the true class implied by YGT does not change). If the model’s adversarial
response Y ′′ matches Y , the model is deemed robust; otherwise, the discrepancy
reveals vulnerabilities. The result can then be reused as feedback, updating the
perturbation process through the reward mechanism R.
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Chapter 2

Testing Reasoning in the Visual Domain

Modern AI systems can appear capable of deep reasoning in tasks like Visual
Question Answering (VQA). Nevertheless, their “impressive” results often hinge on
shortcuts and biases reminiscent of the Clever Hans phenomenon. VQA aims to in-
tegrate computer vision and natural language understanding into a single pipeline,
and its tasks have evolved from early conceptual works [70] to larger datasets and
adversarial splits [6, 1]. However, questions persist about whether such models
comprehend visual scenes or exploit superficial cues. Recent efforts to make VQA
datasets more challenging (e.g., CLEVR [43]) have highlighted combinatorial rea-
soning—counting, relational structures, comparisons—to minimize trivial color or
frequency biases. Although some models now surpass human baselines [91, 85, 40],
slight modifications to a scene can still produce surprising failures.

We propose a novel black-box framework with white-box effectiveness to probe
this issue, leveraging the original graphics engine CLEVR was built with rather
than any learned generative model (e.g., VAE or diffusion). In this way, our
approach ensures scene manipulations remain in-distribution and semantically
plausible.

2.1 Proposed Two-Player Approach

We cast VQA as a zero-sum reinforcement learning game between two agents.
On one side is the Visual-QA Player —the model under test—which attempts to
accurately answer scene-based questions.

On the opposing side is an Adversarial Player , whose goal is to minimally re-
configure the scene to induce errors or inconsistencies in the Visual-QA Player ’s
responses. This agent operates under a strictly black-box setting—lacking access
to the model’s parameters or internal states—yet employs an actor-critic reinforce-
ment learning algorithm (A2C [75]) to uncover hidden vulnerabilities. Concretely,
it has two primary components: First, we have the Multi-Modal Module that en-
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codes the question and a structured scene representation - inspired by Relation
Networks [91], to capture object-object and object-question relationships. Then
the Decision Maker discretely shifts each object’s (x, y) coordinates (e.g., within
7 bins per axis), sampling from a learned policy to find manipulations most likely
to confuse the Visual-QA Player

Because the Adversarial Player sees only the model’s final outputs (i.e., “old
answers” vs. “new answers”), it must learn to trigger misclassifications without
gradient-based guidance. Two critical constraints that maintain realism are Ques-
tion Relevance, ensuring the ground-truth answer remains correct for humans, and
Semantic Plausibility, preventing extreme manipulations beyond physically plau-
sible object positions or scene layouts.

Rewards are structured to maximize Accuracy Drop (making a once-correct
answer wrong) or Consistency Drop (altering the model’s answer, even if it was
initially incorrect). In practice, these changes often appear imperceptible to human
observers, indicating that the manipulated scenes still make sense but exploit
fragile shortcuts in the Visual-QA Player’s reasoning.

Figure 2.1: Our game between two players: Adversarial Player and Visual-QA
Player . Adversarial Player uses a multi-modal module to extract features condi-
tioned on the visual and textual inputs. After transforming such features with a
feed-forward architecture, it samples an action using object-specific heads. Each
action corresponds to manipulating the corresponding object in the scene. In the
case of missing objects, we use an ∅ token. After alternating the original scene
graph, we use various environment enforcers to ensure validity of the constructed
scene. A valid scene graph is rendered and introduced to the Visual-QA Player
together with the original image. Finally, we collect responses of the Visual-QA
Player and calculate suitable rewards based on them, and we repeat the whole
cycle during the training phase.
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2.2 Experiments and Observations

We evaluated our framework on several “superhuman-performance” VQA mod-
els, ranging from architectures trained from scratch (e.g., FiLM[85], TbD[72]) to
state-of-the-art approaches (e.g., MDetr[47]) that achieve near-perfect accuracy
in controlled benchmarks. To compare adversarial strategies, we deployed two
variants of our Adversarial Player :

1. State-input, which processes structured scene graphs to semantically identify
objects and attributes,

2. Pixel-input operates directly on rendered images and relies on raw pixel
correlations.

Exposure of Hidden Biases and Shortcuts. Despite their reputations for
near-human or "superhuman" performance, all tested models proved highly sus-
ceptible to minimal scene manipulations. This is particularly significant because
CLEVR was widely considered a "solved" benchmark, with models like TbD [72]
and MDetr [47] achieving near-perfect accuracy (99.1% and 99.7% respectively)
on the original dataset. Notably, these accuracies substantially exceeded the hu-
man baseline of 92.6% reported in the original CLEVR paper, leading to claims
of superhuman visual reasoning capabilities. Our adversarial manipulations, how-
ever, dramatically exposed the fragility of these seemingly impressive results. The
performance drops were striking: FiLM’s [85] accuracy plummeted from 96.2%
to 48.0%, while RN [91] fell from 93.2% to just 47.0%, representing the largest
proportional drop among all models tested. Even the sophisticated module-based
approach of IEP [44] collapsed from 96.9% to 48.0%. TbD [72], despite being
custom-tailored to the task with explicit reasoning modules, still saw a significant
decline from 99.1% to 69.0%, and maintained the highest post-manipulation ac-
curacy. MDetr [47], despite achieving near-perfect 99.7% accuracy on the original
benchmark, dropped to merely 60.0% when faced with our semantically coherent
manipulations.

These substantial degradations in performance challenge the notion that these
models had genuinely "solved" visual reasoning tasks and invalidate claims of
superhuman performance, as all models fell significantly below the human base-
line under our controlled, semantically valid manipulations. Even tiny shifts in
object positions could derail previously correct answers, particularly for count-
ing or relational queries. This strongly supports the "Clever Hans" hypothesis:
models exploit superficial spatial patterns or color heuristics rather than learning
robust multi-step reasoning. By interacting at the level of scene semantics (via
the state-input variant), our Adversarial Player systematically uncovered biases
in how each model mapped question tokens to object features. For instance, if a
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model internally overweights a specific left-right positioning cue, moving a target
object slightly to the right often flips the answer—exposing a heavy reliance on
subtle positional correlations instead of truly understanding relational phrases like
"behind" or "to the left of."

Human Evaluations. We also conducted a human study where some of these
manipulated images and questions were presented to participants. Observers typ-
ically found no logical reason for the answer to change, indicating that the tweaks
targeted model-specific shortcuts rather than introducing genuine scene ambigu-
ity. This further underscores our main point: the model can be fooled by small,
semantically valid shifts that remain imperceptible from a human perspective.

State vs. Pixel Input and the Limits of Data-Driven Robustness. Our
experiments demonstrate that the state-input adversary consistently outperforms
the pixel-input adversary. Even intensive retraining on adversarially manipulated
scenes yielded only marginal gains in robustness, as newly devised manipulations
continued to degrade accuracy. When we gradually increased the fraction of ma-
nipulated training data from 0% to 100%, performance improvements quickly
plateaued—indicating that models never truly “cracked the code” of multi-hop
logic. Crucially, we found that the complexity of the reasoning tasks far out-
weighed the number or variety of scene manipulations seen during training. For
instance, the number of logical steps a query required (e.g., one-hop vs. two-hop
relational questions) often overshadowed how many adversarial perturbations a
model had encountered. These observations underscore the limitations of brute-
force data augmentation: simply expanding dataset coverage, even to an extreme,
cannot address fundamental reasoning deficits or fully guard against novel adver-
sarial manipulations. Instead, our findings suggest that robust performance hinges
on incorporating a diverse range of reasoning tasks into training. In particular,
models trained on datasets encompassing both simple, single-step questions and
more complex, multi-step reasoning achieved greater robustness with fewer exam-
ples than those relying on simpler datasets. This underscores the need to carefully
balance reasoning complexity in dataset design to foster better generalization.

Ultimately, our results confirm that covering the combinatorial space of all
possible scene manipulations is infeasible in practice, highlighting inherent data-
driven limitations. We propose a reasoning-aware training strategy—one that
integrates diverse reasoning tasks into dataset design and addresses the root causes
of adversarial failures by encouraging deeper reasoning capabilities. We believe this
approach is crucial for developing more robust and generalizable visual reasoning
systems.
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2.3 Conclusion

This chapter presented a two-player adversarial framework for systematically chal-
lenging VQA models’ visual reasoning. By casting CLEVR-based VQA as a zero-
sum game, we observed how near-perfect accuracy rates break down under subtle,
valid scene manipulations. Despite the synthetic domain, our results have impor-
tant implications for real-world applications—ranging from robotic manipulation
to safety-critical vision systems—where hidden biases can lead to catastrophic
errors once the environment deviates slightly from training conditions. The meth-
ods and observations here provide a glimpse into the challenge of achieving true
reasoning in AI.
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Chapter 3

Exposing and Mitigating Biases in Code Gen-
eration

Building on the theme of Chapter 2, where seemingly “superhuman” models fal-
tered under carefully structured test conditions, we now ask whether large language
models truly reason when generating code or rely on superficial cues. Previous
work on biases in large language models has primarily focused on social biases
originating from massive training corpora, including patterns that lead to stereo-
types or toxic outputs [110, 56]. Although interventions such as sanitizing examples
and introducing fairness constraints have shown promise [127, 61], these techniques
target a narrow range of issues. A broader class of cognitive biases poses addi-
tional challenges by introducing systematic reasoning errors that are less apparent
in casual analysis. Code generation offers an even more stringent test of language-
based reasoning in mathematical or textual tasks [69, 124]. Unlike standard text
completion, coding must conform to strict syntax and demonstrate functional cor-
rectness, often admitting multiple valid solutions. Its linguistic dimension also
interleaves with algorithmic thinking, making code generation a revealing bench-
mark for determining whether models are merely regurgitating patterns or truly
solving problems [36, 19].

However, little research has addressed the unique cognitive or reasoning biases
in code-specific tasks. Among this limited body of work, our research is one of
the first to approach the problem from a semantic perspective. Our main con-
tribution lies in manipulating semantic components while preserving logical task
equivalence, which allows us to distinguish between models that genuinely under-
stand algorithmic concepts and those that merely exploit statistical regularities
in their training data. This semantic-space examination reveals deeper insights
about model cognition that traditional benchmark evaluations and typical bias
studies cannot capture. To enable this investigation, we developed the "Blocks
of Influence" method, which systematically targets potential failure points in cod-
ing prompts—function names, keywords, and usage examples—and measures how
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each removal affects performance. This automated, black-box approach diagnoses
vulnerabilities in current code generation models and provides a framework for
mitigating these biases in future systems.

3.1 Blocks of Influence Approach

We partition each coding task into three parts, collectively referred to as Blocks
of Influence. Each block spotlights a different potential bias in code generation
models:

The first block is the Name Block, including the function signature and argu-
ment details. We hypothesize that models frequently memorize training snippets,
relying on function names or parameters as easy “shortcuts” to a solution. When
a model initially succeeds but fails if the function name is replaced with some-
thing irrelevant (e.g., "fun"), it implies that the model never genuinely grasped
the problem’s rationale. Instead, it relied on pre-existing matches from its training
corpus, pointing to a memorization effect rather than true understanding.

The second block, the Description Block, houses the textual instructions
or docstring. Removing or altering particular keywords (for instance, “reverse” or
“index”) tests whether models can infer the intended goal from surrounding text, or
if they break down without these lexical triggers, revealing an inherent preference
bias, wherein the model becomes overly dependent on specific tokens or frequently
co-occurring phrases seen during training.

Finally, the Example Block provides input-output demonstrations that clar-
ify usage or constraints. Usage examples often serve as a “tie-breaker” when mul-
tiple plausible solutions exist, guiding the model by demonstrating the correct
approach. Eliminating these examples reveals whether the model can handle the
logical or algorithmic aspects alone, or if it has simply latched onto patterns from
example input-output pairs.

Figure 3.1: The three blocks of influence: Name Block in red, Description Block
in green and Example Block in blue.

After splitting each prompt into these three parts, we apply transformations
designed to expose biases. In the Description Block, we begin by identifying rele-
vant keywords using a code-oriented, fine-tuned version of KeyBert [32], ensuring
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that only coding-relevant tokens are selected for removal. Next, a context-aware
filter preserves semantic coherence by discarding modifications that would render
the prompt unsolvable for a human (such as removing every mention of a list-based
structure, leaving no clue about data types). The transformations themselves in-
clude dropping one or all selected keywords, anonymizing function names in the
Name Block, or entirely removing the Example Block. After these manipulations,
we perform an LM critic test [119, 120] to gauge plausibility; if a transforma-
tion severely distorts the prompt (leading to a drastic log probability drop), it
is rejected. This sequence of analyses ensures that the tested disruptions remain
subtle, yet sufficiently revealing to challenge models that rely on superficial cues
rather than true reasoning.

3.2 Experiments and Observations

To assess how code generation models handle these manipulations, we performed
experiments on three standard benchmarks: HumanEval[35], MBPP [100], and
DMCC [53]. HumanEval and MBPP supply short function-based tasks, while
DMCC includes more extensive competition-style prompts.

We conducted our experiments on five models chosen to span different scales
and training paradigms. CodeParrot [106], being open-source and trained on pub-
licly inspectable data, offers unique insight into memorization effects. InCoder
[26] employs an infilling objective that enables more flexible handling of partial
contexts, while Bloom’s [74] large multilingual pretraining highlights its perfor-
mance in domains for which it was not explicitly fine-tuned. CodeGen [78], in
contrast, focuses specifically on Python tasks and is optimized for those scenarios.
Finally, Codex [60] stands out for achieving near-human or superhuman levels on
established coding benchmarks, making it a valuable point of comparison when
evaluating how these models react to adversarial manipulations.

Exposure of Biases and Memorization. Even minor modifications to the
Name or Description Blocks often produced 15–20% drops in performance. For in-
stance, removing keywords like “index” or “reverse” caused incorrect or incomplete
solutions, indicating reliance on lexical triggers rather than genuine task under-
standing. Changing function names alone revealed a strong memorization effect:
many successful solutions failed once identifiers diverged from known snippets.
Anonymizing a function name and keyword deletions cut accuracy by almost 20%,
respectively. Examples, too, proved crucial, and combining example removal with
name anonymization pushed drops to 25%. The most severe transformation proved
to be anonymization and removal of keywords, which resulted in a 40% decline,
exposing a pronounced preference for matching patterns in docstrings or examples
over constructing a logical solution. These results highlight a hierarchy in how the
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model parses prompts: when the Description Block is intact, the system attempts
to rely on explicit instructions, but once key tokens vanish, it falls back on function
names or examples. If those are diminished or concealed, the model’s ability to
reconstruct the underlying logic collapses. These findings underscore a reliance
on shortcuts and demonstrate that none of the blocks, on its own, is sufficient to
sustain robust reasoning in the face of even moderate adversarial transformations.

Robustness and Data-Driven Limits. After observing significant drops in
performance with our prompt manipulations, we investigated whether re-training
on these adversarially transformed samples might reduce model sensitivity to
new disruptions. We chose CodeParrot—available in three parameter configu-
rations—for an in-depth study, leveraging its open-source training corpus to track
memorization effects. The Blocks of Influence transformations were applied to
examples from the MBPP dataset to create an augmented fine-tuning set. At the
same time, HumanEval (which does not overlap with MBPP) served as the evalu-
ation set to avoid any direct exposure during training. Results showed moderate
gains against the previously seen manipulations, particularly for the largest Code-
Parrot variant, aligning with scaling laws that suggest bigger models internalize
a broader range of adversarial patterns. However, new or slightly altered manip-
ulations still caused significant failures, echoing the pattern we observed in other
large models like Bloom and Codex. Even with engineered adversarial examples,
simply expanding the training data proved insufficient to cover the combinatorial
space of function names, keywords, and example removals. Although adversar-
ial re-training improved resilience to known distortions, it did not immunize the
models to unseen variations, reinforcing the conclusion that deeper biases persist
beyond what incremental data augmentation can fully address.

Long-Context Fine-Tuning. In addition to augmenting MBPP, we also ex-
plored how extended, competition-grade prompts might reduce reliance on single
lexical items or function names. To this end, we fine-tuned models on the DMCC
dataset, which features more verbose problems. Bloom—originally a large mul-
tilingual model not specialized for coding—demonstrated partial resilience when
re-trained on DMCC: it handled keyword drops and name changes more gracefully,
suggesting that denser contexts can mitigate certain biases. However, simultane-
ous disruptions (e.g., anonymizing a function name and removing crucial keywords)
still caused failures, reaffirming that merely expanding context cannot guarantee
robust, context-aware logic. We also ran similar experiments on CodeParrot but
saw limited improvement, likely reflecting its narrower Python-centric training fo-
cus and smaller architecture. Altogether, these observations underscore that richer
data can help models contend with adversarial edits, yet deeper biases persist un-
less the training process explicitly targets multi-faceted reasoning obstacles.
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3.3 Conclusion

Studying code generation through the lens of Blocks of Influence highlights how
language models rely on narrow lexical or naming patterns to achieve superficially
high success rates. By selectively removing or changing function identifiers, key-
words, or examples, we exposed structural weaknesses: even “superhuman” models
break down without their favorite textual cues. Training on these manipulated
prompts yields partial resilience, yet reaffirms that brute-forcing data variations
cannot fully remedy logical deficiencies.

Compared to simpler math or language tasks, coding exemplifies a stricter do-
main where functional correctness and syntactic rules must align with conceptual
reasoning. However, the patterns mirror those in visual reasoning: small per-
turbations can subvert performance, showing how data-driven approaches alone
often fail to capture robust, context-aware logic. The parallels to previous chap-
ters are clear: whether in visual or textual domains, subtle manipulations reveal
a persistent reliance on shortcuts.

Beyond its diagnostic value, our "Blocks of Influence" framework is entirely
model-agnostic. Regardless of architecture or scale, it can be readily applied to any
current or future code generation system. This approach should become integral
to standard model evaluation protocols because it exposes critical weaknesses that
conventional benchmarks systematically overlook, preventing the premature de-
ployment of seemingly capable but fundamentally brittle systems. By establishing
semantic robustness as a core evaluation criterion alongside traditional accuracy
metrics, our framework bridges the significant gap between controlled benchmark
performance and real-world reliability—ultimately accelerating progress toward
code generation models that genuinely understand programming concepts rather
than exploiting statistical patterns.

Developing truly robust code generation likely requires approaches that inte-
grate deeper structural reasoning, as we will explore in subsequent chapters when
turning to multimodal and multi-agent solutions.
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from typing import List
def has_close_elements(numbers: List, threshold: float):

"Check if in the given list of numbers, are any two numbers closer to each other than given threshold."
Examples:
>>> has_close_elements([1.0, 2.0, 3.0], 0.5)
False
>>> has_close_elements([1.0,2.0,3.0,4.0,5.0,2.0], 0.3)
True
return any(abs(x-y) < threshold for x,y in zip(numbers, numbers[1:]))

from typing import List
def has_close_elements(numbers: List, threshold: float):

"Check if in the given list of numbers, are any two numbers closer to each other than given threshold."
for i in range(len(numbers) -1):

if abs(numbers[i] - numbers[i+1]) < threshold:
return True

return False

Figure 3.2: Example removal reveals poor reasoning (Codex): The model initially
exhibits signs of task comprehension (top), generating a correct solution. Remov-
ing the examples, however, reveals a lack of proper reasoning; Although the model
still understands that it has to compare numbers, it resorts to a naive sequential
check instead of comparing each available pair (bottom).

from typing import List
def string_xor(a:str, b:str) -> str:

"Input is two strings a and b consisting only of 1s and 0s. Perform binary XOR on these inputs and return the result as a string.
Examples:
>>> string_xor('010','110')
'100'
return ''.join([str(int(a,2) ^ int(b,2)) for a,b in zip(a,b)])

from typing import List
def string_xor(a:str, b:str) -> str:

"Input is a and b consisting only of 1s and 0s. Perform XOR on these inputs and return the result.
Examples:
>>> string_xor('010','110')
'100'
return ''.join([str(int(a) ^ int(b))])

Figure 3.3: Keyword hinting (Bloom 175B): After the removal of keywords, the
context remains intact: The two strings keyword can be assumed by observing the
function arguments, and the binary/string keywords by the examples and return
type signature of the function. Nevertheless, the model fails to generate a correct
solution (bottom).
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def pairs_sum_to_zero(l):
"Pairs_sum_to_zero takes a list of integers as input. It returns True if there are two distinct elements in the list that sum to zero,

and False otherwise."↪→
Examples:
>>> pairs_sum_to_zero([1,3,5,8])
False
>>> pairs_sum_to_zero([1,3,-2,1])
False
>>> pairs_sum_to_zero([2,4,-5,3,5,7])
True
for i in range(len(l)):

for j in range(i+1, len(l)):
if l[i] + l[j] == 0:

return True
return False

def func(l):
"Func takes a list of integers as input. It returns True if there are two distinct elements in the list that sum to zero, and False

otherwise."↪→
return any(sum(x) == 0 for x in l)

Figure 3.4: Anonymization + Keyword hinting (Incoder 6B): Using only the prob-
lem description, the model creates partially informed subparts (any derives from
"if there are", sum(x) == 0 from "sum to zero", and for x in l from "elements
in the list") that are not combined correctly to solve the task (bottom), signifying
that hints from the function name / examples were used in the correct solution
(top).
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Chapter 4

Vision meets Language in Geometric Agen-
tic Reasoning

Building on the insights from Chapters 2 and 3, where we uncovered critical biases
in visual question answering and code generation, we now turn to constructive
geometry : an even stricter test of reasoning that demands tool-driven planning,
spatial comprehension, and sophisticated linguistic cues. Although large language
models and their multimodal counterparts (Visual Language Models - VLMs)
[11, 79, 80, 4, 102] have made notable progress in mathematical tasks—whether
presented purely in symbolic form or aided by schematic diagrams—they continue
to struggle with geometry, a field widely viewed as foundational in human mathe-
matical thought.

The limited prior research in AI-driven geometry typically treats geometric
tasks as multiple-choice problems and depends on symbolic solvers linked to spe-
cialized domain-specific languages (DSLs) [94, 18, 125, 64]. By contrast, con-
structive geometry demands a more open-ended approach that unites stepwise
planning, spatial tracking, and textual reasoning with 2D visualization [66, 115].
The groundbreaking, parallel effort AlphaGeometry [104] tackles IMO-level prob-
lems using a DSL-based LLM coupled with a theorem-prover. Our work, however,
diverges by relying solely on open-ended LLMs and VLMs, foregoing the involve-
ment of any external solver. This shift amplifies complexities surrounding biases in
mathematical nomenclature, tool usage, and prompt design—subtleties that can
derail even state-of-the-art "visual" models when they translate raw spatial cues
into explicit construction procedures.

To meet these challenges, and inspired by the growing body of research on
agents, personas, and inter-agent communication [117, 17, 59, 129, 112], we pro-
pose a multi-agent framework that unifies our adversarial insights with geometry-
focused innovations. Although we anchor our results on the Euclidea benchmark
[24, 86], we also demonstrate strong generalization on other mathematical datasets
(e.g., GSM8K [22] and SVAMP [84]).
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Figure 4.1: Overview of multi-agent design. The geometry task is split into an
image, its textual instructions, and available tools. Four specialized agents engage
in a multi-round dialogue, collectively solving the construction.

4.1 Method

A multi-agent framework is introduced for constructive geometry, extending prior
chapters’ adversarial and modular insights to open-ended tasks that integrate tex-
tual instructions and visual cues. Typical geometry challenges face recurring pit-
falls: alphabetical naming of points can add unnecessary steps or produce incom-
plete solutions; incorrect or "hallucinated" operations confuse geometry tools with
other actions, and unstructured solution paths impede coherent multi-step reason-
ing. The proposed design counters these issues by organizing the reasoning process,
mitigating naming biases, and carefully orchestrating how LLMs and VLMs plan
each solution stage.
This framework is grounded in Euclidea, a puzzle environment featuring eight
dedicated tools (lines, circles, etc.) and a series of construction tasks that grow
progressively more complex. Unlike multiple-choice formulations, each Euclidea
problem demands a precise sequence of geometric actions, which can be validated
through a provided API. This open-ended format offers an ideal testbed for as-
sessing model correctness and resilience in unconstrained geometry scenarios.

Adaptive Few Shot Mechanism. Inspired by how humans refine their reason-
ing by revisiting prior experiences, we adopt a few-shot methodology that reuses
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the model’s solutions to reduce tool hallucinations and ground new challenges in
past successes. Rather than relying on static or random exemplars, our Adaptive-
Shot approach maintains a memory bank of previously solved Euclidea tasks,
from which a Sentence Transformer filters out irrelevant entries and ranks the rest
by similarity. Newly solved tasks are appended to this memory bank, allowing
the system to "learn" in a feedback-driven loop reminiscent of human problem-
solving. This dynamic process outperforms generic retrieval-augmented generation
by minimizing irrelevant prompting and substantially reducing hallucinated steps.

Figure 4.2: Adaptive prompting mechanism. For the problem “Construct a 30-
degree angle given a ray,” we filter the knowledge base for relevant examples. The
solver either adopts the top five (ST) or further narrows them (Self), leveraging
past demonstrations to improve performance.

Multi-Agent Role Specialization (Simulacra). Inspired by multi-agent sim-
ulation [54, 83], we decouple high-level reasoning from mechanical tool usage, hy-
pothesizing that domain-specific agents can reduce the naming biases and unstruc-
tured logic often seen in single-agent methods. Observing that LLMs can devise
geometric solutions in natural language but fail at translating them into strict tool
commands, we define distinct functional roles:

• Natural Language Solver (SNL): Produces high-level rationales, empha-
sizing the why and what of each construction step without delving into formal
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syntax.

• Geometric Tool Solver (SGT ): Interprets these language-based plans and
converts them into Euclidea tool commands, managing lines, circles, and
angle measures.

• Validators: Work in both the language and tool domains, comparing each
proposal against canonical references and known errors. They flag flawed
reasoning or incorrect steps, prompting revisions.

By restricting each agent’s scope, we ensure domain expertise and enable iterative
corrections. Ablation tests showed that single-agent solvers performed poorly, but
adding a language planner significantly improved accuracy. Introducing validators
further enhanced performance by providing continuous feedback and specialization,
reducing hallucinations and disorganized sequences.

Visual Relations Prompt (VRP). We additionally address scenarios involv-
ing 2D scene images. Despite LLMs being designed for linear, one-dimensional
text processing, they can effectively tackle two-dimensional geometric reasoning
when spatial information is appropriately translated into structured language rep-
resentations. While some VLMs, like GPT-4V, can parse images directly, they
may fail to integrate that visual recognition into coherent multi-step tool logic.
Our VRP module accomplishes this translation by disentangling spatial recogni-
tion from the problem-solving process. It uses a Vision-Language model to ana-
lyze the scene image and extract structured information about points, objects, and
their spatial relationships, outputting textual summaries of alignments, distances,
or overlapping elements. This structured representation is converted into precise
textual descriptions that leverage LLMs’ strong logical and symbolic reasoning ca-
pabilities. With this transformation, models can reason about geometric elements
using the same mechanisms they apply to abstract logical problems. The approach
is also flexible—non-visual LLMs benefit from these textual expansions as effec-
tively as multimodal ones—ultimately reducing hallucinations such as connecting
non-aligned points or introducing superfluous lines.

Naming Neutralization. Alphabetical labels can bias an LLM’s geometry so-
lutions, prompting extra steps or abrupt endings. Shifting the name by one or two
letters consistently degraded performance; conversely, replacing it with a neutral
placeholder (e.g., "X") preserved minimal-step solutions. For instance, labeling
a newly introduced point "E" after "A,B,C" often yields a redundant "D," while
"X" averts such detours. Removing alphabetical triggers keeps the solver’s focus
on core geometric logic rather than superficial naming heuristics. This strategy
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parallels anonymizing function identifiers in code generation and proves effective
at curtailing spurious behaviors.

4.2 Experiments and Observations

We conducted evaluations with a variety of LLMs, including LlamaV2 [103], Mis-
tral [42], its fine-tuned variant Zephyr [107], MetaMath [122], and commercial
systems like ChatGPT and GPT-4. We tested three configurations: a minimal
few-shot setup that supplied each model with five examples and basic tool notes,
a finetuning stage exposing open-source LLMs to classical geometry via Euclid’s
Elements, and our proposed multi-agent framework. Few-shot prompting pro-
vided only modest gains, failing to prevent hallucinations or frequent logical gaps.
Finetuning on Euclid’s Elements further bridged knowledge gaps, with MetaMath
distinctly outperforming other open-source models after absorbing axiomatic ge-
ometry concepts. The most substantial improvements emerged under our multi-
agent approach: not only did GPT-4 and ChatGPT doubled in performance but
also mid-range systems like MetaMath saw large boosts, highlighting the impor-

Figure 4.3: VRP extraction with GPT-4V. An auxiliary prompt contains the prob-
lem question and initial image; GPT-4V returns points, objects, and their rela-
tionships, which are then incorporated into the agents’ prompts.
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Figure 4.4: GPT-4 reasoning paths for “Find a point [Target] equidistant from A
and B.” Different labels (C, D, E, or X) result in 3-, 4-, or 5-step solutions, with
“X” reverting to a concise 3-step approach.

tance of structured multi-agent collaboration and targeted bias mitigation beyond
merely scaling parameters or adding classical data.
Beyond geometry, we tested whether the same multi-agent strategies and adaptive
prompts could be applied to GSM8K, SVAMP, and the geometry subset of MATH
by substituting Euclidea’s line/circle operations with arithmetic operators and a
Python interpreter. Our approach again neared state-of-the-art performance, re-
flecting the flexibility of role-based collaboration and adaptive few-shot retrieval.
Finally, a small user study on advanced Euclidea problems found that even adept
human participants averaged around 30% success, underscoring the intrinsic com-
plexity of open-ended constructive geometry.

4.3 Conclusion

Geometric reasoning weaves together spatial, symbolic, and procedural logic, re-
vealing vulnerabilities that often remain hidden in more conventional tasks. Our
multi-agent framework addresses these subtleties by assigning specialized roles,
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selectively reusing prior solutions, neutralizing naming biases, and enriching ge-
ometry prompts with textual expansions of visual cues.Although progress in con-
structive geometry remains uneven—models can still hallucinate excessive steps,
misjudge angles, or ignore simpler alternatives—we demonstrate that structured
role collaboration, adaptive few-shot retrieval, and neutral naming substantially
reduce such pitfalls.
Unlike specialized approaches such as AlphaGeometry [104], which are explicitly
designed for overspecialized tasks with narrow application domains, we deliberately
focused on enhancing the capabilities of general-purpose LLMs and VLMs. This
choice reflects our broader research philosophy: rather than pursuing state-of-the-
art performance on isolated benchmarks through specialized systems, we prioritize
understanding and improving fundamental reasoning capabilities that can oper-
ate across multiple domains. The effectiveness of this approach became evident
when we demonstrated that our framework extends beyond geometry. By simply
swapping out Euclidea’s geometric operations for algebraic functions or code-like
syntax, our multi-agent system yielded near state-of-the-art results on datasets
such as GSM8K, SVAMP, and MATH, reinforcing that our methods can suc-
cessfully enhance reasoning across diverse fields without requiring domain-specific
architectures
These findings connect directly with the overarching argument of this thesis: many
AI systems, though appearing robust on standard tests, fail when confronted with
tightly coupled multimodal constraints and complex domain-specific requirements.
Our careful dissection of geometry tasks shows how coordinated agent roles, feed-
back loops, and structured representations of spatial relationships can achieve a
more faithful approximation of human-like reasoning. The following chapter ex-
plores the broader implications of these strategies and their potential applications
to other domains where stepwise logic and cross-modal reasoning converge.
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Chapter 5

Conclusions and Future Directions

This dissertation has explored a range of strategies to enhance the reasoning
capabilities of AI systems, with a particular focus on visual reasoning, code
generation, and multimodal tasks. Over the course of this research, adversarial
black-box testing methods were employed, linguistic and visual biases were
examined, multi-agent collaboration was investigated, and new frameworks
and mitigation strategies were developed. A central theme of this work is the
identification of reasoning limitations in both large language models and visual
models, coupled with the design of innovative approaches to uncover and address
those limitations.

Looking ahead, several promising research directions emerge. One involves the
deeper integration of adversarial testing with large-scale pretraining, followed by
task-specific fine-tuning. This approach aligns with current LLM paradigms that
rely on broad, large-scale training, subsequently refined through domain-specific
prompting. Another avenue is the use of collaborative multi-agent frameworks,
in which specialized reasoning capabilities are distributed among multiple agents.
Such collaborative environments not only facilitate the solution of complex, multi-
step tasks but also reflect a broader focus in the AI community on coordination,
adaptability, and dynamic problem-solving.

Continual learning also represents a critical area for future work. Iteratively up-
dating models in response to new data and environments can significantly enhance
robustness and more closely mirror human learning. In addition, this continual
approach can gradually mitigate biases, particularly when paired with adversarial
testing techniques and domain-oriented fine-tuning strategies.
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5.1 Recent Developments Reinforcing These Con-
tributions

Soon after the compilation of the works that make up this dissertation, a series of
advances in AI research has underscored the importance of its central themes:

AI Reasoning Agents Several new architectures that address planning, tool use,
and complex reasoning have garnered attention. A recent survey [73] illustrates
how these agents achieve more intricate goals through enhanced reasoning and
planning.

Vision-Language Model Reasoning In the vision-language domain, innova-
tions aimed at mitigating biases and strengthening reasoning have progressed
substantially. For instance, LLaVA-CoT [118] introduces a vision-language model
tailored for systematic, multistage visual reasoning, while [52] proposes methods
to improve LLM-based visual reasoning in more complex scenarios.

Virtual Tokens for Thought Processes Recent work has also delved into
specialized tokens that facilitate internal deliberation in AI systems. Liao and
Vargas [57] present a technique to optimize attention mechanisms by extending
token computation in the chain-of-thought process, reflecting similar strategies
used by the tool-using agents in this dissertation. This method rectifies inefficient
attention distribution and enhances reasoning. Similarly, [55] discusses scaling up
inference-time computation by generating multiple reasoning paths and enlisting
domain-specific (mathematics and coding) LLMs as verifiers, thereby evaluating
and ranking outputs by correctness.

Taken together, these developments point to a growing emphasis on more trans-
parent, human-like “inner monologues” in AI, leading to greater coherence and
more extensive planning horizons.
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ABSTRACT

How can we measure the reasoning capabilities of intelligence systems? Visual
question answering provides a convenient framework for testing the model’s abil-
ities by interrogating the model through questions about the scene. However, de-
spite scores of various visual QA datasets and architectures, which sometimes
yield even a super-human performance, the question of whether those architec-
tures can actually reason remains open to debate. To answer this, we extend the
visual question answering framework and propose the following behavioral test in
the form of a two-player game. We consider black-box neural models of CLEVR.
These models are trained on a diagnostic dataset benchmarking reasoning. Next,
we train an adversarial player that re-configures the scene to fool the CLEVR
model. We show that CLEVR models, which otherwise could perform at a “hu-
man level”, can easily be fooled by our agent. Our results put in doubt whether
data-driven approaches can do reasoning without exploiting the numerous biases
that are often present in those datasets. Finally, we also propose a controlled ex-
periment measuring the efficiency of such models to learn and perform reasoning.

1 INTRODUCTION

Are our artificial intelligence systems capable of reasoning? Or like Clever Hans, they use var-
ious cues only tangentially related to the task and rely on rote memorization with poor general-
ization? (Pfungst, 1911; Johnson et al., 2017a) This work revisits such a question and proposes
an interactive framework with the communication channel between two players. The first player,
which reasoning capabilities we are about to test, performs visual reasoning tasks, we call it Visual-
QA Player. The second player, which we call the Adversarial Player, is manipulating the scene so
that it fools the first player even though those changes still lead to correct reasoning steps among hu-
mans. Both players interact with each other only through questions, answers and the visual scene as
shown in Figure 1. If the Adversarial Player manipulating the scene causes the Visual-QA Player to
change its answer even though the new scene is still valid for the same question and answer, it is then
the reasoning failure. It is similar to the following situation. Imagine a box is placed between two
spheres. If you ask a question, is there a box between two spheres?, the answer should be positive.
Now, if we move the box anywhere so it does not cross any of the spheres, and ask the same ques-
tion, the response should remain unchanged. In other words, we postulate that reasoning outputs of
agents need to be invariant under scene configurations that are consistent with the questions-answer
pairs. Moreover, in the spirit of generic adversarial attacks, we seek configurations that also pose
little if any reasoning challenges for humans.

We propose an automatic and agnostic pipeline to benchmark the reasoning capabilities of various
models, only assuming they can communicate by answering questions about the scene. Due to the
recent stream of research in vision-and-language (Zhang et al., 2021; Jiang et al., 2020; Guo et al.,
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2019b; Su et al., 2020; Wang et al., 2020; Kamath et al., 2021; Tan & Bansal, 2019; Chen et al.,
2020), we believe there will be an increasing number of vision models that operate through language.
Moreover, we also consider the visual question answering framework set-up as a two-player system
as an excellent benchmarking pipeline. We perform all tests by scene manipulations and observing
how a tested model behaves under such changes. The pipeline does not require any knowledge of the
internals of the tested model. It also does not manipulate the sensory information of such a model,
e.g., pixels in the images, and all the manipulations are physically meaningful. Even though our
current pipeline uses synthetic scenes as only those can easily be automatically manipulated, our
results have also real-world ramifications. If models are susceptible to semantically meaningless
changes1 in scene configurations, in a synthetic setting, there are valid concerns that real-world
robots could also be prone to manipulation of objects in a room. Finally, our work also questions the
possibility of training and benchmarking networks in a purely data-driven and offline, static manner.

Contributions. The main contributions of our work could be summarized in three points.

First, we propose a strong black-box adversarial test, which makes no assumptions about the under-
lying mechanics of a tested model, formulated as a game between two players. Our test does not
require any direct access to the tested model, even through its sensory information. In particular, it
does not require gradients, output probabilities, or any access to the perceived image. Our work also
deviates from bounded perturbations and instead focuses on global scene manipulations that are still
consistent with the task constraints, and can change the behavior of a tested model.
Second, we reformulate visual reasoning by integrating visual question answering with zero-sum
two-player game frameworks. Under our novel formulation, a visual and adversary agents compete
against each other through content manipulation. We believe that this is an initial step towards more
sophisticated frameworks that integrate computer vision with multi-agent systems.
Third, we explore the limits of the data-driven approaches in synthetic visual scenarios, and demon-
strate that current CLEVR models are lacking the efficiency to learn robust reasoning steps.

2 RELATED WORK

Our work touches upon various research directions, which we briefly describe here.
Visual QA. Introduced as a visual counter-part of the Turing Test (Malinowski & Fritz, 2014; Geman
et al., 2015), it became a computer vision task that requires a holistic visual understanding. Many
other works have extended the task to larger datasets or videos or adversarial train-test splits (An-
tol et al., 2015; Agrawal et al., 2018; Tapaswi et al., 2016; Yu et al., 2019). More recently, we
also observe the generalization of the task to become a part of the vision-plus-language suite of
benchmarks (Lu et al., 2019; Chen et al., 2019; Wang et al., 2021). Johnson et al. (2017a) have
introduced a synthetic variant of the Visual QA problem that is more focused on reasoning and the
control of the experimentation. Although it was shown that traditional methods (Yang et al., 2016)
are not enough to solve that dataset, newer methods can pass the human baseline on this task. These
methods are trained to operate on pixels and text directly (Santoro et al., 2017; Perez et al., 2018;
Hudson & Manning, 2018; Malinowski et al., 2018; Kamath et al., 2021) or they induce programs
as an intermediate representation (Johnson et al., 2017b; Mascharka et al., 2018; Yi et al., 2018).
Hudson & Manning (2019) have shown that Visual QA models lack some reasoning robustness but
their approach is mostly linguistic and still static. Some other works also observe issues with static
evaluation and proposed more dynamic benchmarks, e.g., with a human-in-the-loop (Khashabi et al.,
2021; Nie et al., 2020; Li et al., 2021; Sheng et al., 2021). We extend the line of research on Visual
QA by reformulating it as an interactive two-agents system, and show that CLEVR under such a new
setting is still an unsolved problem. Our work also differs from previous works in that it focuses on
visual reasoning, is interactive and fully automatic.
Adversarial perturbations. Szegedy et al. (2014); Goodfellow et al. (2015); Kurakin et al. (2016);
Carlini & Wagner (2016) have introduced early methods that can ‘fool’ networks by performing tiny,
visually imperceptible, perturbations of the input image. Moosavi-Dezfooli et al. (2017) have also
shown universal and untargeted adversarial perturbations that are more transferable than previous
approaches. Most methods perform white-box attacks, where an adversarial model has access to
the target model’s parameters or gradients. In black-box attacks such access is removed and, e.g.,
only output probabilities are available (Guo et al., 2019a). Other black-box attacks involve the use

1Changes that are consistent with the task constraints.
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of surrogates to estimate gradients of the real target (Papernot et al., 2017; Cheng et al., 2019) or
gradient-free methods (Alzantot et al., 2018). More related to our work, Cheng et al. (2018) describe
a black-box system, which only assumes access to outputs of the network. However, all the pertur-
bations described above are continuous-based where individual pixels are changed independently.
This leads to improbable images and assumes access to the sensory inputs of the neural network.
In contrary, semantic perturbations (Joshi et al., 2019; Zeng et al., 2019), operate on semantically
meaningful chunks of the input, leading to more plausible and physically interpretable perturbations.
However, they still assume direct access to either images or ideally differentiable renderers. We can
interpret our work within the adversarial perturbations framework, where the adversarial model can
change the original scene by its manipulations, with zero access to the target model, including its
sensory information and not limited to tiny changes but instead to semantically and globally mean-
ingless modifications.
Reinforcement learning. The game between the Visual-QA Player and Adversarial Player is a
zero-sum two-player game. Conneau et al. (2017) use a conceptually similar two-player game to
find a better word alignment between two languages without parallel corpus. Inspired by such a
problem formulation, we consider our two-player game as a tool to achieve better reasoning models.
We optimize the Adversarial Player with Advantage Actor-Critic (A2C) algorithm (Sutton & Barto,
2018; Degris et al., 2012).
Probing and measuring intelligence. Turing Test (Turing, 2009) is considered to be among the ear-
liest works on measuring the intelligence of artificial systems. Crucially to us, it is also formulated
as a two-player game with an interrogation protocol. Legg (2008) systematizes and relates the no-
tion of intelligence from different fields with the main focus on ‘universality’. Johnson et al. (2017a)
have transferred the notion of intelligence onto the visual ground and emphasized reasoning rather
than universality. It seems there is no widely accepted dataset or definition that encompasses our
intuitions about intelligence. However, there are a few recent directions showing the lack thereof,
mainly highlighting bias amplification or absence of mathematical capabilities (Hendricks et al.,
2018; Bhardwaj et al., 2021; Piekos et al., 2021).

3 PRELIMINARIES

In this section, we explain briefly how the CLEVR dataset (Johnson et al., 2017a) is constructed and
introduce our notation and definitions.
CLEVR is a synthetic visual question answering dataset introduced by Johnson et al. (2017a), which
consists of about 700k training and 150k validation image-question-answer triplets. Images are ar-
tificially constructed and rendered from scene graphs – a special structure containing information
about object attributes such as position or color. Such a scene graph is also used to synthesize
the ground-truth question-answer pairs by expanding templates according to the depth-first-search
ordering. Ambiguous scenes are rejected. Each image represents an isometric view of the scene
containing from two to ten objects. There are three classes of objects, spheres, cubes and cylinders.
Each object can also be either large or small and has one color out of four (brown, purple, cyan,
yellow). It can also be either metallic or rubber-made. Every object has x and y coordinates that are
confined within the (−3,+3) range. We use the same generation process to render modified scenes.
CLEVR models. Various models have been introduced to work with the CLEVR dataset, some even
‘solving’ the dataset by achieving near perfect performance. Despite the strong offline performance,
we test if those models’ performance perpetuates in the more interactive setting where configu-
rations of the scene could be changed. Whenever possible, we use pre-trained CLEVR models.
Otherwise, we train the remaining models from scratch by making sure we achieve results similar
to published accuracy numbers on the validation set. We summarize all the models in Table 1. We
show the accuracy on the CLEVR dataset (Accuracy), indicate if an architecture is trained from
scratch (Re-trained), briefly describe how multi-modal fusion and reasoning is conducted (Reason-
ing Mechanism), and indicate any extra privileged information required during the training process
(Extra). For instance, some models require extra access to functional programs used during the
dataset generation, use scene graphs as a supervisory signal (states), or always operate on scene
graphs (input-states). Otherwise, the models were trained only from image-question-answer triples.
Mini-games. We formulate our problem as a Game between two players, Visual-QA Player and
Adversarial Player. The Visual-QA Player takes as input question-image pairs and provide an-
swers to such questions. Some models use states (scene-graphs) that replace images or require
programs (Johnson et al., 2017a). The whole game consists of all CLEVR data points. For our

3



Published as a conference paper at ICLR 2022

purpose, we extend the notion of the Game into Mini-games. The rules of Mini-games are identical
to the whole Game. The only difference is that each Mini-game operates on a subset of the CLEVR
dataset. We define the size of a Mini-game by the number of datapoints that are attached to that Mini-
game. We sample data points for each Mini-game randomly and mutually exclusively. Mini-games
have analogies in the adversarial perturbations literature. Mini-games of size one resemble per-
image adversarial perturbations (Goodfellow et al., 2015; Moosavi-Dezfooli et al., 2016) whereas a
Mini-game that has all data pointsis similar to universal adversarial perturbations (Moosavi-Dezfooli
et al., 2017). In this work, we investigate various Mini-game sizes but due to the sheer scale we were
unable to use the whole game as the Mini-game. Larger Mini-games make the optimization process
more difficult as the domain where the Adversarial Player needs to operate increases. The training
is also much more time-consuming and a sequential process. Instead, we can train multiple players
on different Mini-games independently and thus massively. We leave the arduous training of the
universal Adversarial Player on the whole Game as a possible future direction.

Table 1: CLEVR models that we use as Visual-QA Players.

Model Name Accuracy Re-trained Reasoning Mechanism Extra Data

SAN (Yang et al., 2016) 72.1 Attention
FiLM (Perez et al., 2018) 96.2 ✓ Feature Conditioning
RN (Santoro et al., 2017) 93.2 ✓ Relational
IEP (Johnson et al., 2017b) 96.9 Neural Program Induction Programs
TbD (Mascharka et al., 2018) 99.1 Neural Program Induction Programs
Mdetr (Kamath et al., 2021) 99.7 Multimodal Transformer Querying States
State-Input Transformer (ours) 96.8 ✓ Cross Attention Input-States

4 ENVIRONMENT

We need to ensure that Adversarial Players create valid scenes that are consistent and in-distribution.
Both properties are guaranteed by our environment enforcers.
Consistency. Since scene manipulation may change the answer for a given question, we need to
ensure this does not happen. That is, the new scene is still consistent with the question-answer pair.
The question-relevance enforcer achieves that by running functional programs associated with each
question (Johnson et al., 2017a) on the modified scene-graph. Hence, it gets the new ground-truth
answer. The enforcer rejects the new scene if that new answer differs from the previous one. In
this way, it guarantees the newly generated scenes give the same answers as the original scenes on
the same question. Thus, we can generate equivalent scenes containing the same objects that have
identical answers for the same questions. Using that enforcer, we can test if the Visual-QA Player’s
answers are invariant under such an equivalent class of scenes.
In-distribution. Even with the question-relevance enforcer, the Adversarial Player may still pro-
duce undesired outputs. For instance, it can stretch the whole scene thus violating the scene bound-
aries from the original CLEVR dataset, making, e.g., everything to look very small (Section A.9 in
the appendix). Although it is still an interesting form of adversarial scene manipulation, we focus
rather on the in-distribution scene manipulations that respect the original boundaries. To enforce
that property, we use a scene-constraint enforcer that checks the boundaries of the scene. Without
that enforcer, the Adversarial Player would quickly resort to stretching the whole scenes, achieving
a form of adversarial attack that uses distribution shifts rather than content manipulation. It does so,
e.g., by moving the camera away until objects are barely visible. We give a few such examples in
the appendix (Section A.9).

5 Adversarial Player

Meaningful scene manipulations require not only generic scene understanding, but also the ability to
distinguish which objects to displace and how. Hence, the player is a composition of a multi-modal
module, which creates input representation, and a decision maker, which decides how to control the
scene. Figure 1 illustrates the Adversarial Player and the game between both players.
Multi-modal module. We have experimented with the same multi-modal modules as those in Ta-
ble 1, but found out we have a better performance and the convergence rate if the Adversarial Player
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operates on the scene-graphs (states) instead of pixels. For that, we use state-input variant of Re-
lation Networks (Santoro et al., 2017). The model receives as the input 10 ∗ 6 object tokens, and
question tokens. Every object token represents one-out-of-ten possible objects in the scene by its
attributes such as position, color, shape, material and size. If the scene has fewer than ten objects, we
use ∅ token to indicate that, which also acts as a padding. We also have special tokens that separate
questions from the objects which we add as a latent embedding, e.g., emb(material) + emb(object).
Such an input encoding is similar to our State-Input Transformer and described in Section A.3. The
embedded vectors are given to the Relation Network (RN). Finally, we train that network on the
CLEVR visual question answering task, where we achieve 97.6% on the validation set, and use the
representation just after the last relational layer for the decision maker.
Decision maker. Inspired by the work on reinforcement learning (Mnih et al., 2016; Wu et al., 2017;
Lillicrap et al., 2016; Wang et al., 2016; Schulman et al., 2015), we use an actor-critic module that
acts on scenes. The actor is a general-purpose fully connected layer with ten object-specific heads.
Each head is randomly assigned to a unique object in the scene for its manipulation. Every head pro-
duces a displacement in x and y coordinates of the corresponding object. Although we have initially
experimented with the continuous output space, we have found out the following simple strategy is
more effective. First, we discretize all the x and y coordinates into N bins each. Now, each head
produces two N -dimensional vectors that are next projected into a probabilistic space via softmax.
Next, we sample displacements in x and y axis independently from both softmax distributions. Note
that, even though we do not model the joint distribution explicitly due to computational reasons,
both samples condition on the common head and thus are only conditionally independent of each
other. We discretize the scene where each axis has values in [−3, 3] onto N = 7 bins per axis. Our
critic is a simple three layer feed-forward network (with relu as activations) that predicts a reward
score between −1 and +1 via tanh activation (1.2 ∗ tanh for better numerical properties).
The game of scene manipulations. Due to our formulation of Adversarial Player and the envi-
ronment, we can benchmark various reasoning models purely in the black-box setting via a series
of questions about the scene. Adversarial Player manipulates the scene so that it is still consistent
with the question-answer pair. The manipulations are applied to scene-graphs, and the resulting
scene-graph is evaluated by the environment enforcers described in Section 4. Invalid scenes are
thus discarded. In this way, we ensure the in-distribution and consistency in the scene generation.
Original image-question pairs are fed to a Visual-QA Player that produces corresponding answers.
We refer to that answers as old answers. After the scene manipulation, new images paired with the
same questions are also given to the Visual-QA Player that produces new answers. We construct
rewards based on old answers, new answers and ground-truth answers.

If the Adversarial Player forces the Visual-QA Player to change the answer, i.e., an old answer is
different than a new answer, it gets Consistency Drop Reward (cr). If an old answer is the ground-
truth answer, it gets instead Accuracy Drop Reward (dr). Both rewards differentiate between simply
confusing the model and causing a drop in its performance. If Adversarial Player produces an

Figure 1: Our game between two players: Adversarial Player and Visual-QA Player. Adversarial Player
uses a multi-modal module to extract features conditioned on the visual and textual inputs. After transforming
such features with a feed-forward architecture, it samples an action using object-specific heads. Each action
corresponds to manipulating the corresponding object in the scene. In the case of missing objects, we use an
∅ token. After alternating the original scene graph, we use various environment enforcers to ensure validity of
the constructed scene. A valid scene graph is rendered and introduced to the Visual-QA Player together with
the original image. Finally, we collect responses of the Visual-QA Player and calculate suitable rewards based
on them, and we repeat the whole cycle during the training phase.
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invalid scene it gets Invalid Scene Reward (isr). This reward encourages producing scenes that pass
the environment enforcers tests. Finally, if Adversarial Player does not manage to fool the model,
it gets Fail Reward (fr). We use the following values: dr= 1, cr= 0.1, fr = −0.1, isr = −0.8.
Training algorithm. To train Adversarial Player we use the A2C algorithm with the episode length
set to one as we do not need to model long-range consequences of the decision-making mechanism.
Batches contain images, question, answers, programs and scene-graphs. We train the Adversarial
Player for each Mini-game independently using the same architecture. We experiment with the
following Mini-game sizes 10, 100, 1000. All Mini-games are constructed randomly. Under our
discretization scheme, the action space is Nk where N is the number of bins and k is the number of
objects in the scene. In practice, it is up to 4910.

6 EXPERIMENTS

We consider Adversarial Player with a multi-modal module pre-trained either on states (state-input)
or directly from pixels (pixel-input). We train Adversarial Player for each Mini-game independently.
We use different Mini-game sizes in our experiments: 10, 100 and 1000. To obtain statistically sig-
nificant results, we run each Mini-game thirty times with randomly initialized Adversarial Players,
each with different seed per trial. We report the results that are averaged over all those runs. We
compute two metrics for each Mini-game. Consistency refers to the fraction of times Adversarial
Player has changed the Visual-QA Player’s answer, regardless if that answer was correct. Drop
refers to the fraction of times Adversarial Player has changed the correct Visual-QA Player’s an-
swer. We aggregate the results using two statistics. Average Accuracy averages accuracies over
all Mini-games. Maximal Accuracy refers to the worst (best) case of a single Mini-game from the
Visual-QA Player’s (Adversarial Player’s) perspective. We also computed p-values of T-Test, with
the null hypothesis that a manipulation is unsuccessful. In almost all cases we reject the null hy-
pothesis with small p-values. The p-values are available in the appendix (Section A.11).
Quantitative results. We show our results in Table 2 for the state-input and pixel-input Adver-
sarial Players, and for each Visual-QA Player presented in Table 1. All the Visual-QA Players in
the comparison are trained from pixels, apart form our custom State-Input Transformer architecture
(Section A.3 in the appendix). When comparing both Adversarial Players, we can observe that the
state-input Adversarial Player is significantly more successful than the pixel-input one. We hypoth-
esize that this is the effect of having more structured and less ambiguous input information. It could
also be the case that multi-modal modules trained from pixels ignore features in the same way and
hence smaller discrepancy between all models operating on pixels. Moreover, as the size of Mini-
games increases, it is becoming more difficult for the Adversarial Player to successfully manipulate
the model on all examples from the Mini-game. This is an expected behavior resembling standard
adversarial perturbations (Goodfellow et al., 2015) and their universal variants (Moosavi-Dezfooli
et al., 2017). The highest performing CLEVR models, TbD and MDetr, are the most robust under
the manipulation. However, they are still susceptible to the scene manipulations in some Mini-games
as the Maximal Consistency metric indicates, especially if our Adversarial Player uses states as the
input. Section A.8 (appendix) also shows richer performance statistics. Our detailed investigation
shows that the models above are particularly sensitive to manipulations of scenes associated with
counting or existence questions. Such question are often more complex, hence, increasing the like-
lihood of the reasoning failure at some stage (Section A.6 in the appendix).
Qualitative results. Figure 3 shows qualitative results of the scene manipulations for the three high-
est performing and distinctive models from Table 1; e.g., simple feed-forward or program induction
models. For the reader’s convenience, we provide in Section A.2 (appendix) examples of CLEVR
object attributes. We can observe that the scene manipulations are surprisingly minimal and are
semantically meaningless, i.e., they should not ‘fool’ human players.
Reasoning steps and visual cues. To better understand the source of errors (reasoning steps vs
visual cues), we have conducted the following experiments. In the first experiment, shown in Sec-
tion B.4 (appendix), we visualize the attention mechanisms of Visual-QA Players before and after
the scene manipulations. We observe changes in the attention map of all models but MDetr. The
results suggest, most models’s perception is impacted by the manipulations. However, all objects are
still correctly identified by MDetr, thus suggesting some issues are also stemming from the reason-
ing steps. In the second experiment, we deployed Slot-attention object detector (Locatello, 2020),
and show that the detector identifies the same properties before and after manipulations. This re-
sult (Section B.6; appendix) shows that Adversarial Player does not produce ‘corner cases’ of the
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Table 2: Results of the games: Model dataset performance refers to models’ accuracy on the CLEVR
dataset. Model Mini-game performance refers to the model accuracy on the Mini-game examples
where the largest (maximal) performance drop was detected, before manipulations took effect. The
Average Accuracy column reports the performance of models averaged over all runs of the respec-
tive Mini-game sizes. Maximal Accuracy reports the worst model performance among the respec-
tive Mini-game size runs. We also report in brackets the relative performance drop, in percentages
X−Y
X %. Average Accuracy is compared against Model dataset performance (X = Model dataset

performance / Y = State/Pixel-Input). Maximal Accuracy is compared against Model Mini-game
performance (X = Model Mini-game performance, Y = State/Pixel-Input). Note that in the case of
state-input and pixel-input Adversarial Player the worst Mini-game might not come from the same
Mini-game instance.

Average Accuracy Maximal Accuracy

Model
Mini-
game
size

Model
dataset
performance

State-Input Pixel-Input Model
Mini-game
performance

State-Input Pixel-Input

SAN 10 61.8 (-14.2%) 63.8 (-11.4%) 80.0 / 80.0 28.0 (-65.0%) 43.0 (-46.2%)
100 72.1 66.1 (-8.3%) 69.2 (-3.9%) 74.0 / 75.0 47.6 (-35.6%) 66.3 (-11.5%)
1000 70.2 (-2.5%) 71.0 (-1.4%) 72.3 / 72.3 68.4 (-5.3%) 70.8 (-1.9%)

FiLM 10 83.9 (-12.7%) 93.6 (-2.6%) 100.0 / 100.0 48.0 (-52.0%) 86.0 (-14.0%)
100 96.2 89.1 (-7.3%) 94.8 (-1.4%) 98.0 / 100.0 75.6 (-22.8%) 92.4 (-7.5%)
1000 93.8 (-2.4%) 95.8 (-0.4%) 96.4 / 96.1 90.8 (-5.7%) 94.7 (-1.4%)

RN 10 80.5 (-13.6%) 86.4 (-7.2%) 100.0 / 100.0 47.0 (-53.0%) 74.0 (-26.0%)
100 93.2 85.5 (-8.2%) 90.8 (-2.5%) 94.0 / 95.0 63.2 (-32.6%) 87.4 (-7.9%)
1000 90.5 (-2.8%) 91.6 (-1.7%) 93.1 / 93.3 90.0 (-3.2%) 91.0 (-2.4%)

IEP 10 84.3 (-13.0%) 94.4 (-2.5%) 100.0 / 100.0 48.0 (-52.0%) 87.0 (-13.0%)
100 96.9 90.3 (-6.8%) 95.6 (-1.3%) 98.0 / 96.0 74.4 (-24.0%) 93.5 (-2.6%)
1000 94.1 (-2.8%) 96.6 (-0.3%) 97.1 / 97.3 93.9 (-3.2%) 95.7 (-1.6%)

TbD 10 94.0 (-5.1%) 99.1 (-0.0%) 100.0 / 100.0 69.0 (-31.0%) 99.0 (-1.0%)
100 99.1 96.6 (-2.5%) 98.7 (-0.4%) 100.0 / 100.0 91.1 (-8.8%) 98.0 (-2.0%)
1000 98.0 (-1.1%) 99.0 (-0.1%) 99.4 / 99.7 95.5 (-3.9%) 98.8 (-0.9%)

Mdetr 10 93.7 (-6.0%) 99.7 (-0.0%) 100.0 / 100.0 60.0 (-40.0%) 99.0 (-1.0%)
100 99.7 96.1 (-3.6%) 98.6 (-1.1%) 100.0 / 100.0 86.4 (-13.5%) 97.8 (-2.2%)
1000 98.5 (-1.2%) 99.4 (-0.3%) 99.5 / 100.0 94.5 (-5.0%) 99.1 (-0.9%)

State 10 89.3 (-7.7%) 96.0 (-0.8%) 100.0 / 100.0 77.0 (-23.0%) 91.0 (-9.0%)
Input 100 96.8 94.7 (-2.1%) 96.1 (-0.7%) 97.0 / 99.0 92.6 (-4.5%) 95.0 (-3.9%)
Transf. 1000 95.7 (-1.1%) 96.5 (-0.3%) 97.2 / 96.4 95.1 (-2.1%) 95.8 (-0.5%)

perceptual system. We also have similar conclusions based on our small-scale human experiment
(Section B.5; appendix).
Adversarial training. We have adapted a widely used adversarial training schema (Goodfellow
et al., 2018), and included manipulated scenes in the training protocol of a Visual-QA Player. We
use pixel-input RN (Santoro et al., 2017) as the Visual-QA Player. Using this method, we have
obtained only marginal improvements in robustness at the cost of a slight performance degradation
on the original CLEVR dataset.
Limitations of data-driven reasoning models. Due to the data-driven nature of our Visual-QA
Players, we pose the following question, How many examples of Adversarial Player manipulations
would be enough for a visual reasoning model to train on, in order for it to be robust against any
unseen ones? Intuitively, if the network has enough capacity, and was trained on all possible data
points (or its manipulations), it could rely on a look-up strategy to solve the problem accurately.
We propose the following experiment to address such a question. We created a series of datasets as
follows. We treat a scene as a discrete 7 × 7 grid (manipulations are restricted only to this grid).
Thus each dataset contains 492 = 2401, 493 = 117649, 494 = 5764801 scene combinations, cov-
ering all possible scene manipulations with two, three, and four objects respectively. In the case of
four objects, due to computational reasons, we keep a single object stationary (thus it also has 493
scene manipulations). The set of questions associated with each image dataset requires the model
to perform either one reasoning step (Onehop), two reasoning steps (Twohop) or are a mixture of
both (Mixhop). We use RN, FiLM and TbD as Visual-QA Players. We train them on X% data and
next evaluate on (100−X)% remaining, unseen data. We have conducted ten trials by forming X%
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training data randomly. We notice that the behavior of all tested models is similar so we report a
joint average. Results are presented in Figure 2. As the number of objects and diversity of question
increases, so does the amount of training examples needed in order to achieve robustness.

Figure 2: Data-driven limitation experiment: Unseen perturbation accuracy depends heavily on the number
and complexity of introduced questions, followed by the number of objects in the dataset examples/scenes. A
model could be considered robust when achieving close to 100% test accuracy.

7 CONCLUSIONS

We present a novel approach to isolate and benchmark the reasoning capabilities of visual models by
formulating a game between two players. Both players are independent and can only communicate
through a common interface, an environment and question-answer pairs. One player, named Adver-
sarial Player, is trying to manipulate the environment so that the second player, named Visual-QA
Player, can’t answer the given question anymore. We show that popular models with solid results
on CLEVR are susceptible to scene manipulations, and their performance may degrade significantly.
Moreover, we also conducted a controlled study on the generalization capabilities of such models.
We did so by creating synthetic and simplified datasets of all possible scene manipulations. We
show that the existing models are susceptible to reasoning gaps and require extra data, proportional
to their task complexity in order to generalize to all possible configurations. One possible direction
to increase efficiency could be the use of stronger inductive biases. Another to change the training
paradigm into a more interactive one. However, the environment is synthetic, and it could be that
learning from real-world and multi-modal data is somewhat more efficient. Finally, we believe that
melding two-player games with the visual question answering framework is both natural and bene-
ficial for testing the reasoning capabilities and potentially can also be generalized to other settings.
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Figure 3: Manipulations of CLEVR models. We show results before and after scene manipulations.
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A APPENDIX

A.1 URLS OF CLEVR MODELS

Table 3 shows the URLs to models used in our investigations (also Table 1 in the main paper). We
also report if we re-trained a model from scratch (type Architecture) or used already trained models
(type Model). Please note that the latter type proves that our testing procedure is fully black-box.

Model Name Link Type

SAN (Yang et al., 2016) https://github.com/facebookresearch/clevr-iep Model
IEP (Johnson et al., 2017b) https://github.com/facebookresearch/clevr-iep Model
FiLM (Perez et al., 2018) https://github.com/ethanjperez/film Architecture
RN (Santoro et al., 2017) https://github.com/mesnico/RelationNetworks-CLEVR Architecture
TbD (Mascharka et al., 2018) https://github.com/davidmascharka/tbd-nets Model
Mdetr (Kamath et al., 2021) https://github.com/ashkamath/mdetr Model

Table 3: URLs to Models. Architecture denotes that we use the code but re-trained the model on
CLEVR. Model refers to already trained models.

A.2 OBJECT CATEGORIES

Figure 4 shows a made-up image that contains all available CLEVR object categories: shapes, sizes,
and materials. Small objects are rendered at approximately 40% of the size of their large counter-
parts. Metallic materials can be identified by the high albedo property and ‘shininess’ of the object.
We provide it as the reference point for a reader to make it easier to compare our qualitative results.

Figure 4: Object categories in the CLEVR dataset.
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A.3 STATE-INPUT TRANSFORMER

To test our two-player game against a state-input Visual-QA Player, we have designed a transformer-
based architecture (Vaswani et al., 2017) that receives six types of input features – object sizes,
object shapes, object materials, object colors, object positions, and question tokens – and uses a
cross-modal attention mechanism. In that mechanism, queries from one modality attend to keys
and values from the other modality. Each data point contains variable-length inputs, describing all
objects in the scene. It also contains question tokens that compose the question itself. Hence, we
do padding with a special token ∅ to the maximal input length. We set the maximal length for the
objects tokens to be 10∗6 = 60 and 50 for the question tokens. All in all, we have 110 input tokens.
Each token type is projected into a different embedding space and a learnable type embedding is
added to it, separately for object and question tokens. For instance, emb(material) + emb(object).
Furthermore, three special learnable embeddings are used as an additional input. We use them
as queries to reduce the overall computational costs of the cross-attention mechanism. The same
mechanism is also used in Perceiver (Jaegle et al., 2021). The input tokens (concatenated object
and question tokens) form keys and values. In every transformer block, we apply cross-attention
between all input embeddings and those three special tokens. This is repeated five times. As the
final block, a feed-forward network (classifier) receives as inputs the three latent tokens and outputs
answer probabilities. We show that architecture in Figure 5.

Figure 5: Our State-Input Transformer that operates on the graph scene (states).

A.4 MANIPULATIONS OF State-Input Visual-QA Player

Figures 6 and 7 show manipulations of Visual-QA Player that is trained to take states instead of
pixels as the input. Such a state-input Visual-QA Player receives a direct overview of the scene,
bypassing any need for any image renderings. We use State-Input Transformer (Section A.3) as the
multi-modal component of that player. Since such a model gets the perfect visual information as the
input, it makes it more robust under scene manipulations. As a consequence, our Adversarial Player
tends to manipulate the scene so that objects are placed closely together.
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Figure 6: Qualitative results on state-input Visual-QA Player. For each example, a top-down view of the scene
is presented. The eye at the bottom right of each view represents the rendering camera. It corresponds to the
Visual-QA Player’s viewpoint. Each scene is also rendered and presented side-by-side for comparison.
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How many other things are both behind the purple rubber sphere
and to the right of the gray cylinder?
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Figure 7: Qualitative results on state-input Visual-QA Player. For each example, a top-down view of the scene
is presented. The eye at the bottom right of each view represents the rendering camera. It corresponds to the
Visual-QA Player’s viewpoint. Each scene is also rendered and presented side-by-side for comparison.
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A.5 ALGORITHMS

We show pseudo-algorithms that we use to (Algorithm 1) calculate rewards, (Algorithm 2) train
Adversarial Player, (Algorithm 3) and play a game.

Algorithm 1 Calculate Rewards

1: new answer : Answer produced by Visual Agent on perturbed image
2: old answer : Answer produced by Visual Agent on original image
3: gt answer : Ground Truth Answer
4: dr : Drop Reward
5: cr : Consistency Reward
6: fr : Fail Reward
7: reward← 0
8: if new answer ̸= old answer then
9: if old answer ̸= gt answer then

10: reward = reward+ cr
11: else
12: reward = reward+ dr
13: end if
14: else
15: reward = reward+ fr
16: end if
17: return reward

Algorithm 2 Training Pipeline

1: M : Minigames
2: V a : Visual Agent, Fe : Feature Extractor
3: A : Actor, C : Critic
4: Qre : Question Relevance Enforcer, Sce : Scene Constraint Enforcer
5: for batch in M do
6: rewards, state values, logprobs← DataGame(M,V a, Fe,A,C,Qre, Sce)
7: n← |rewards|
8: advantage← rewards− state values
9: ploss← −logprobs× advantage

10: vloss← (state values− stop grad(rewards))2/n
11: loss← ploss+ vloss
12: backprop(loss,A,C)
13: end for
14: return
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Algorithm 3 Game between players (Game)

1: M : Mini-game
2: PVQA : Visual Agent, Sk : Multi-modal Backbone
3: A : Actor, C : Critic
4: Qre : Question Relevance Enforcer, Sce : Scene Constraint Enforcer
5: isr : Invalid Scene Reward
6: for batch in M do
7: rewards← {}
8: state values← {}
9: logprobs← {}

10: for (image, scene, question, program, gt answer) in batch do
11: old answer ← PVQA(image, question)
12: extracted features← Sk(scene, question)
13: dx probs, dy probs← A(extracted features)
14: CatX ← Categorical(dx probs)
15: CatY ← Categorical(dy probs)
16: state value← C(extracted features)
17: dx← sample CatX
18: dy ← sample CatY
19: new scene← Perturbate(scene, dx, dy)
20: check scene← Sce(new scene)
21: check question← Qre(new scene, program, gt answer)
22: if check scene ∧ check question = True then
23: new image← Render(new scene)
24: new answer ← PVQA(new image, question)
25: rewards← rewards ||CalcRewards(new answer, old answer, gt answer)
26: else
27: rewards← rewards || isr
28: end if
29: state values← state values || state value
30: logprob← logprob|| log(p(dx|CatX))) + log(p(dy|CatY )))
31: end for
32: end for
33: return rewards, state values, logprobs
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A.6 SENSITIVITY TO QUESTION TYPES

Figure 8 shows the susceptibility of CLEVR models to scene manipulations of Adversarial Player.
We observe that especially counting and existence questions are the ‘back-doors‘ for our scene ma-
nipulations. Questions of those two types typically involve multiple steps of reasoning. Adversarial
Player’s scene manipulations make them more likely that reasoning will fail at some stage.

(a) FiLM (b) TbD

(c) Mdetr

Figure 8: Histograms of the model’s susceptibility to scene manipulations conditioned on a question type.
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A.7 CONVERGENCE

Figure 9 shows convergence plots of Adversarial Player during training against FiLM, TbD and
MDetr. We use different initialization seeds and 30 trials. Adversarial Player is trained either from
states or pixels. The former yields higher performance and sometimes better convergence. We use
the Drop metric that measures the accuracy drop after the Visual-QA Player is manipulated. The
higher Drop, the more successful manipulations are.

Mini-game size 100 Mini-game size 1000
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lm
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M
D

et
r

Figure 9: Performance of Adversarial Player for different training snapshots. We show the mean and variance
over thirty trials. Adversarial Player is either trained from states (blue) or pixels (orange).
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A.8 PERFORMANCE DISTRIBUTION PLOTS

Figures 10 and 11 show the distribution of the Adversarial Player performance, where we show how
often (y-axis) the given Drop score is achieved (x-axis). The Drop metric measures the accuracy drop
after the Visual-QA Player is manipulated. The higher Drop, the more successful manipulations
are. Larger Mini-games lead to more consistent (narrower distributions) but lower performance.
This behavior suggests that scene diversity present in larger Mini-games leads to more stable scene
manipulations. However, they do so at the cost of increasing the complexity of the optimization
problem.
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Figure 10: Mini-games performance distribution for state-input Adversarial Player.
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Figure 11: Mini-games performance distribution for pixel-input Adversarial Player.

23



Published as a conference paper at ICLR 2022

A.9 OUT-OF-DISTRIBUTION MANIPULATIONS

If we do not provide extra constraints on the scene generation process with our environment en-
forcers, Adversarial Player may find an easy manipulation that changes the camera pose or loca-
tion, effectively ‘zooming out’ the whole scene. It does so by stretching all the object coordinates
in the scene. Figure 12 illustrates that. For instance, large objects look much smaller than typical
examples. As such constructed scenes are quite different from the ones that Visual-QA Player has
observed during training, we categorize such manipulations to be out-of-distribution. Note that, due
to our in-distribution environment enforcers, such scenes are prohibited in our pipeline.

(a) Shape of the blue cube is misclassified as sphere. (b) Large, brown cylinder is misclassified as small.

(c) Large, yellow cube is misclassified as small.

Figure 12: Out-of-distribution examples.
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A.10 ADDITIONAL QUALITATIVE RESULTS

In Figures 13-21, we provide more qualitative results.

Is the number of small cubes that What is the color of the metallic thing
are right of the blue rubber block greater that is on the right side of
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are in front of the cyan object? the large gray object?
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Figure 13: Manipulations of CLEVR models. We show results before and after scene manipulations.
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what size is it? of the rubber thing?
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Figure 14: Manipulations of CLEVR models. We show results before and after scene manipulations.
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Figure 15: Manipulations of CLEVR models. We show results before and after scene manipulations.

27



Published as a conference paper at ICLR 2022

Does the cyan metal object that What is the big thing that is behind
is behind the tiny gray block have the large red shiny sphere
the same size as the block behind made of?

the small cyan metallic objec?

IE
P

-B
ef

or
e

No Rubber

IE
P

-A
ft

er

Yes Metal
Figure 16: Manipulations of CLEVR models. We show results before and after scene manipulations.
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Figure 17: Manipulations of CLEVR models. We show results before and after scene manipulations.
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Figure 18: Manipulations of CLEVR models. We show results before and after scene manipulations.
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Figure 19: Manipulations of CLEVR models. We show results before and after scene manipulations.
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Figure 20: Manipulations of CLEVR models. We show results before and after scene manipulations.
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Figure 21: Manipulations of CLEVR models. We show results before and after scene manipulations.
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A.11 QUANTITATIVE RESULTS WITH P-VALUES

We extend the quantitative results of the main paper by also reporting p-values of the one-sample
hypothesis testing. We use the Accuracy Drop metric that measures the accuracy drop after the
Visual-QA Player is manipulated, and the Consistency Drop that measures how many times the
manipulated Visual-QA Player changes its answer, independently if that is a correct or wrong an-
swer. The higher Drop Accuracy or Consistency Drop, the more successful manipulations are.
We use T-Test (Helmert, 1876; Lüroth, 1876) for each metric all the runs. Our null hypothe-
sis is that the population mean of all the games is zero, indicating that a manipulation is unsuc-
cessful, and the results of our Adversarial Players are extreme cases of a good performance, i.e,
H0 : µl = 0, l ∈ [Drop,Consistency]. As an alternative hypothesis, we assume that the population
mean is greater than zero, i.e., HA : µl > 0, l ∈ [Drop,Consistency]. The same setup stands for both
the Consistency and the Drop metric. Tables 4 and 5 show the full table with p-values computed.
Note that only in two cases, Adversarial Player does not manipulate the scene convincingly (TbD
and Mdetr for the pixel-input Adversarial Player).

Table 4: Results of the game with the state-input Adversarial Player.

Average p-value
Model Mini-game

size
Consistency
Drop %

Accuracy
Drop %

Consistency
Drop

Accuracy
Drop

SAN 10 -23.9 -14.2 0.000 0.000
100 -10.7 -8.3 0.000 0.000
1000 -3.5 -2.5 0.001 0.000

FiLM 10 -14.8 -12.7 0.003 0.006
100 -7.8 -7.3 0.000 0.000
1000 -3.1 -2.4 0.000 0.000

RN 10 -20.9 -13.6 0.000 0.000
100 -10.5 -8.2 0.000 0.000
1000 -3.3 -2.8 0.000 0.000

IEP 10 -13.9 -13.0 0.001 0.003
100 -6.9 -6.8 0.000 0.000
1000 -2.9 -2.8 0.000 0.000

TbD 10 -5.3 -5.1 0.011 0.012
100 3.8 -2.5 0.000 0.000
1000 -1.1 -1.1 0.000 0.000

Mdetr 10 -6.6 -6.0 0.018 0.021
100 -4.9 -3.6 0.000 0.000
1000 -1.3 -1.2 0.000 0.000

State 10 -8.5 -7.7 0.020 0.034
Input 100 -2.3 -2.1 0.000 0.000
Model 1000 -1.2 -1.1 0.000 0.000
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Table 5: Results of the game with the pixel-input Adversarial Player.

Average p-value
Model Mini-game

size
Consistency
Drop %

Accuracy
Drop %

Consistency
Drop

Accuracy
Drop

SAN 10 -12.8 -11.4 0.008 0.018
100 -6.4 -3.9 0.000 0.001
1000 -2.3 -1.4 0.000 0.000

FiLM 10 -3.62 -2.6 0.056 0.154
100 -1.7 -1.4 0.000 0.000
1000 -0.6 -0.4 0.000 0.000

RN 10 -9.4 -7.2 0.021 0.065
100 -3.2 -2.5 0.000 0.000
1000 -2.3 -1.7 0.000 0.000

IEP 10 -2.9 -2.5 0.111 0.171
100 -1.5 -1.3 0.001 0.004
1000 -0.4 -0.3 0.000 0.000

TbD 10 0.0 0.0 1.000 1.000
100 -0.6 -0.4 0.017 0.078
1000 -0.2 -0.1 0.000 0.000

Mdetr 10 0.0 0.0 1.000 1.000
100 -1.2 -1.1 0.002 0.003
1000 -0.4 -0.3 0.000 0.000

State 10 -0.9 -0.8 0.033 0.038
Input 100 -0.7 -0.7 0.031 0.031
Model 1000 -0.3 -0.3 0.000 0.000
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B APPENDIX B

B.1 MODEL PERFORMANCE ON MAXIMAL DROP MINIGAMES.

In the table below, we present model accuracy on each of the Mini-games where the maximal perfor-
mance drop was observed. The third and fourth columns (Original Data section) refer to the model
accuracy on unmanipulated image-question pairs of the respective Mini-game. The fifth and sixth
columns (Manipulated Data section) refer to the model accuracy in those Mini-game examples after
the Adversarial Player manipulation.

Original Data Manipulated Data

Model Mini-game size Mini-game
Accuracy
(State)

Mini-game
Accuracy
(Pixel)

Mini-game
Accuracy
(State)

Mini-game
Accuracy
(Pixel)

SAN 10 80.00 80.00 28.84 43.26
100 74.00 75.00 47.65 66.32
1000 72.30 72.20 68.42 70.87

FiLM 10 100.0 100.0 48.10 86.58
100 98.00 100.0 75.61 92.44
1000 96.40 96.10 90.81 94.75

RN 10 100.0 100.0 46.60 74.56
100 94.00 95.00 63.28 87.42
1000 93.10 93.30 90.03 91.05

IEP 10 100.0 100.0 48.45 87.21
100 98.00 96.00 74.41 93.50
1000 97.10 97.30 93.99 95.73

TbD 10 100.0 100.0 69.37 99.10
100 100.0 100.0 91.17 98.00
1000 99.40 99.70 95.53 98.80

Mdetr 10 100.0 100.0 59.82 99.70
100 100.0 100.0 86.43 97.80
1000 99.50 100.0 94.51 99.10

State 10 100.0 100.0 77.44 91.96
Input 100 97.00 99.00 92.63 95.05
Transf. 1000 97.20 96.40 95.15 95.83

B.2 GENERATING ‘VISUALLY FAIR’ SCENES.

We define a scene as visually fair if there are no occlusions and all objects are within the field-of-
view. The ground truth answer of a posed question on a visually fair scene remains the same before
and after object manipulation.

For the generation of new images/scenes we use the open-source Blender Graphics Engine 2

(v2.79b), and the original 3D models of the CLEVR dataset. Scenes suggested by our Adversarial
Player, are encoded in the form of arguments for Blender, which renders the new images according
to those directives. In order to guarantee visual fairness, and question validity, we employ two mod-
ules (scene-constraint enforcer / question relevance enforcer), presented briefly - in Section 4 in the
Consistency and In-Distribution paragraphs.

The scene-constraint enforcer is responsible for ensuring the creation of a scene/image that respects
all constraints and statistical properties of the original dataset. This piece of code is borrowed from
the original CLEVR codebase3 and as in the original CLEVR paper the following constraints are
checked (Lines 66-83 in the python code):

2Blender - a 3D modeling and rendering package. https://www.blender.org
3https://github.com/facebookresearch/clevr-dataset-gen/blob/main/image_

generation/render_images.py
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1. Minimum / Maximum Number of Objects: 3 / 10.
2. Minimum allowed distance between object centers: 0.25
3. Margin along with cardinal directions: 0.4 (This ensures lack of ambiguity by keeping

objects at least 0.4 points of distance apart. This distance is a Blender-specific measure that
spans from -3 to +3.)

4. Min pixels per object: 200 ( This ensures that an object will not be occluded, by requiring
at least 200 pixels of it being visible.)

The question-relevance enforcer checks if the newly generated scene is indeed answerable and has
the same “ground truth” answer as the old scene. By not enforcing this, every manipulation will be
falsely “successful” as the question (which is kept the same before and after the attack) will have a
different answer in the newly generated scene.

This is also resolved by using the same question engine module provided by the CLEVR authors in
their codebase4. The module receives a question and a scene and calculates the ground truth answer
based on a set of functional programs that are apriori known and used to generate the questions.
(Supplementary Material A in the CLEVR paper (Johnson et al., 2017a))

We use the following pipeline. Our Adversarial Player initially receives an input image-question
pair. Then, it suggests a new scene, that passes through the scene-constraint enforcer. If the new
scene respects all boundaries and constraints it is then evaluated alongside the question by the
question-relevance enforcer. If the new ground truth answer to the suggested scene/image is the
same as the original answer, the image-question pair is marked as in-distribution and valid. Other-
wise, it is removed from the training pipeline.

4https://github.com/facebookresearch/clevr-dataset-gen/blob/main/
question_generation/question_engine.py
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B.3 COMPARISON WITH RANDOMLY SAMPLED EQUIVALENT SCENES.

Arguably, out of the semantically equivalent space of images given a question and an accompany-
ing answer, the Adversarial Player effectively discovers cases for which the model under the test
can be fooled. This, however, does not indicate how rare those examples are, neither the degree of
robustness of the model against other examples in this space. Let us limit ourselves on a specific
image-question pair. Then, a tractable estimate of how rare ”fooling examples” are would be the
number of manipulated scenes (F ) that are able to fool the model, divided by all the possible per-
mutations of available objects (N ) in our discrete 7x7 grid. Rarity = F

49N
, N ∈ [3, 10]. A scene of

only 3 objects and 1 discovered successful manipulation would make it 0.00085% possible to find it
by chance and would indicate 99.9915% robustness against that sphere of equivalent image-question
pairs.

Of course not all of those configurations are valid due to scene constraint violations, as well as
objects can theoretically move freely on the scene. As a way to approach this question, we compare
our Adversarial Player against a random scene generator (RSG). The random scene generator is
able to manipulate any object freely, under the constraint that the resulting scene is valid under the
scene constraint enforcer as well as the question relevance enforcer. Manipulations of lighting or
camera angles, as well as addition or removal of objects is not permitted. In order to reduce the huge
rendering times needed for each random search, we allow the RSG to operate on a 10 length Mini-
game where scene manipulations that cause accuracy drop have been discovered by the Adversarial
Player. For each image-question pair the RSG has a budget of 5000 queries, and if not successful it
proceeds to the next Mini-game entry.

Model CLEVR Accuracy Adv.Player Accuracy (Drop %) RSG Accuracy (Drop %)
SAN 72.1 61.86 (-14.2%) 71.59 (-0.7%)
FiLM 96.2 83.98 (-12.7%) 95.81 (-0.4%)
RN 93.2 80.52 (-13.6%) 92.73 (-0.5%)
IEP 96.9 84.30 (-13.0%) 96.70 (-0.2%)
TbD 99.1 94.04 (-5.1%) 99.10 (-0.0%)
MDetr 99.7 93.71 (-6.0%) 99.70 (-0.0%)
ST 96.8 89.34 (-7.7%) 96.50 (-0.3%)

As it can be seen, randomly question-uninformed suggested object placements do not seem to be
effective into fooling the models under test. This further supports the argument that models un-
der test theoretically and statistically seem robust, but nevertheless have vulnerabilities that can be
effectively exploited by our Adversarial Player.
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B.4 VISUALIZATIONS.

Here, we try to isolate reasoning gaps from visual causes after the scene manipulations; with the
following setup. Each Visual-QA Player is introduced with two image-question pairs. The first
consists of the original image and the second of a scene created by our Adversarial Player that
successfully fools the Visual-QA Player. We then inspect the visualization of the Visual-QA Player’s
inner-workings in both pairs. We are especially interested in patterns that suggest the root of failure.
As each Visual-QA Player operates under different assumptions and architectural designs, we choose
to visualize :

1. The attention maps of Stack-Attention Networks.
2. The gradient-weighted activations of the pre-ultimate and ultimate convolutional blocks of

FiLM.
3. The programs that are synthesized alongside their soft-attention maps of each module block

in TbD network.
4. The objects that were detected during the computation steps of a MDetr model.

In Figure 22, we visualize the pre-ultimate (column 2) and ultimate (column 3) attention maps of the
Stack-Attention Network. We observe that the model focuses on a single final object in manipulated
examples. In the original ones, the relational jumps required for the answer are still visible on the
attention map. The final attention map that is presented (column 3) is passed to a fully-connected
classifier in order for the answer to be created. We observe limited focus to all the necessary objects
/ locations that creates a lack of necessary features for the correct answer derivation.

In the case of FiLM model in Figure 23, we observe a similar scenario. In the first example, (rows
1 and 2) the gradient-weighted activations of the model seem to be focusing on multiple irrelevant
objects regarding the final answer, while in the second example (rows 3 and 4) the model seems to
include the purple cube mistakenly as one of the possible spheres of the image. In both cases above
it is difficult to exactly pin down the root of (reasoning or visual) failures.

MDetr model can be seen in Figure 24 and Figure 25. Here, a specific pattern could not be identified.
All objects were correctly classified. It suggests that the cause of failures stem rather from the
reasoning steps.

Tbd is presented in Figure 26. In both the original and manipulated scenes the programs that the
model generates are exactly the same. This is to no surprise since the program generator module
is using exclusively the question as input. Nevertheless, a similar pattern of scattered model focus
is presented here as well. The attention maps in both examples are the same between the original
and manipulated scenes, in all but the final reasoning step. In the first example (rows 1 and 2) the
attention is leaked towards the gray cube that has nothing to do with the correct answer, while in
the second (rows 3 and 4) the attention is spread among many matte objects but peaks near the big
yellow ball. This is wrong since the word ”other” that exists in the question should drive the model
focus exclusively to other objects apart from the starting point of the reasoning chain.
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Is the number of small cubes that are right of the blue rubber block greater than the number of small balls that
are in front of the cyan object? Yes −→ No
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What shape is the thing that is in front of the small
yellow cylinder and to the right of the rubber thing? Cylinder −→ Sphere
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Figure 22: Visualization of attention maps in SAN model on original and manipulated scenes.
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How many other objects are the same shape as
the big gray matte object? 1 −→ 0
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How many other things are the same shape as
the big metallic thing? 1 −→ 2

O
ri

gi
na

lS
ce

ne
M

an
ip

ul
at

ed
Sc

en
e

Figure 23: Gradient weighted activation visualization of FiLM model’s pre-ultimate and ultimate blocks on
original and manipulated scenes

41



Published as a conference paper at ICLR 2022

The red thing that is the same material
as the brown cube is what size? Large −→ Small
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Figure 24: Visualization of MDetr model’s detection stages on original and manipulated scenes.
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Do the object behind the big matte sphere and the
thing on the right side of the red thing
have the same material? Yes −→ No
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Figure 25: Visualization of MDetr model’s detection stages on original and manipulated scenes.
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Is there a big brown object of the same shape as the green thing? Yes −→ No
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Are there any other things that have the same material as the big yellow ball? Yes −→ No
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Figure 26: Visualization of TbD model’s program generation and attention map visualization on original and
manipulated scenes
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B.5 HUMAN-IN-THE-LOOP EXPERIMENT

Can our Adversarial Player ‘fool’ a human-agent? The perceptual abilities of human observers
have been previously measured (92.6%) on this dataset, however, human robustness is a different
question. We, hence, decided to assess human robustness by a simple experiment. In our setting, a
human observer is presented with a set of two images and a question. Then the observer is required
to answer to each image question pair, (image before - question / image after - question), and report
whether the answer has changed or remained the same. Participants were first made familiar with the
concepts of the CLEVR dataset (colors / shapes / materials / sizes) and then were left unsupervised
to answer a set of 20 such examples. Each contained one CLEVR question and two CLEVR scenes,
before and after the Adversarial Player manipulations. Half of those scenes successfully fooled
models and half of those did not. An example of what a survey question looks like is given in
Figure 27, together with the confusion matrix Figure 28 (results of our survey).

Figure 27: Questionnaire example: The observer is presented with two images and a question. Then they have
to pick if their answer would remain the same if the question referred to each image respectively.

As we can see in Figure 28, human observers exhibit 91% precision in identifying cases where scene
manipulations are not causing changes to the questions answer, and 95% precision in identifying
cases where the manipulations do cause a change. While this small scale experiment may not reflect
a universal truth about human robustness in VQA scenarios, it is a suggestion that human observation
is still reliable after our agent’s manipulations.
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Figure 28: Confusion matrix of human experiment: Participants identified 91% of cases where manipulations
were not causing a change in the ground-truth answer. All of these managed to fool Visual-QA Players and
made up half of the survey. When faced with manipulations that changed the ground-truth answer (the other
half of the survey), they identified 95% of them.

B.6 OBJECT DETECTION EXPERIMENT

As an extra test to confirm the visual fairness (see section B.2) of Adversarial Player manipulations
we run the following experiment. We employed an unsupervised object discovery model, called
Slot Attention (Locatello, 2020), pre-trained on CLEVR, together with a classifier trained to iden-
tify object attributes. Next, we used that model to identify objects and attributes on original and
manipulated scenes. Ultimately, we could not find any pairs in which the number of objects or their
attributes were different before and after the manipulations. The results for two pairs can be seen
in Figure 29 and Figure 30. We thus conclude that our Adversarial Player manipulations create
‘visually fair’ scenes, without producing any corner cases of perceptual system.
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Figure 29: Visualization of Slot Attention model’s detection results
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Figure 30: Visualization of Slot Attention model’s detection results
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Abstract

Recently, high-performing code generation sys-
tems based on large language models have sur-
faced. They are trained on massive corpora
containing much more natural text than actual
executable computer code. This work shows
that current code generation systems exhibit
undesired biases inherited from their large lan-
guage model backbones, which can reduce the
quality of the generated code under specific
circumstances.

To investigate the effect, we propose the ”block
of influence” concept, which enables a modu-
lar decomposition and analysis of the coding
challenges. We introduce an automated inter-
vention mechanism reminiscent of adversarial
testing that exposes undesired biases through
the failure modes of the models under test. Fi-
nally, we demonstrate how our framework can
be used as a data transformation technique dur-
ing fine-tuning, acting as a mitigation strategy
for these biases.

1 Introduction
Large language models (LLM) have recently
demonstrated their ability to generate code (Li
et al., 2022; Brown et al., 2020; Wang et al., 2021)
or solve challenging programming/math tasks on
par with human coders (Li et al., 2022; Lewkowycz
et al., 2022b; Chowdhery et al., 2022a); these mod-
els are trained with the data-driven paradigm. On
the other hand, an increasing body of work also
questions whether the data-driven approach leads
to acquiring reasoning skills (Piekos et al., 2021;
Zhang et al., 2022; Mouselinos et al., 2022), show-
ing that if left alone, it might not be sufficient for
achieving truly human-level performance on tasks
such as logical or visual reasoning. In many stud-
ied cases, models still rely on various hints in their
reasoning process. This work extends the results
above, i.e., the lack of reasoning capabilities, to
the code generation domain. More specifically, we
devise a framework that automatically identifies

subtle cues a code generation model might exploit.
Changes or removal of those cues stands as a rea-
soning test towards the generational capabilities of
the model at hand.

We presume that the reasoning process of code
generation models should remain invariant under
changes that still provide enough context or pose
little, if any, additional challenge to a human coder.
To this end, we propose an automatic and model-
agnostic framework that modifies the following: (1)
function names, (2) keywords in a problem spec-
ification, and (3) examples provided in the prob-
lem prompt. We refer to these parts as Blocks-Of-
Influence; see Figure 1. Each block contributes
partially to the context needed for correct comple-
tion. We show that minor modifications of these
blocks are sufficient to “fool” LLM-based code
generation methods.

Our results reveal biases such as keyword pref-
erence and memorization effects, which can be
identified across multiple models. During our ex-
periments, we ensure that any modifications main-
tain the global semantics of the coding challenge.
This is achieved through a context-aware filtering
mechanism that guarantees any information altered
or removed still exists and/or can be deducted from
the remaining unaltered part.

Contributions. The main contributions of our
work can be summarized in three points.
First, we propose a novel automated framework
that identifies possible biases in code generation
models. Our framework removes subtle hints, intro-
ducing minimal changes such as keyword replace-
ment or partial code-block omission, ultimately
acting as an adversarial test. Since the framework
operates on a data level, it is agnostic to the model’s
structure and internal workings. The framework
can be easily adjusted to any input format or pro-
gramming language.
Second, we introduce the ”Blocks of Influence” con-
cept. We suggest that every instance of a typical
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coding challenge can be analyzed into three parts
(blocks). Each part is correlated with a different
method of hinting and is used as a target of our
transformations. A model’s reasoning process is
informed by all three blocks, making them perfect
analyzing tools for cases of failing code generation.
Third, we explore new ways of mitigating biases
during code generation. In Section 6, we study the
effects of adversarial training against our proposed
perturbations, and the benefits of including exam-
ples with longer descriptions during fine-tuning.
Our results show that combining these techniques
leads to more accurate code completions.

2 Related Work
Our approach is inspired by works of various re-
search directions, which we briefly describe here.
Solving coding and math challenges. The emer-
gent abilities of large language models to gener-
ate, summarize and translate textual information,
have recently sparked interest in their aptitude for
math, logic, and programming challenges. Tasks
such as code-completion (Chen et al., 2021; Shin
et al., 2019; Hendrycks et al., 2021a; Li et al.,
2022), code summarization and code translation
(Lu et al., 2021) have been proposed, with models
constantly progressing towards near-human perfor-
mance. Similarly, (Hendrycks et al., 2021b; Saxton
et al., 2019; Ling et al., 2017; Amini et al., 2019)
have proposed tests measuring a model’s ability to
perform math and logic, ranging from school prob-
lems to competition-grade challenges. Impressive
results in multiple programming languages have
also been achieved by decoder-only works (Brown
et al., 2020; Chen et al., 2021). Fried et al. (2022)
created the first generative model to perform in-
filling using a novel masking objective. Finally,
massive-scale models such as (Chowdhery et al.,
2022b; Lewkowycz et al., 2022a) demonstrated
breakthrough capabilities in language, reasoning,
and code tasks achieving state-of-the-art perfor-
mance in multiple domains simultaneously.
Social biases in large language models. Trained
on ever-increasing amounts of publicly available
data, large language models have been studied for
adopting social biases commonly found among hu-
mans. Wallace et al. (2019) show that generative
models can be conditioned to produce toxic con-
tent, with the use of nonsense, adversarial prefixes.
Similarly, Liang et al. (2021) suggest that models
might adopt biases and social stereotypes found
among their training data and provide ways to ap-

ply fairness during generation. Countermeasures
have been proposed by (Zhao et al., 2021; Liu et al.,
2022), claiming that sanitized zero-shot examples
contribute to mitigating biases during generation.
Probing reasoning through cognitive biases.
There have been notable attempts to systemize in-
telligence and reasoning as concepts (Legg, 2008;
Chollet, 2019), yet a few recent works try to ap-
proach reasoning, through the analysis of failure
modes, caused by biases in deep learning models.
Glockner et al. (2018) suggest that natural language
inference systems can be easily fooled with a sin-
gle hypernym/hyponym swap, exhibiting an bias
towards specific word choices. Similarly, Lin et al.
(2020) prove that numerical commonsense reason-
ing in LLMs is heavily biased by adjectives de-
scribing the object of interest. Concerns against the
current data-driven methods have been expressed
by Razeghi et al. (2022), pointing out that LLMs
are more accurate on mathematical challenges that
involve terms significantly more frequently in their
pre-training dataset. Piekos et al. (2021) claim
that LLMs can answer math and logic questions
without understanding the rationale behind them,
relying blindly on the existence of specific key-
words. We place our work in this line of research,
provoking and studying the failures of LLMs un-
der reasoning-heavy coding tasks. Our main goal
consists of identifying cognitive bias sources, i.e.,
words, structures, or co-occurrence patterns, that
exist in current LLMs, and lead to systematic fail-
ures of rationale.
Adversarial methods and Language Processing.
NLP community developed excellent methods to
prepare adversarial tasks, including the TextAttack
framework (Morris et al., 2020) and sophisticated
techniques to elicit adversarial examples from hu-
mans, as in Talmor et al. (2022), though our work
seems to be the first focused on the disciplined
construction of adversarial examples for code.

3 Benchmarks
In this section, we describe the datasets used in
our experiments. We employed widely used cod-
ing challenges HumanEval (HE) and MBPP and
a more complex dataset with lengthy descriptions
of problems (DMCC). More information about the
datasets can be found in the Appendix 10.2.
HumanEval (HE). This is a human-curated
problem-solving dataset described in Chen et al.
(2021). It consists of 164 original programming
challenges assessing language comprehension, al-
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Figure 1—Left: The three blocks of influence: Name Block in red, Description Block in green and Example Block in blue.
Right: We demonstrate three possible transformations, one for each block: Swap the function name with ”func”, remove
keywords, and remove examples. Transformations can be applied alone or in combinations of two as described in Section 5.2

gorithms, and simple mathematics. Each problem
is presented as an incomplete function, accompa-
nied by a docstring. The docstring contains the task
and a few example cases. For each task, we are pro-
vided with a set of unit tests. A task is considered
solved when all unit tests are passed.
Mostly Basic Python Problems (MBPP). Intro-
duced in Austin et al. (2021), it contains 974 short
Python functions designed to be solved by entry-
level programmers. Contrary to HumanEval, each
task is given through a text description rather than
a docstring. Since there are no input-output exam-
ples in the prompt, we generate 3 valid pairs using
the code solutions provided. c MBPP challenges
models to perform tasks of imperative control flow,
requiring loops and conditionals.
DeepMind Code Contests (DMCC). Is the highly
challenging dataset proposed by Li et al. (2022).
The dataset includes problems from the Codeforces
platform (Mirzayanov, 2020), Description2Code
(Caballero, 2016), and CodeNet (Puri et al., 2021).
We used challenges written in the Python3 lan-
guage of the training split for our experiments.
DMCC contains long descriptions of the problems
and input-output examples of the functions to be
completed.

In this work, DMCC is used for its long context
properties during experiments of augmented fine-
tuning (Table 5). Models presented in our work
achieve zero or near-zero scores on it; hence it
is excluded from our perturbation analysis, with
HumanEval and MBPP being more suitable targets.

4 Evaluation

Models. In our experimental setup, we test five
models representing different approaches to code
generation. CodeParrot (Tunstall et al., 2022a)
comes with an open-source dataset and can be eas-
ily used for fine-tuning experiments due to its size.
Its smaller variant (110M) achieves competitive
results to other open-source LLMs at larger param-
eter budgets. By exploring its dataset, we tested our
hypothesis that function names act as biases during

code generation. Models can be heavily inspired
by similarly named snippets in their training set
and resort to copying whole or parts of the solution
instead of performing reasoning. (See Appendix
A.9) We also test the Incoder (Fried et al., 2022)
model, which is trained under a novel bi-directional
causal objective, being able to handle context more
efficiently than its causal counterparts. Against our
initial hypothesis, our methods cause significant
performance drops despite the model’s enhanced
context-understanding capabilities (Table 3). The
Bloom model (Mitchell et al., 2022) exhibits emer-
gent abilities in multiple domains by training on
massive multilingual and multi-purpose content.
Despite not being a code generation model, it per-
forms equally well with code-specific models in
the same parameter budget. Theoretically, bias ef-
fects can be reduced when a model is exposed to
diverse training examples. Our experiments reveal
that this is still not the case under our setup, and
post-training solutions are explored. CodeGen (Ni-
jkamp et al., 2022) is a high-performing model
trained in natural language understanding and code.
We test its Mono variant, further fine-tuned on the
Python language. Finally, we have the powerful
Codex model, which can tackle most of the pro-
posed coding challenges in the HumanEval and
MBPP datasets. A list of the tested models, as well
as KeyBert (Grootendorst, 2020) that is used in our
framework, can be found in Table 1.

Model Name Sizes Used

KeyBert (Grootendorst, 2020) 2M
Codeparrot (Tunstall et al., 2022a) 110M / 350M*/ 1.5B
InCoder (Fried et al., 2022) 1.6B / 6B
CodeGen (Nijkamp et al., 2022) 350M / 6B
Bloom (Mitchell et al., 2022) 560M* / 1.7B / 176B†

Codex (v1 / v2) (Chen et al., 2021) ∼175B† (Estimated)

Table 1: Models used: (*) refers to fine-tuned and (†) to API.

Performance metrics. We evaluate the functional
correctness of the generated programs with the
pass@k metric, introduced in Kulal et al. (2019).
This metric serves as an estimator of a model’s
generative capabilities under a specific budget. In
Chen et al. (2021), authors propose an updated un-
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biased version that we adopt throughout the rest of
this work. To avoid any confusion, we calculate
pass@k at exactly k attempts. The average of ten
runs with different seeds is presented for all exper-
iments in Table 3. We use sampling temperatures
of 0.2 / 0.8 for pass@1 / pass@100, which are the
optimal values across the tested models.

5 Method

5.1 Blocks of Influence

Our method treats each coding challenge as a com-
bination of three distinct but complementary blocks
rather than a single, homogeneous input. We refer
to them as Blocks of Influence and correlate each
with a different source of bias during code genera-
tion. Taking as an example Figure 1, we challenge
the model to complete a function that reverses a list
and then returns its second item.
Name Block. The first block of influence, marked
in red, informs the model about the function name
and the names and types of the input arguments.
Let us assume that initially, a model generates cor-
rect solutions to a problem. However, the model
fails when we rename the function name to some-
thing unrelated to the task, e.g., “fun“. This failure
mode indicates that neither the problem descrip-
tion was understood nor the model could extract
a reasoning pattern from the given usage exam-
ples. We associate such cases with memorization
effects, where the model relies heavily on the func-
tion name, replicating snippets from its training
dataset with the same or similar names.
Description Block. The problem description
stands as the second block, marked in green. Here
the model is expected to form a solution by utilizing
its natural language understanding capabilities. We
observe that removing specific keywords from the
problem description can lead to catastrophic results
in model performance. It is vital that removing
these keywords must not degrade the description
semantics, and any information lost should be re-
coverable from the rest of the context. For example,
in Figure 1, the removal of the word pair ”the list”
creates a description that is still well understand-
able by a human coder. We challenge the model
to deduct the missing context from the word ”list”
in the function name and the input list type in the
example given. The inability to recover the missing
context is associated with an inherent preference
bias, where the model relies on superficial lexical
clues or frequently co-occurring terms seen during

training rather than the given context to ”mentally”
fill any gaps.
Example Block. As the final block, we consider
the examples after the problem description. They
act as demonstrations, guiding the model to spe-
cific reasoning patterns. Let us consider a scenario
where models cannot generate correct code when
examples are absent. Arguably, more than the task
and given inputs alone were needed for the model
to form a proper problem understanding. In this
failure mode, the provided examples act as a ”rea-
soning tie-breaker” between proposed solutions the
model can generate. Generated solutions are not
entirely irrelevant but a relatively poor interpre-
tation of the problem. For example, in Figure 2,
when stripped of its examples, the model still ex-
hibits signs of task understanding (i.e., comparing
element difference to a threshold, iterating over
elements). However, combining these logic parts
in a meaningful manner is complex enough that
the model requires additional examples to filter out
faulty strategies. We associate such effects with
poor reasoning abilities.

5.2 Framework

The first step involves splitting a coding challenge
into the three Blocks of Influence. For this purpose,
we utilize a regular expression module that searches
for common patterns of each block’s start or end.
(e.g., Name Block: ”def (...):”, Description Block:
” or ”””, Example Block: ”Examples:” or > /≫
followed by usage of the function name).

As the next step, the Description Block is fur-
ther analyzed to identify possible hinting keywords.
Ideally, we are interested in unigrams or bigrams
that provide excess information towards complet-
ing the coding task. For keyword identification,
we use KeyBert (Grootendorst, 2020), an LLM
tasked to perform keyword extraction and word
similarity. We proceed to fine-tune KeyBert on
the open-source CodeParrot dataset (Tunstall et al.,
2022a) so that more code-specific suggestions are
provided. For each candidate keyword, we calcu-
late its embedding similarity with the set of words:
[Python, Programming, Code, Variable], again through
KeyBert. Words with cosine similarity scores un-
der 0.7 for all the items of the set are unrelated to
coding and thus filtered out. However, carelessly re-
moving keywords can lead to non-interesting drops
in performance associated with removing crucial
information rather than hinting effects. Thus, an ad-
ditional context-aware filtering stage is employed
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to validate that any information lost can be retrieved
from the remaining coding challenge.

During this stage, we compute each candidate
keyword’s embedding similarity with every non-
potential keyword token. The keyword is marked
as valid for removal if at least one ”close” word is
identified. Again, we consider ”close” keywords
with a similarity score larger than 0.7. If a key-
word exists in multiple locations, the first instance
is not marked as valid for removal, while the rest
are. When a keyword happens to be an argument
type (i.e., list, integer, tuple), we additionally look
for instances of that type in the examples or name
block. In case of a match, the keyword is safe for
removal. Equivalent information already exists in
the context. As the final step, we chose between
the following transformations:
Drop one. Removes one of the provided keywords
from the Description Block. The transformation is
repeated N times where N is the number of identi-
fied keywords.
Drop all. Removes all the provided keywords si-
multaneously from the Description Block
Drop examples. Removes all the provided exam-
ples from the Example Block.
Anonymize. Replaces the function name with
an arbitrary token. We use ”func” in our exper-
iments. Note that the function name is also re-
placed in the provided examples, so no information
leak occurs. We also tested whether the choice
of ”func” may potentially bear some intrinsic ad-
versarial effect associated with the training data.
We experimented with other word choice replace-
ments (”action”,”do stuff”, ”XYZ”) and got the
same results. Furthermore, we identified instances
where the function name, although closely corre-
lated to the task at hand, if it was to be taken as
the sole source of information, could instead be
misleading, signifying the need for proper context
understanding by the tested models (See Appendix
10.8).

For example, let us use our framework on the
challenge presented in Figure 1. At the first stage,
KeyBert would have identified the following key-
words: [Reverse, list, return, second]. Among
these, the word second does not pass the first fil-
tering stage with over 0.7 similarity score against
our set. In the second stage, each word would be
compared against all the existing tokens. Reverse
and return will not be associated with other tokens.
List will be identified in the function name and in-

put argument type. Also, since list is also a python
keyword, it will be matched against the list type
of the input given in the examples. This leaves list
as the only available keyword for removal. If key-
word drop would be combined with anonymization,
the drop would still be valid since the information
would still be available in the examples and input
type.

These transformations test the hypotheses we
associate with each block, as presented in Section
5.1. Removing possible hints leads to performance
drops between the original and modified challenges,
revealing underlying biases in the models’ logic Ar-
guably, any of our suggested transformations can
destroy local semantics. However, we take signif-
icant measures to ensure that global semantics is
preserved and enough information exists towards
its solution. This is also why we refrain from per-
forming simultaneous transformations in the Ex-
ample Block and Description Block, or all of the
Blocks of Influence together; a model stripped of
all necessary information cannot generate a proper
solution. To quantify the possible degree of am-
biguity our transformations introduce, we employ
the LM critic test, inspired by the work of (Ya-
sunaga et al., 2021; Yasunaga and Liang, 2021):
We collect a random sample of 200 coding chal-
lenges from the HumanEval and MBPP. Each chal-
lenge is then transformed according to the methods
presented in Table 2. Afterwards, for both the orig-
inal and every modified version of a challenge, we
calculate their log probability score using a large
language model. The core idea is that the model
will act as a soft critic, ranking model inputs by
their overall plausibility. Modified inputs that seem
”off” to the critic and are partially understood will
be assigned a log probability score far lower than
the unmodified ones. Since this criterion is based
on local neighborhood optimality, only moderate
changes are allowed between the challenges under
comparison. For example, two completely differ-
ent but syntactically and semantically correct text
snippets can have similar log probability scores.
During their comparison, however, we would have
violated the locality assumption, and no conclu-
sions could be drawn about their contents. As our
critic, we employ the Codex-v2 model (Chen et al.,
2021). We calculate log probability similarity as:
Sim = 100− LogPMethod−LogPOriginal

LogPOriginal
.

Table 2 shows that our transformations do not in-
troduce drastic changes to the coding challenge.
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Similarity (%)

Method w/ CAF w/o CAF

Original 100.0 (± 0.0) 100.0 (± 0.0)
Anonymization 98.5 (± 1.2) 98.5 (± 1.2)
Drop One 97.3 (± 1.5) 84.2 (± 2.2)
Drop All 95.3 (± 1.9) 80.3 (± 2.8)
Anonymization + Drop One 95.8 (± 1.4) 80.9 (± 2.3)
Anonymization + Drop All 94.6 (± 2.3) 78.4 (± 3.1)

Table 2: Similarity scores for different methods of our frame-
work with (w/) and without (w/o) the proposed context-aware
filtering mechanism (CAF). Results of 200 samples are pre-
sented.

Even in the most aggressive transformation of
Anonymization + Drop All, the critic assigns over
94% similarity between code challenges affected
by it versus their original form. For comparison,
removing the context-aware filtering stage, leads
to only 78% similarity in the case of Anonymiza-
tion + Drop All transformation. We believe this
is a fair indicator that the tested models observe
inputs of similar quality and comprehensibility dur-
ing our experiments. Note that we omit results for
the Drop Examples method. In this case, the log
probabilities will significantly change since we re-
move many tokens, which violates the method’s
locality prerequisite.

6 Experiments

6.1 Results on Block Transformations

The main results of our experiments are presented
in Table 3. Despite their simplicity, our transforma-
tions cause consistent drops in performance across
different model sizes on both datasets.1 Mere
anonymization causes drops of 19% on average
in both Pass@1 and Pass@100 metrics, validat-
ing our claims of memorization effects. Single
(Drop One) and full keyword removal (Drop All)
reduce models’ performance by 15% and 22% on
average, suggesting their inability to deduct the
missing context from Name Block and Example
Block. Instead, models rely on generating arbi-
trary, commonly used snippets that vaguely fit for
the task. Especially interesting are the cases of
Drop Examples and Anonymize + Drop Examples,
with 15% and 25% average drops. Both transfor-
mations remove the information provided by the
docstring examples, with the latter having the addi-
tional restriction of an anonymized function. With

1We present a full table of results, including Codeparrot
(110M), CodeGen(350M), Bloom(1.7B) and Codex(v1) in
Appendix 10.5

the Description Block unmodified in both cases,
these transformations target the models’ abilities
to create solutions based on their natural language
understanding. The combination of anonymization
with the drop of all keywords (Anonymize + Drop
All) seems to be the most challenging transforma-
tion overall, with drops of approximately 40%. Its
primary purpose is to assess the model’s capability
of deducting the missing context of the Description
Block by only observing patterns in the examples.
These observations suggest a clear model prefer-
ence over its sources of information, with the task
description being the primary one. Thus, when a
model exhausts its ability to understand the task, it
exploits similarities of the function name with pre-
viously seen code solutions. Simultaneously, the
model’s reasoning relies on the example demon-
strations, which, as seen from (Anonymize + Drop
All), are not always able to provide clear directives.

6.2 Towards Bias Mitigation

Inspired by the field of adversarial training, we de-
cided to investigate the effects of using our frame-
work transformations as training augmentations. To
this end, we apply our framework to examples of
the MBPP challenge and use them as a fine-tuning
dataset for three different Codeparrot models. We
use HumanEval as our test dataset, which bears
no overlap with the MBPP. In this way, our mod-
els have not seen examples of the test set during
their training or fine-tuning steps. In Table 4, we
compare the results of our models before and after
fine-tuning. Models benefit from the introduction
of augmented examples and partially recover from
failure modes caused by the need to rely on hints.
The larger the model, the more its abilities ben-
efit. We believe this effect is closely related to
large language models’ scaling reasoning capabil-
ities and their parameter size. The need to rely
on hints can be attributed to low data quality or
lack of task-specific inductive biases. However,
the capacity to properly understand coding tasks
is undoubtedly there. To improve the code genera-
tion abilities of models, we thus suggest exposing
them to challenges that push their deductive and
reasoning abilities. We decided to repeat the ex-
periments, but without including any of our data
augmentation techniques during fine-tuning. We
observe that under this setup, models do not exhibit
any significant improvement against our method’s
perturbations. Our suggested data augmentations
that push the reasoning limits of the models are
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Table 3: Model results on Human Eval and MBPP.

Codeparrot (1.5B) Incoder (1.6B) CodeGen-Mono (6B)
Human Eval MBPP Human Eval MBPP Human Eval MBPP

Method Pass@1
(T=0.2)

Pass@100
(T=0.8)

Pass@1
(T=0.2)

Pass@100
(T=0.8)

Pass@1
(T=0.2)

Pass@100
(T=0.8)

Pass@1
(T=0.2)

Pass@100
(T=0.8)

Pass@1
(T=0.2)

Pass@100
(T=0.8)

Pass@1
(T=0.2)

Pass@100
(T=0.8)

Original 4.1 17.8 6.1 31.2 11.3 24.2 14.6 56.7 26.1 65.8 42.3 77.3
Drop One 3.9 13.2 4.2 26.8 10.5 22.3 11.5 45.4 18.4 39.3 25.2 65.7
Drop All 3.6 11.1 3.9 21.7 9.7 17.6 12.8 42.1 13.9 34.8 22.4 57.7
Drop Ex 3.7 14.3 5.3 27.5 11.3 22.2 14.4 43.8 20.4 42.3 27.2 61.7
Anon 3.8 12.5 4.7 23.2 9.1 21.8 11.3 45.2 18.2 37.3 24.0 65.6
Anon+Drop One 3.3 9.5 3.9 20.2 7.4 21.5 10.5 44.9 12.6 24.6 15.8 58.6
Anon+Drop All 2.1 8.9 3.9 17.9 6.3 17.5 8.0 41.3 11.5 23.1 14.9 46.3
Anon+Drop Ex 3.7 11.8 4.6 22.8 8.7 21.3 11.2 43.5 16.0 28.3 18.2 60.7

Incoder (6B) Codex (v2) Bloom (176B)
Human Eval MBPP Human Eval MBPP Human Eval MBPP

Method Pass@1
(T=0.2)

Pass@100
(T=0.8)

Pass@1
(T=0.2)

Pass@100
(T=0.8)

Pass@1
(T=0.2)

Pass@100
(T=0.8)

Pass@1
(T=0.2)

Pass@100
(T=0.8)

Pass@1
(T=0.2)

Pass@100
(T=0.8)

Pass@1
(T=0.2)

Pass@100
(T=0.8)

Original 15.2 47.0 19.4 65.1 49.4 91.4 60.1 86.3 16.4 57.2 20.8 62.4
Drop One 12.1 35.3 18.9 52.6 36.0 86.2 56.0 79.2 12.8 48.6 15.8 51.4
Drop All 10.2 28.2 15.6 47.0 37.1 73.7 52.1 69.5 11.5 40.2 14.2 44.4
Drop Ex 12.7 29.5 17.4 50.3 41.4 81.0 48.8 70.7 15.2 43.3 15.8 50.1
Anon 11.6 32.9 14.8 50.7 44.5 90.4 57.9 81.7 14.0 48.3 15.1 51.2
Anon+Drop One 8.1 30.6 13.5 46.7 29.8 74.4 51.2 69.5 12.8 41.9 13.6 46.8
Anon+Drop All 7.5 25.2 11.2 38.9 24.2 68.7 47.2 63.8 10.3 36.8 12.6 38.4
Anon+Drop Ex 11.2 28.1 14.5 50.2 34.1 72.5 42.6 70.5 14.0 39.8 14.3 47.8

Table 4: HumanEval results of fine-tuning Codeparrot on the MBPP dataset with (A) or with no (NA) augmentations: Regular
finetuning does not contribute to bias removal, achieving similar results against the perturbations. However, our suggested
augmentations lead to higher model performance, especially in the pass@100 metric. The average of 15 runs is presented. Bold
marks statistically significant improvements under the T-Test (Before versus After-A) with a = 0.95.

Codeparrot - 110M Codeparrot - 350M Codeparrot - 1.5B
Pass@1 (T=0.2) Pass@100 (T=0.8) Pass@1 (T=0.2) Pass@100 (T=0.8) Pass@1 (T=0.2) Pass@100 (T=0.8)

Before After Before After Before After Before After Before After Before After
Method NA / A NA / A NA / A NA / A NA / A NA / A

Original 3.8 3.7 / 3.7 12.7 12.1 / 12.1 3.8 3.7 / 3.7 13.9 13.7 / 13.7 4.1 4.1 / 4.1 17.8 17.8 / 17.8
Drop One 3.3 3.2 / 3.6 9.7 9.7 / 10.4 3.3 3.3 / 3.6 11.9 11.9 / 12.3 3.9 3.9 / 4.0 13.2 13.2 / 14.1
Drop All 3.1 3.1 / 3.1 7.2 7.2 / 7.9 3.2 3.2 / 3.2 10.1 10.0 / 10.7 3.6 3.6 / 3.7 11.1 11.1 / 12.3
Drop Ex 3.8 3.7 / 3.7 9.9 9.9 / 10.2 3.8 3.8 / 3.7 12.9 12.9 / 12.9 3.7 3.7 / 3.7 14.3 14.3 / 15.1

Anon 3.4 3.4 / 3.5 8.7 8.7 / 9.1 3.6 3.6 / 3.6 11.6 11.6 / 12.2 3.8 3.8 / 3.9 12.5 12.5 / 13.8
Anon+Drop One 3.0 2.8 / 3.4 7.5 7.5 / 7.9 3.0 2.8 / 3.5 8.2 8.2 / 9.4 3.3 3.3 / 3.5 9.5 9.5 / 10.5
Anon+Drop All 1.9 1.9 / 2.0 6.9 6.9 / 6.9 2.0 2.0 / 2.2 8.1 8.0 / 8.3 2.1 2.1 / 2.4 8.9 8.8 / 9.4
Anon+Drop Ex 3.4 3.3 / 3.4 8.7 8.7 / 9.0 3.6 3.6 / 3.6 10.7 10.7 / 11.8 3.7 3.7 / 3.7 11.8 11.8 / 13.7

thus a valid alternative to simple fine-tuning.

6.3 Effects of Longer Context

When causally training on coding datasets, models
condition on multiple functions and declarations
in the same file. The input is a conglomerate of
rapidly changing contexts, with each function or
class being a self-contained entity. Subsequently, a
model is accustomed to localizing its focus when
trained on such data. As an extension to our previ-
ous experiment, we measure the effects of using a
long description dataset, DMCC, as a fine-tuning
target. By training on long descriptions of natu-
ral language, we promote the context-deducting
skills of the model under test. A model able to
widen its focus can avoid distractions caused by
missing keywords. Efficient context understand-
ing will replace not rely heavily on internal bi-
ases. We choose Bloom as the model under test
since it was not explicitly tuned for code genera-

tion but rather general language understanding. In
Table 5, we present results of fine-tuning on MBPP,
modified by our framework. We observe similar
performance improvements as in Table 4. We ex-

Table 5: HumanEval results of fine-tuning Bloom (560M)
on the modified MBPP and long-description DMCC dataset
with (A) or without (NA) augmentations: Model exhibits
increased performance under the combined augmentation
schema against perturbations that challenge language under-
standing. The average of 15 runs is presented. Bold marks
statistically significant improvements under the T-Test (Before
versus +DMCC-A) with a = 0.95.

Pass@1 (T=0.2) Pass@100 (T=0.8)

Before +MBPP +DMCC Before +MBPP +DMCC
Method NA / A NA / A NA / A NA / A

Original 3.7 3.6 / 3.6 3.6 / 3.6 12.1 12.1 / 12.1 12.0 / 12.0
Drop One 3.1 3.1 / 3.6 3.1 / 3.6 10.3 10.3 / 10.9 10.3 / 10.9
Drop All 2.4 2.3 / 2.4 2.3 / 2.9 9.2 9.1 / 9.1 9.1 / 9.7
Drop Ex 3.0 3.0 / 3.0 3.0 / 3.0 11.0 11.0 / 11.3 11.0 / 11.5

Anon 2.5 2.5 / 3.0 2.6 / 3.6 10.7 10.7 / 10.9 10.8 / 11.3
Anon+Drop One 1.9 1.9 / 2.3 1.9 / 2.4 7.8 7.8 / 9.1 7.8 / 9.7
Anon+Drop All 1.8 1.8 / 1.8 1.8 / 2.3 7.0 7.0 / 7.2 7.0 / 8.3
Anon+Drop Ex 2.4 2.4 / 2.9 2.4 / 3.0 9.7 9.7 / 10.3 9.7 / 11.4
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periment again, this time combining both MBPP
and DMCC examples. We show that incorporat-
ing examples of more extended context leads to
even better performance against transformations
targeting the Description Block and language un-
derstanding. Similar experiments were conducted
with the CodeParrot variants but were unfruitful.
We attribute this to the restricted focus regarding
training data (exclusively Python3 code) and archi-
tectural differences between the models. We be-
lieve that the merging benefits of our two proposed
setups can serve as an interesting direction towards
model resilience in code generation scenarios.

7 Conclusions
We present a simple approach to isolate cues and
benchmark the reasoning of code generation mod-
els through input-level transformations. Our

from typing import List
def has_close_elements(numbers: List, threshold: float):

"Check if in the given list of numbers, are any two numbers closer
to each other than given threshold."↪→

Examples:
>>> has_close_elements([1.0, 2.0, 3.0], 0.5)
False
>>> has_close_elements([1.0,2.0,3.0,4.0,5.0,2.0], 0.3)
True
return any(abs(x-y) < threshold for x,y in zip(numbers,

numbers[1:]))↪→

from typing import List
def has_close_elements(numbers: List, threshold: float):

"Check if in the given list of numbers, are any two numbers closer
to each other than given threshold."↪→

for i in range(len(numbers) -1):
if abs(numbers[i] - numbers[i+1]) < threshold:

return True
return False

Figure 2—Example removal reveals poor reasoning (Exam-
ple drop / Codex-v1): The model initially exhibits signs of task
comprehension (top), generating a correct solution. Removing
the examples, however, reveals a lack of proper reasoning;
Although the model still understands that it has to compare
numbers, it resorts to a naive sequential check instead of com-
paring each available pair (bottom).

from typing import List
def string_xor(a:str, b:str) -> str:

"Input is two strings a and b consisting only of 1s and 0s. Perform
binary XOR on these inputs and return the result as a string.↪→

Examples:
>>> string_xor('010','110')
'100'
return ''.join([str(int(a,2) ˆ int(b,2)) for a,b in zip(a,b)])

from typing import List
def string_xor(a:str, b:str) -> str:

"Input is a and b consisting only of 1s and 0s. Perform XOR on
these inputs and return the result.↪→

Examples:
>>> string_xor('010','110')
'100'
return ''.join([str(int(a) ˆ int(b))])

Figure 3—Keyword hinting (Drop All / Bloom 175B): After
the removal of keywords, the context remains intact: The two
strings keyword can be assumed by observing the function
arguments, and the binary/string keywords by the examples
and return type signature of the function. Nevertheless, the
model fails to generate a correct solution (bottom).

method treats code examples as a combination of
three blocks, each providing different cues to the
model. We show that minor transformations can
lead models to failure, signifying the existence of
biases. Our framework can automatically identify
and remove keywords responsible for indirect hint-
ing. We show that popular models with solid results
on challenging coding challenges are susceptible
to our tests, with their performance degrading no-
ticeably. Moreover, we studied the effects of utiliz-
ing our proposed transformations during the fine-
tuning of a model. Models can benefit from our pro-
posed changes, with the effect proportional to their
parameter size. We believe that, despite their suc-
cess, code generation systems with LLMs as back-
bones inherit some of their biases and modes of fail-
ure. Training on structured and well-documented
code, combined with our proposed techniques, is
a promising direction towards reliable code gener-
ation. Although an ideal fit for competition-style
challenges, our method can be extended to support
less formatted high-quality codebases (e.g. GitHub
repositories). For a short analysis see Section 10.1
of the Appendix.

def pairs_sum_to_zero(l):
"Pairs_sum_to_zero takes a list of integers as input. It returns

True if there are two distinct elements in the list that sum to
zero, and False otherwise."

↪→
↪→
Examples:
>>> pairs_sum_to_zero([1,3,5,8])
False
>>> pairs_sum_to_zero([1,3,-2,1])
False
>>> pairs_sum_to_zero([2,4,-5,3,5,7])
True
for i in range(len(l)):

for j in range(i+1, len(l)):
if l[i] + l[j] == 0:

return True
return False

def func(l):
"Func takes a list of integers as input. It returns True if there

are two distinct elements in the list that sum to zero, and
False otherwise."

↪→
↪→
return any(sum(x) == 0 for x in l)

Figure 4—Anonymize + Drop Examples / Incoder 6B:
Using only the problem description, the model creates par-
tially informed subparts (any derives from ”if there are”,
sum(x) == 0 from ”sum to zero”, and for x in l from ”el-
ements in the list”) that are not combined correctly to solve
the task (bottom), signifying that hints from the function name
/ examples were used in the correct solution (top).

8 Limitations

Some limitations and possible research directions
exist in our work. Our study focuses on the Python3
programming language, with many coding chal-
lenges existing in different popular choices (e.g.,
C, C++, Java, Scala). Although the Blocks of In-
fluence identification mechanism could be easily

8



adapted to each case, an off-the-shelf application
of our framework in another language would lead
to errors.

Similarly, the framework assumes that each cod-
ing challenge will be in a ”competition-style” for-
mat, meaning that a proper problem description,
in-docstring examples, and each input types are
present for each example. In Appendix Section
10.1, we present how an adaptation to less format-
ted codebases would be possible, but for now, we
leave it as a future investigation.

Finally, there is no guarantee that the improved
performance against the suggested perturbations
reflects an equivalent performance increase in real-
world code assistant applications. Real-time coding
suggestions and completions that are more user
aligned are out of the scope of this work.

9 Risks and Ethical Considerations
Our research aims to discover and remove biases
in code-generation scenarios through adversarial
intervention. However, we acknowledge that inse-
cure or malicious code can still be generated after
finetuning with our suggested augmentations. Fur-
thermore, our work is focused only on cognitive
biases that affect the reasoning and logic behind
the coding process of large language models. So-
cial biases and stereotypes can still appear when
general-purpose LLMs such as Codex or Bloom
are used in typical text generation scenarios. Signs
of robustness against our methods are not to be
confused with indicators of other forms of biases
not existent.
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10 Appendix

10.1 Extension to open-source code

Although an ideal fit for competition-style challenges, our method can be extended to support less
formatted high-quality codebases (e.g. GitHub repositories). Large files can be broken down into
individual functions/classes, each further analyzed into Blocks of Influence. In such codebases, function
names should be closely relevant to their purpose. The existence of meaningful docstrings is crucial, the
absence of which promotes more memorization and biases as we exhibited. Moreover, the input/output
checks contained in function unit tests can be repurposed as function examples. Keywords can be chosen
similarly, with the context being co-informed by both local and larger scopes.

10.2 Information on Models and Datasets

Model Name Link LICENSE

KeyBert (Grootendorst, 2020) https://github.com/MaartenGr/KeyBERT MIT
Codeparrot (Tunstall et al., 2022b) https://huggingface.co/codeparrot/codeparrot Apache License 2.0
InCoder (Fried et al., 2022) https://github.com/dpfried/incoder CC-BY-NC 4.0
CodeGen (Nijkamp et al., 2022) https://github.com/salesforce/CodeGen BSD 3-Clause
Bloom (Mitchell et al., 2022) https://huggingface.co/bigscience/bloom BigScience RAIL License v1.0
Codex-V2 (Chen et al., 2021) https://beta.openai.com/ N/A

Table 6: URL and Licenses of used Models.

Dataset Name Link LICENSE

CodeParrot Dataset (Tunstall et al., 2022a) https://huggingface.co/datasets/codeparrot/codeparrot-clean Apache License 2.0
HumanEval (Chen et al., 2021) https://github.com/openai/human-eval MIT
MBPP (Austin et al., 2021) https://github.com/google-research/google-research/tree/master/mbpp CC BY 4.0
DMCC (Li et al., 2022) https://github.com/deepmind/code contests Apache License 2.0

Table 7: URL and Licenses of used Datasets.

Name #Problems #Tests per Problem Avg. desc. length Avg. keywords

HumanEval (Chen et al., 2021) 164 8 449 4
MBPP (Austin et al., 2021) 1000 3 235 4
DMCC (Train / Python3) (Li et al., 2022) 8139 85 1480 9

Table 8: Datasets used in experiments. We present the number of problems, number of tests per problem, average
length of the challenge description and average distinct keywords identified by our framework.

For all of our perturbation experiments, we utilize the abovementioned models, and we comply with
their respective licenses and intended use (generating code completions in python3). This also stands
true for Codeparrot and Bloom, for which we create fine-tuned versions. Furthermore, we do not plan
to repack or redistribute any of the used datasets. We plan to release the codebase of this work as an
open-source project.

10.3 Information on Experimental Setup

Our experimental setup consisted of 4x NVIDIA V100 GPUs. Regarding the results of Table 3, the
computing time of each table entry was influenced by: the model size, the k value of pass@k metric
(number of generations), the perturbation method, and the dataset tested. Specifically for the drop one
/ anonymize + drop one methods, the experiment was repeated N times, where N corresponds to the
number of keywords identified. This results in approximately four times slower experiments for those
perturbations since in both HumanEval and MBPP, four keywords on average per problem were identified
(see Table 8). API calls to Codex and Bloom models were subject to throttling limits, and waiting loops
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were introduced to avoid interruptions of service. The total experiment time resulted in approximately
500 hours.

Regarding the finetuning experiments of Table 4, we trained Codeparrot Models with the AdamW
optimizer at a learning rate of 1e-5, batch size of 64, weight decay of 0.01, and constant learning rate
schedule. The same hyperparameters were chosen as well in the case of the MBPP-only experiment of
the Bloom Model in Table 5. When both MBPP and DMCC datasets were combined, a learning rate
of 3e-5 and a batch size of 256 were used. The hyperparameters were chosen after a grid search on
the following choices: Weight decay (0.01 / 0.0), Learning Rate: (1e-6,1e-5,3e-5,5e-5,1e-4), Schedule:
(Constant, Cosine). The batch size was chosen proportionally to the overall dataset length. All models
were trained with the Accelerate library (Gugger et al., 2022) and Zero-3 (Ren et al., 2021) partitioning
schema. Regarding the training objective, we used a custom causal language modeling loss. The loss
was calculated only on the generated tokens corresponding to the problem solution and not on any
tokens belonging to the problem description or examples. We used a random validation split of 10% and
validation loss for all experiments as our metric for early stopping.

10.4 Qualitative Examples

We present examples of code generation failures caused by our framework across different models and
scenarios. On each pair, the left image represents the original, unmodified challenge alongside the
correctly generated solution. The right image contains the modified version of the challenge and the
incorrect completion.

def is_equal_to_sum_even(n):
"Evaluate if n can be written as the sum of exactly 4 positive even

numbers."↪→
Examples:
>>> is_equal_to_sum_even(4)
False
>>> is_equal_to_sum_even(8)
True
if n % 2 != 0:

return False
for i in range(1, n // 2 + 1):

for j in range(1, n // 2 + 1):
for k in range(1, n // 2 + 1):

for l in range(1, n // 2 + 1):
if i + j + k + l == n:

return True
return False

def func(n):
"Evaluate if n can be written as the sum of exactly 4 positive even

numbers."↪→
Examples:
>>> func(4)
False
>>> func(8)
True
if n % 2 != 0:

return False
if n < 8:

reuturn False
if n == 8:

return True
if n > 8:

return func(n - 2)

Figure 5—Instance of anonymization on Codex-V1

def remove_vowels(text):
"Remove_vowels is a function that takes a string and

returns the string without vowels"↪→
>>> remove_vowels('')
''
>>> remove_vowels('abcdef')
'bcdf'
>>> remove_vowels('aaaaa')
''
>>> remove_vowels('aaBAAA')
'B'
vowels = 'aeiouAEIOU'
return ''.join([c for c in text if c not in vowels])

def remove_vowels(text):
"Remove_vowels is a function that takes a string and

returns the string without vowels"↪→
vowels = ['a','e','i','o','u']
for vowel in vowels:

text = text.replace(vowel, '')
return text

Figure 6—Instance of dropping the prompt examples on Codex-V2
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def do_algebra(operator, operand):
"Given two lists operator, and operand. The first List has

basic algebra operations, and the second list is a
List of integers. Use the two given lists to build the
algebric expression and return the evaluation of this
expression.

↪→
↪→
↪→
↪→
The basic algebra operations:
Addition ( + )
Subtraction ( - )
Multiplication ( * )
Floor division ( // )
Exponentiation ( ** )

Example:
operator['+', 'x', '-']
array = [2, 3, 4, 5]
result = 2 + 3 * 4 - 5
=> result = 9

result = operand[0]
for i in range(len(operator)):

if operator[i] == '+':
result += operand[i+1]

elif operator[i] == '-':
result -= operand[i+1]

elif operator[i] == '*':
result *= operand[i+1]

elif operator[i] == '//':
result //= operand[i+1]

elif operator[i] == '**':
result **= operand[i+1]

return result

def do_algebra(operator, operand):
"Given two lists operator, and operand. The first List has

basic algebra operations, and the second list is a
List of integers. Use the two given lists to build the
algebric expression and return the evaluation of this
expression.

↪→
↪→
↪→
↪→
The basic algebra operations:
Addition ( + )
Subtraction ( - )
Multiplication ( * )
Floor division ( // )
Exponentiation ( ** )

return eval(str(operand[0]) + operator[0] +
str(operand[1]) + operator[1] + str(operand[2]) +
operator[2] + str(operand[3]) + operator[3] +
str(operand[4]) + operator[4] + str(operand[5]))

↪→
↪→
↪→

Figure 7—Instance of dropping the prompt examples on CodeParrot-1.7B

def square_nums(nums):
"Find squares of individual elements in a list using the

lambda function."↪→
Examples:
>>> square_nums([1, 2, 3, 4, 5, 6, 7, 8, 9, 16])
[1, 4, 9, 16, 25, 36, 49, 64, 81, 100]
>>> square_nums([10,20,30])
[100,400,900]
return list(map(lambda x: x**2, nums))

def func(nums):
"Find squares of individual elements using the lambda

function."↪→
Examples:
>>> func([1, 2, 3, 4, 5, 6, 7, 8, 9, 16])
[1, 4, 9, 16, 25, 36, 49, 64, 81, 100]
>>> func([10,20,30])
[100,400,900]
s=0
for i in range(len(nums)):

if nums[i] == 0:
s+=1

elif s % 2 == 0:
s+=1

else:
s+=1

return s

Figure 8—Instance of anonymization and keyword drop on Bloom-1.7B

def iscube(a):
"Write a function that takes an integer a and returns True

if this integer is a cube of some integer number."↪→
Examples:
iscube(1) ==> True
iscube(2) ==> False
iscube(-1) ==> True
iscube(64) ==> True
iscube(0) ==> True
iscube(188) ==> False

return a == 0 or a == 1 or (a > 0 and a**(1/3) ==
int(a**(1/3)))↪→

def iscube(a):
"Write a function that takes a and returns True if a cube

of some integer number."↪→
Examples:
iscube(1) ==> True
iscube(2) ==> False
iscube(-1) ==> True
iscube(64) ==> True
iscube(0) ==> True
iscube(188) ==> False

if (a ** 3 == a):
return True

else:
return False

Figure 9—Instance of keyword drop on Bloom-175B
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def do_algebra(operator, operand):
"Given two lists operator, and operand. The first List has

basic algebra operations, and the second list is a
List of integers. Use the two given lists to build the
algebric expression and return the evaluation of this
expression.

↪→
↪→
↪→
↪→
The basic algebra operations:
Addition ( + )
Subtraction ( - )
Multiplication ( * )
Floor division ( // )
Exponentiation ( ** )

Example:
operator['+', 'x', '-']
array = [2, 3, 4, 5]
result = 2 + 3 * 4 - 5
=> result = 9

result = operand[0]
for i in range(len(operator)):

if operator[i] == '+':
result += operand[i+1]

elif operator[i] == '-':
result -= operand[i+1]

elif operator[i] == '*':
result *= operand[i+1]

elif operator[i] == '//':
result //= operand[i+1]

elif operator[i] == '**':
result **= operand[i+1]

return result

def do_algebra(operator, operand):
"Given two lists operator, and operand. The first List has

basic algebra operations, and the second list is a
List of integers. Use the two given lists to build the
algebric expression and return the evaluation of this
expression.

↪→
↪→
↪→
↪→
The basic algebra operations:
Addition ( + )
Subtraction ( - )
Multiplication ( * )
Floor division ( // )
Exponentiation ( ** )

return eval(str(operand[0]) + operator[0] +
str(operand[1]) + operator[1] + str(operand[2]) +
operator[2] + str(operand[3]) + operator[3] +
str(operand[4]) + operator[4] + str(operand[5]))

↪→
↪→
↪→

Figure 7—Instance of dropping the prompt examples on CodeParrot-1.7B

def square_nums(nums):
"Find squares of individual elements in a list using the

lambda function."↪→
Examples:
>>> square_nums([1, 2, 3, 4, 5, 6, 7, 8, 9, 16])
[1, 4, 9, 16, 25, 36, 49, 64, 81, 100]
>>> square_nums([10,20,30])
[100,400,900]
return list(map(lambda x: x**2, nums))

def func(nums):
"Find squares of individual elements using the lambda

function."↪→
Examples:
>>> func([1, 2, 3, 4, 5, 6, 7, 8, 9, 16])
[1, 4, 9, 16, 25, 36, 49, 64, 81, 100]
>>> func([10,20,30])
[100,400,900]
s=0
for i in range(len(nums)):

if nums[i] == 0:
s+=1

elif s % 2 == 0:
s+=1

else:
s+=1

return s

Figure 8—Instance of anonymization and keyword drop on Bloom-1.7B

def iscube(a):
"Write a function that takes an integer a and returns True

if this integer is a cube of some integer number."↪→
Examples:
iscube(1) ==> True
iscube(2) ==> False
iscube(-1) ==> True
iscube(64) ==> True
iscube(0) ==> True
iscube(188) ==> False

return a == 0 or a == 1 or (a > 0 and a**(1/3) ==
int(a**(1/3)))↪→

def iscube(a):
"Write a function that takes a and returns True if a cube

of some integer number."↪→
Examples:
iscube(1) ==> True
iscube(2) ==> False
iscube(-1) ==> True
iscube(64) ==> True
iscube(0) ==> True
iscube(188) ==> False

if (a ** 3 == a):
return True

else:
return False

Figure 9—Instance of keyword drop on Bloom-175B
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def solve(s):
"You are given a string s. If s[i] is a letter, reverse

its case from Lower to upper or vise versa, otherwise
keep it as it is. If the string contains no letters,
reverse the string. The function should return the
resulted string."

↪→
↪→
↪→
↪→
Examples:
>>> solve("1234") = "4321"
>>> solve("ab") = "AB"
>>> solve("#a@C") = "#A@c"
if not s:

return s
if not any(c.isalpha() for c in s):

return s[::-1]
res = ''
for c in s:

if c.isalpha():
res += c.swapcase()

else:
res += c

return res

def solve(s):
"You are given a string s. If s[i] is a letter, case from

lower to upper or vise versa, otherwise keep it as it
is. If the string contains no letters, reverse the
string. The function should return the resulted
string."

↪→
↪→
↪→
↪→
Examples:
>>> solve("1234") = "4321"
>>> solve("ab") = "AB"
>>> solve("#a@C") = "#A@c"
if not s.isalpha():

return s[::-1]
else:

return s.swapcase()

Figure 10—Instance of keyword drop on Incoder-1.6B
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Human Eval MBPP

Model Method
of Attack

Pass@1
(T=0.2)

Pass@100
(T=0.8)

Pass@1
(T=0.2)

Pass@100
(T=0.8)

Incoder (6B) (Fried et al., 2022) Original 15.2 47.0 19.4 65.1
Drop One 12.1 (±0.3) 35.3 (±1.2) 18.9 (±0.5) 52.6 (±1.1)
Drop All 10.2 (±0.5) 28.2 (±1.4) 15.6 (±0.5) 47.0 (±1.9)
Drop Ex 12.7 (±0.3) 29.5 (±0.9) 17.4 (±0.3) 50.3 (±0.7)
Anon 11.6 (±0.2) 32.9 (±0.9) 14.8 (±0.6) 50.7 (±0.8)
Anon+Drop One 8.1 (±0.7) 30.6 (±1.7) 13.5 (±0.7) 46.7 (±2.4)
Anon+Drop All 7.5 (±1.3) 25.2 (±2.3) 11.2 (±1.1) 38.9 (±2.5)
Anon+Drop Ex 11.2 (±0.4) 28.1 (±1.1) 14.5 (±0.5) 50.2 (±1.0)

CodeGen-Mono (6B) (Nijkamp et al., 2022) Original 26.1 65.8 42.3 77.3
Drop One 18.4 (±0.3) 39.3 (±0.9) 25.2 (±0.5) 65.7 (±1.2)
Drop All 13.9 (±0.4) 34.8 (±1.3) 22.4 (±0.6) 57.7 (±1.6)
Drop Ex 20.4 (±0.3) 42.3 (±1.1) 27.2 (±0.5) 61.7 (±1.1)
Anon 18.2 (±0.3) 37.3 (±1.0) 24.0 (±0.5) 65.6 (±1.3)
Anon+Drop One 12.6 (±0.5) 24.6 (±1.4) 15.8 (±0.7) 58.6 (±2.2)
Anon+Drop All 11.5 (±0.8) 23.1 (±1.9) 14.9 (±0.8) 46.3 (±2.6)
Anon+Drop Ex 16.0 (±0.5) 28.3 (±1.6) 18.2 (±0.7) 60.7 (±1.8)

Codex (v1) (Chen et al., 2021) Original 39 82.9 51.7 83.4
Drop One 29.2 (±0.2) 78 (±1.3) 48.3 (±0.4) 78.7 (±1.0)
Drop All 30 (±0.4) 67.2 (±1.7) 33.9 (±0.8) 67.3 (±1.9)
Drop Ex 32.9 (±0.1) 73.7 (±1.1) 42.1 (±0.2) 70.1 (±0.9)
Anon 35.3 (±0.1) 81.7 (±1.2) 50.8 (±0.2) 81.5 (±1.2)
Anon+Drop One 23.7 (±0.5) 67.0 (±2.3) 44.1 (±0.7) 67.7 (±2.6)
Anon+Drop All 19.5 (±0.9) 62.1 (±2.7) 40.7 (±1.4) 61.4 (±3.1)
Anon+Drop Ex 27.4 (±0.3) 65.2 (±1.6) 36.7 (±0.3) 67.7 (±1.5)

Codex (v2) (Chen et al., 2021) Original 49.4 91.4 60.1 86.3
Drop One 36.0 (±0.1) 86.2 (±0.8) 56.0 (±0.3) 79.2 (±1.1)
Drop All 37.1 (±0.3) 73.7 (±1.3) 52.1 (±0.6) 69.5 (±1.8)
Drop Ex 41.4 (±0.1) 81.0 (±1.1) 48.8 (±0.3) 70.7 (±0.9)
Anon 44.5 (±0.2) 90.4 (±1.1) 57.9 (±0.3) 81.7 (±1.0)
Anon+Drop One 29.8 (±0.7) 74.4 (±2.1) 51.2 (±1.1) 69.5 (±2.3)
Anon+Drop All 24.2 (±0.8) 68.7 (±2.8) 47.2 (±1.3) 63.8 (±3.0)
Anon+Drop Ex 34.1 (±0.3) 72.5 (±1.1) 42.6 (±0.4) 70.5 (±1.3)

Bloom (176B) (Tunstall et al., 2022b) Original 16.4 57.2 20.8 62.4
Drop One 12.8 (±0.3) 48.6 15.8 (±0.3) 51.4
Drop All 11.5 (±0.6) 40.2 14.2 (±0.5) 44.4
Drop Ex 15.2 (±0.2) 43.3 15.8 (±0.2) 50.1
Anon 14.0 (±0.3) 48.3 15.1 (±0.1) 51.2
Anon+Drop One 12.8 (±0.4) 41.9 13.6 (±0.7) 46.8
Anon+Drop All 10.3 (±0.8) 36.8 12.6 (±1.1) 38.4
Anon+Drop Ex 14.0 (±0.3) 39.8 14.3 (±0.3) 47.8

Table 10: Second part of results on Human Eval and MBPP datasets, for four tested models.
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Human Eval MBPP

Model Method
of Attack

Pass@1
(T=0.2)

Pass@100
(T=0.8)

Pass@1
(T=0.2)

Pass@100
(T=0.8)

Incoder (6B) (Fried et al., 2022) Original 15.2 47.0 19.4 65.1
Drop One 12.1 (±0.3) 35.3 (±1.2) 18.9 (±0.5) 52.6 (±1.1)
Drop All 10.2 (±0.5) 28.2 (±1.4) 15.6 (±0.5) 47.0 (±1.9)
Drop Ex 12.7 (±0.3) 29.5 (±0.9) 17.4 (±0.3) 50.3 (±0.7)
Anon 11.6 (±0.2) 32.9 (±0.9) 14.8 (±0.6) 50.7 (±0.8)
Anon+Drop One 8.1 (±0.7) 30.6 (±1.7) 13.5 (±0.7) 46.7 (±2.4)
Anon+Drop All 7.5 (±1.3) 25.2 (±2.3) 11.2 (±1.1) 38.9 (±2.5)
Anon+Drop Ex 11.2 (±0.4) 28.1 (±1.1) 14.5 (±0.5) 50.2 (±1.0)

CodeGen-Mono (6B) (Nijkamp et al., 2022) Original 26.1 65.8 42.3 77.3
Drop One 18.4 (±0.3) 39.3 (±0.9) 25.2 (±0.5) 65.7 (±1.2)
Drop All 13.9 (±0.4) 34.8 (±1.3) 22.4 (±0.6) 57.7 (±1.6)
Drop Ex 20.4 (±0.3) 42.3 (±1.1) 27.2 (±0.5) 61.7 (±1.1)
Anon 18.2 (±0.3) 37.3 (±1.0) 24.0 (±0.5) 65.6 (±1.3)
Anon+Drop One 12.6 (±0.5) 24.6 (±1.4) 15.8 (±0.7) 58.6 (±2.2)
Anon+Drop All 11.5 (±0.8) 23.1 (±1.9) 14.9 (±0.8) 46.3 (±2.6)
Anon+Drop Ex 16.0 (±0.5) 28.3 (±1.6) 18.2 (±0.7) 60.7 (±1.8)

Codex (v1) (Chen et al., 2021) Original 39 82.9 51.7 83.4
Drop One 29.2 (±0.2) 78 (±1.3) 48.3 (±0.4) 78.7 (±1.0)
Drop All 30 (±0.4) 67.2 (±1.7) 33.9 (±0.8) 67.3 (±1.9)
Drop Ex 32.9 (±0.1) 73.7 (±1.1) 42.1 (±0.2) 70.1 (±0.9)
Anon 35.3 (±0.1) 81.7 (±1.2) 50.8 (±0.2) 81.5 (±1.2)
Anon+Drop One 23.7 (±0.5) 67.0 (±2.3) 44.1 (±0.7) 67.7 (±2.6)
Anon+Drop All 19.5 (±0.9) 62.1 (±2.7) 40.7 (±1.4) 61.4 (±3.1)
Anon+Drop Ex 27.4 (±0.3) 65.2 (±1.6) 36.7 (±0.3) 67.7 (±1.5)

Codex (v2) (Chen et al., 2021) Original 49.4 91.4 60.1 86.3
Drop One 36.0 (±0.1) 86.2 (±0.8) 56.0 (±0.3) 79.2 (±1.1)
Drop All 37.1 (±0.3) 73.7 (±1.3) 52.1 (±0.6) 69.5 (±1.8)
Drop Ex 41.4 (±0.1) 81.0 (±1.1) 48.8 (±0.3) 70.7 (±0.9)
Anon 44.5 (±0.2) 90.4 (±1.1) 57.9 (±0.3) 81.7 (±1.0)
Anon+Drop One 29.8 (±0.7) 74.4 (±2.1) 51.2 (±1.1) 69.5 (±2.3)
Anon+Drop All 24.2 (±0.8) 68.7 (±2.8) 47.2 (±1.3) 63.8 (±3.0)
Anon+Drop Ex 34.1 (±0.3) 72.5 (±1.1) 42.6 (±0.4) 70.5 (±1.3)

Bloom (176B) (Tunstall et al., 2022b) Original 16.4 57.2 20.8 62.4
Drop One 12.8 (±0.3) 48.6 15.8 (±0.3) 51.4
Drop All 11.5 (±0.6) 40.2 14.2 (±0.5) 44.4
Drop Ex 15.2 (±0.2) 43.3 15.8 (±0.2) 50.1
Anon 14.0 (±0.3) 48.3 15.1 (±0.1) 51.2
Anon+Drop One 12.8 (±0.4) 41.9 13.6 (±0.7) 46.8
Anon+Drop All 10.3 (±0.8) 36.8 12.6 (±1.1) 38.4
Anon+Drop Ex 14.0 (±0.3) 39.8 14.3 (±0.3) 47.8

Table 10: Second part of results on Human Eval and MBPP datasets, for four tested models.
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from typing import List

def func(numbers: List[float]) -> List[float]:
"Given list of numbers (of at least two elements), apply a linear transform to that list, such that the smallest number will

become 0 and the largest will become 1."↪→
>>> func((1.0, 2.0, 3.0, 4.0, 5.0])
[0.0, 0.25, 0.5, 0.75, 1.0]

positives = [num > 0 for num in numbers]
if all(positives):

centred = sum(positives) / 2
return [num - centred for num in numbers]

else:
return [ -num for num in numbers]

for _ in range(10):
np.random.seed(0)
randoms = np.random.rand(100, 5)
randoms = np.sort(randoms, axis=0)
target = randoms[:, 0]
print(target, func(randoms))
print(np.sum(func(randoms)-target)/np.sum(target))

Perfect predictions! We now have a model that has memorized the training data and can generalize to new inputs. This would be
a great time for us to try and create a model which generalizes weil to unseen data points, of, even better, new inputs to
the data. So lets do that now. We will use the same training data as before, with some slight modifications to make use
of sklearns pipeline capabilities, along with some feature engineering using Pandas and our dataset of housing prices.

↪→
↪→
↪→

prices = pd.read_csv('../input/global-wheat-price-prediction/train.csv', parse_dates=['date'])
prices.head()

Figure 13—Incoder (1.6B) adding some snippet of ambiguous functionality followed by something that looks like
some exercise comments.

def func(lst):
"You are given a non-empty list of positive integers. Return the greatest integer that is greater than zero, and has a

frequency greater than or equal to the value of the integer itself. The frequency of an integer is the number of times it
appears in the list. If no such a value exists, return -1."

↪→
↪→
Examples:
func([4, 1, 2, 2, 3, 1]) == 2
func([1, 2, 2, 3, 3, 3, 4, 4, 4]) == 3
func([5, 5, 4, 4, 4]) == -1
# your code here
return -1

def func(lst):
"You are given a non-empty list of positive integers. Return the greatest integer that is greater than zero, and has a

frequency greater than or equal to the value of the integer itself. The frequency of an integer is the number of times it
appears in the list. If no such a value exists, return -1."

↪→
↪→
Examples:
func([4, 1, 2, 2, 3, 1]) == 2
func([1, 2, 2, 3, 3, 3, 4, 4, 4]) == 3
func([5, 5, 4, 4, 4]) == -1
# your code here
# Base Case
If not last: return -1

def func(lst):
"You are given a non-empty list of positive integers. Return the greatest integer that is greater than zero, and has a

frequency greater than or equal to the value of the integer itself. The frequency of an integer is the number of times it
appears in the list. If no such a value exists, return -1."

↪→
↪→
Examples:
func([4, 1, 2, 2, 3, 1]) == 2
func([1, 2, 2, 3, 3, 3, 4, 4, 4]) == 3
func([5, 5, 4, 4, 4]) == -1
d = {}
for i in lst:

if i not in d:
d[i] = 1

else:
d[i] += 1

for i in d:
if d[i] >= i:

return i
return -1

Figure 14—Three different faulty instances of Codex (v1) completions to an anonymized problem.
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10.7 Algorithms

Algorithm 1 Block of Influence Splitting
1: cc : Code Challenge Instance

# Locate function name, which is the next token after the last matched ”def”, and keep start and end
index of it.

2: name, start name index, end name index← NameMatch(cc)
# Anything prior to the match, such as imports or helper functions is considered prefix.

3: prefix← cc[: start name index]
# Look for tokens such as (Example, example, >,≫). If no matches were found, look for uses of the
function name in the challenge.

4: if ExampleMatch(cc[end name index :]) ̸= None then
5: examples, start example index← ExampleMatch(cc[end name index :])
6: else
7: examples, start example index← FunctionMatch(cc[end name index :])
8: end if

# The description should fall between the function name and the examples.
9: description← cc[end name index : start example index]

# Form the blocks and return.
10: NameBlock ← prefix+ name
11: DescriptionBlock ← description
12: ExampleBlock ← examples

Algorithm 2 Keyword Identification
1: KB : The KeyBert model
2: nb : Name Block
3: db : Description Block
4: eb : Example Block
5: kw :← ∅ Keywords
6: fkw :← ∅ Filtered Keywords

# Use the model to extract some initial unigram and bigram keywords.
7: kw ← KB(db)

# Filter out keywords non-related to coding.
8: for i in kw do
9: if cossim(i, [Python, Programming,Code]) > 0.7 then

10: if stem(i) ∈ [nb, eb] or equiv(i) ∈ [nb, eb] then
11: fkw ← i
12: end if
13: end if
14: end for
15: return
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Algorithm 3 Transformation and Execution
1: CM : The code generation model
2: cc : A coding challenge instance
3: nb : Name Block
4: fkw : Filtered Keywords
5: db : Description Block
6: eb : Example Block
7: org pa1 : Original Pass@1 score
8: tra pa1 : Transformed Pass@1 score
9: org pa100 : Original Pass@100 score

10: tra pa100 : Transformed Pass@1 score
11: mode : The transformation mode

# Measure initial performance on the challenge
12: org pa1, org pa100← CM(cc, T = 0.2), CM(cc, T = 0.8)
13: if mode = 0 then
14: cc new ← swap(nb, ”func”) + db+ eb # Anonymization
15: else if mode = 1 then
16: cc new ← nb+ remove kw(db, choose single(fkw)) + eb # Drop One
17: else if mode = 2 then
18: cc new ← nb+ remove kw(db, fkw) + eb # Drop All
19: else if mode = 3 then
20: cc new ← nb+ db # Drop Examples
21: else if mode = 4 then
22: cc new ← swap(nb, ”func”) + remove kw(db, choose single(fkw)) + eb # Anonymization

+ Drop One
23: else if mode = 5 then
24: cc new ← swap(nb, ”func”) + remove kw(db, fkw) + eb # Anonymization + Drop All
25: else if mode = 6 then
26: cc new ← swap(nb, ”func”) + db # Anonymization + Drop Examples
27: end if
28: tra pa1, tra pa100← CM(cc new, T = 0.2), CM(cc new, T = 0.8)
29: dif 1← tra pa1−org pa1

tra pa1

30: dif 100← tra pa100−org pa100
tra pa100

31: return dif 1, dif 100
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10.8 On the effect of function names

Below we present some interesting cases of function names where the name itself, although closely
correlated to the solution, can be misleading to the correct completion of the task if taken as the primary
source of information. We provide our intuitions and completions from Codex-v2 when asked to generate
a function based only on its name.

• Name: sort numbers
Description: Input is a space-delimited string of numerals from ’zero’ to ’nine.’ Valid choices are
’zero,’ ’one,’ ’two,’ ’three,’ ’four,’ ’five,’ ’six,’ ’seven,’ ’eight,’ and ’nine.’ Return the string with
numbers sorted from smallest to largest.
Comment: Looking only at sort numbers, a typical response would be to write a common sorting
algorithm.
Most common Codex completions @ (T=0.2, p=0.95) and @ (T=0.6, p=0.95):

def sort_numbers(l):
return sorted(l, key=lambda x: x[1])

def sort_numbers(l):
return sorted(l, key=int)

• Name: below zero
Description: You’re given a list of deposit and withdrawal operations on a bank account that starts
with a zero balance. Your task is to detect if the account balance falls below zero at any point.
Comment: Looking only at below zero, a typical response would be to write a logical check of an
input number with zero.
Most common Codex completions @ (T=0.2, p=0.95) and @ (T=0.6, p=0.95):

def below_zero(x):
return x < 0

def below_zero(x):
if x > 0:

return False
else:

return True

• Name: x or y
Description: A simple program that should return the value of x if n is a prime number and should
return the value of y otherwise.
Comment: Looking only at x or y, a typical response would be to write a logical check of x ∧ y.
Most common Codex completions @ (T=0.2, p=0.95) and @ (T=0.6, p=0.95):

def x_or_y(x,y,n):
if x == n:

return y
elif y == n:

return x
else:

return n

def x_or_y(x,y,n):
if n == 1:

return x
elif n == 2:

return y
else:

return None
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• Name: find max
Description: Write a function that accepts a list of strings. The list contains different words. Return
the word with the maximum number of unique characters. If multiple strings have the maximum
number of unique characters, return the one which comes first in lexicographical order.
Comment: Looking only at find max, a typical response would be to write a function that returns
the max element from an iterable.
Most common Codex completions @ (T=0.2, p=0.95) and @ (T=0.6, p=0.95):

def find_max(words):
max_len = 0
max_word = ''
for word in words:

if len(word) > max_len:
max_len = len(word)
max_word = word

return max_word

def find_max(words):
max=0
for word in words:

if len(word) > max:
max=len(word)

return max

10.9 Looking for copying patterns in open-source dataset

One of the major benefits of including the CodeParrot models in our analysis is their open-source dataset.
We test our hypothesis of models heavily relying on function names and resorting to copying behaviors
by directly examining CodeParrot training examples. Below we present some incorrect completions
generated by CodeParrot(1.5B) and the ”heavily inspired” files where the responses were found. Note that
in the case of anonymization, responses differ.

• 1 - CodeParrot Completion
def generate_random_string(s):

"Write a function that generates a random string using the seed s."
return " ".join(random.sample(string.ascii_letters + string.digits,s))

This is found in:
’blockly/appengine/storage.py’
’Android/platforms/android/assets/www/Blockly/appengine/storage.py’

CodeParrot Completion Anonymized
def func(s):

"Write a function that generates a random string using the seed s."
return random.choice(s)

• 2 - CodeParrot Completion
def perimeter(s):

"Return the perimeter of a square with side length s."
return perimeter(s).magnitude()

This is found in:
‘bretglun/fwqpbo/fatWaterSeparation.py’
’indico/numpy/distutils/tests/test misc util.py’

CodeParrot Completion Anonymized
def func(s):

"Return the perimeter of a square with side length s."
return (s * 0.5)
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• Name: find max
Description: Write a function that accepts a list of strings. The list contains different words. Return
the word with the maximum number of unique characters. If multiple strings have the maximum
number of unique characters, return the one which comes first in lexicographical order.
Comment: Looking only at find max, a typical response would be to write a function that returns
the max element from an iterable.
Most common Codex completions @ (T=0.2, p=0.95) and @ (T=0.6, p=0.95):

def find_max(words):
max_len = 0
max_word = ''
for word in words:

if len(word) > max_len:
max_len = len(word)
max_word = word

return max_word

def find_max(words):
max=0
for word in words:

if len(word) > max:
max=len(word)

return max

10.9 Looking for copying patterns in open-source dataset

One of the major benefits of including the CodeParrot models in our analysis is their open-source dataset.
We test our hypothesis of models heavily relying on function names and resorting to copying behaviors
by directly examining CodeParrot training examples. Below we present some incorrect completions
generated by CodeParrot(1.5B) and the ”heavily inspired” files where the responses were found. Note that
in the case of anonymization, responses differ.

• 1 - CodeParrot Completion
def generate_random_string(s):

"Write a function that generates a random string using the seed s."
return " ".join(random.sample(string.ascii_letters + string.digits,s))

This is found in:
’blockly/appengine/storage.py’
’Android/platforms/android/assets/www/Blockly/appengine/storage.py’

CodeParrot Completion Anonymized
def func(s):

"Write a function that generates a random string using the seed s."
return random.choice(s)

• 2 - CodeParrot Completion
def perimeter(s):

"Return the perimeter of a square with side length s."
return perimeter(s).magnitude()

This is found in:
‘bretglun/fwqpbo/fatWaterSeparation.py’
’indico/numpy/distutils/tests/test misc util.py’

CodeParrot Completion Anonymized
def func(s):

"Return the perimeter of a square with side length s."
return (s * 0.5)
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10.10 Attention View

In this section, we present illustrations of attention patterns. We use Codeparrot (330M) as our target model,
before and after the combined finetuning process and create visualizations for two coding challenges. The
first challenge is:

def tostring(element):
"Convert the given element to string representation"
Examples:
>>> tostring(1)
"1"
>>> tostring("obj")
"obj"

and the second challenge is:

import math

def perimeter(s):
"Return the perimeter of a square with side length s."
Examples:
>>> perimeter(1)
1
>>> perimeter(math.sqrt(2))
2

For each challenge, we choose to visualize the attention weights calculated for each generated token.
We group together tokens of each challenge into five categories:

• NB: All tokens belonging to the Name Block

• DB: All tokens belonging to the Description Block

• EB: All tokens belonging to the Example Block

• GE: The so-far model generated tokens (solution)

• MISC: Any remaining tokens such as prefixes and imports.

Our goal is to detect whether augmentations can cause visible changes to the attention patterns over the
Blocks of Influence. In our analysis, we observed that a clear, interpretable pattern is rare across layers and
heads. This result is in accordance with visualizations provided in (Li et al., 2022) 2, where a far stronger
model exhibits patterns that can be not so intuitive. In Figures 15,16,17, 18 we observe minor differences
between non-finetuned and finetuned versions. The underlying changes in the reasoning processes of our
coding models are not directly visible with attention maps. Reasoning processes should be viewed as an
effect emergent from multiple interactions across layers and heads and can thus not always be located in a
specific part of them.

2https://alphacode.deepmind.com/

11323



(a)

(b)

Figure 15—Illustrated attention scores of ”tostring” coding challenge before (a) and after (b) augmentation (Layer 4).
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(a)

(b)

Figure 16—Illustrated attention scores of ”tostring” coding challenge before (a) and after (b) augmentation (Layer 8).
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(a)

(b)

Figure 17—Illustrated attention scores of ”perimeter” coding challenge before (a) and after (b) augmentation (Layer 4).
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(a)

(b)

Figure 18—Illustrated attention scores of ”perimeter” coding challenge before (a) and after (b) augmentation (Layer 8).
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Figure 1—Drawing inspirations from the Ancient Greek Academy, we divide the reasoning pipeline into three stages. From
left to right: The current geometric construction task is broken down into the image, its task description, and available tools.
Our framework employs four LLM-based agents, each prompted with a specific role and task. A collaborative multi-round
discussion is conducted where the geometric construction is effectively solved, reflecting the Academy’s collective approach
towards problem-solving and reasoning.

Abstract

Large Language Models (LLMs) demonstrate
ever-increasing abilities in mathematical and
algorithmic tasks, yet their geometric reasoning
skills are underexplored. We investigate LLMs’
abilities in constructive geometric problem-
solving, – one of the most fundamental steps
in developing human mathematical reasoning,
revealing notable challenges in this domain.
LLMs exhibit biases in variable names, strug-
gle with 2D spatial relationships and plan-
ning, and hallucinate object placements. To
this end, we introduce a framework that en-
hances LLMs’ reasoning potential through a
multi-agent system conducting internal dia-
logue. This work underscores LLMs’ limita-
tions in geometric reasoning and improves their

*Equal Contribution

capabilities through self-correction, collabora-
tion, and diverse role specializations.

1 Introduction
Recent advancements in Large Language Mod-
els (LLMs) are groundbreaking, demonstrating in-
creasing proficiency in complex mathematical and
algorithmic tasks. Despite this, LLMs still face sig-
nificant challenges in constructive geometry, a field
fundamental to human mathematical reasoning in-
volving tool usage, planning, and spatial reasoning.

Our investigation in this domain reveals several
intriguing aspects. In instruction following, LLMs
often exhibit a bias towards the style of the ex-
amples rather than focusing on the reasoning nec-
essary for solving these problems. Furthermore,
LLMs capable in maths do not necessarily show
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proficiency in geometrical problems, suggesting
that algebraic reasoning does not directly translate
to spatial and tool-based problem-solving. Another
observation is that the choice of variable names in
geometric constructions can affect the length and
quality of the solutions, pointing to a potential bias
where variable names carry unintended semantic
weight. Moreover, despite being provided with
visual aids, multimodal LLMs such as GPT4-V
demonstrate difficulties interpreting 2D spatial re-
lationships. They can identify objects in a scene
but struggle to integrate them into a coherent plan
involving tools or steps.

We propose a framework to overcome these chal-
lenges. Our solution includes appropriate renaming
to mitigate naming biases and an adaptive prompt
selection mechanism to focus the LLM on relevant
information, avoiding overload. The model builds
on past geometric tasks, enhancing its reasoning
and context awareness. A critical factor in our
approach is using simulacra-based conversational
agents (Park et al., 2023) with specialized roles,
some acting as reasoners while others as solvers or
tool users. This cross-domain dialogue leverages
the strengths of each agent type and fosters a more
effective problem-solving approach than traditional
role-playing methods.

Contributions. The main contributions of our
work can be summarized in three points:
First, we are the first to provide an extensive analy-
sis of the state-of-the-art leading LLMs’ surprising
difficulties in solving fundamental constructive ge-
ometric problems, highlighting a critical gap in
their reasoning capabilities.
Second, we introduce three methods that assist
LLMs in overcoming current limitations in the ge-
ometry domain. Our dynamic prompting mecha-
nism builds on previous interactions instead of un-
informative static prompts, our variable renaming
technique neutralizes biases from variable name
conventions, and our scene description prompt en-
hances LLMs’ abilities to understand and manipu-
late spatial relationships.
Third, we present a novel simulacra-based system
that leverages role and domain differentiation to
integrate tool usage, instruction following, and col-
laborative problem-solving. This system surpasses
non-collaborative methods and standard simulacra
variants, demonstrating adaptability and promis-
ing results across various mathematical domains
beyond geometry.

2 Related Work

Our approach is inspired by various research direc-
tions, briefly described here.

Prompt Engineering The advanced reasoning
abilities of multi-billion-parameter LLMs (Ope-
nAI, 2023; Google, 2023; Chowdhery et al., 2022;
Brown et al., 2020) have transformed prompt engi-
neering into sophisticated interactions for eliciting
detailed responses. Works like (Wei et al., 2022;
Kojima et al., 2022; Zhang et al., 2023b) use in-
termediate reasoning steps in prompts, improving
performance in arithmetic and symbolic reason-
ing tasks. Diverging from hand-crafted prompts,
(Reynolds and McDonell, 2021; Zhou et al., 2023c;
Shin et al., 2020) propose automated prompt gener-
ation methods, exhibiting better results in reason-
ing tasks. In multi-agent scenarios, (Li et al., 2023)
introduce Inception Prompting, enabling collabora-
tive environments under role assignment. Recently,
(Hao et al., 2023; Xie et al., 2023; Yao et al., 2023a)
use tree-search and self-evaluation for exploration
and strategic lookahead, while (Yao et al., 2023b)
unifies planning and acting, prompting models to
generate reasoning traces and actions.

Simulacra - Conversational Agents The con-
cept of ’Agents’ as entities exhibiting emergent
intelligence through collective interaction was
introduced by (Minsky, 1986). This idea has
been extensively applied in reinforcement learn-
ing (Sukhbaatar et al., 2016; Havrylov and Titov,
2017; Dafoe et al., 2020; Bard et al., 2020; Sheng
et al., 2020; Hosseini-Asl et al., 2020; Du et al.,
2021). LLMs are considered potential agents due
to their global knowledge and conversational skills
(Huang et al., 2022; Andreas, 2022; Lo et al., 2023).
(Park et al., 2022) demonstrated LLMs’ effective-
ness in complex social scenarios. Recent works
(Li et al., 2023; Hong et al., 2023; Qian et al.,
2023) systematize the concept of simulacra, provid-
ing frameworks for effective communication. (Wu
et al., 2023; Chen et al., 2023; Lin et al., 2023;
Zhou et al., 2023b) add functionalities like visual-
ization and dynamic agent generation, while (Wang
et al., 2023) introduce a benchmark for fine-grained
role-playing, suggesting training on role-specific
contexts.

Geometric problems While mathematics and
algorithms remain predominant in reasoning chal-
lenges, the exploration of geometry has been lim-
ited. Key datasets (Seo et al., 2015; Chen et al.,
2022; Zhang et al., 2023a; Lu et al., 2021) fea-
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ture multiple-choice formats with annotated dia-
grams. Common approaches convert problems
into relational sets in a domain-specific language
(DSL) or as formal structural clauses, with reason-
ing executed by a symbolic solver or a DSL-trained
model. The recent and parallel work, AlphaGeom-
etry (Trinh et al., 2024), achieved impressive re-
sults on IMO-level geometry problems, using an
LLM trained on synthetic DSL data to interface a
theorem-proof engine where reasoning is delegated.
That level of competence is possible as geometry is
complete and decidable (Tarski, 1959). Contrary to
that, we define all the necessary modules that gener-
ate and verify hypotheses using open-ended LLMs,
showing how to improve their geometric abilities
without changing their weights. In constructive
geometry, tasks require planning, reasoning, and
tool usage, drawing inspiration from (Macke et al.,
2021; Wong et al., 2022). These works focus on Eu-
clidea (Euclidea; PyEuclidea), a dataset with pro-
gressively challenging geometric problems. Our
work proposes an alternative to symbolic solvers
and tree-based search algorithms, enhancing LLMs’
reasoning capabilities in this domain.

3 Preliminaries
In this section, we present the datasets, models,
metrics, and definitions central to our framework.

Euclidea Our primary benchmark is the geome-
try game Euclidea (Euclidea), an online construc-
tion challenge with eight geometric tools and pro-
gressively complex problems. We use the Python
version (PyEuclidea), which includes ninety-eight
challenges across ten levels and a custom API for
solution verification. We also compile a natural
language version of the Euclidea dataset, including
solutions from https://euclidea.fandom.com/
wiki/Euclidea_Wiki, which we will make acces-
sible for future research.

Euclid’s Elements We train open-source LLMs
on Euclid’s Elements, the seminal work on geom-
etry. It presents fundamental axioms and tools,
progressively synthesizing more complex tools
through constructions. Exposure to Elements
aligns LLMs with geometry tasks, theoretically
containing the knowledge to solve the challenges.
We use the English translation of Euclid’s Elements
(Fitzpatrick, 2007-2008) found here.

Models In our setup, we examine the perfor-
mance of seven LLMs. LLamaV2 (Touvron et al.,
2023) shows an impressive performance in reason-
ing, maths, and coding. We test its 7B and 13B vari-

ants. Additionally, we include Mistral (Jiang et al.,
2023) and its fine-tuned variant Zephyr (Tunstall
et al., 2023), two 7B LLMs with performance com-
parable to larger checkpoints of other open-source
LLMs. MetaMath (Yu et al., 2023) specializes
in mathematical and algebraic reasoning, achiev-
ing state-of-the-art results on the Math (Hendrycks
et al., 2021) and GSM8k (Cobbe et al., 2021) chal-
lenges among all open-source LLMs. We test two
variants: the LlamaV2-13B and the Mistral-7B.
We also include OpenAI’s ChatGPT and GPT-4
for their superior performance in reasoning and
problem-solving tasks. Finally, GPT-4’s visual-
language capabilities enable us to assess the role of
visual inputs in solving geometric challenges.

Performance metrics In constructive geometry,
multiple reasoning paths can lead to a correct re-
sult. In some cases, even reordering the steps of a
solution without harming its correctness is possible.
Instead of requiring an exact match to the ground
truth, we use the pass@k metric (Kulal et al., 2019),
which measures the existence of a correct comple-
tion among k independent generations. We adopt
an updated unbiased version proposed in (Chen
et al., 2021). We validate generated solutions using
the Euclidea Python API, presenting the average of
ten runs with different seeds. We choose sampling
temperatures of 0.2 / 0.6 for pass@1 / pass@50
during generation, after hyperparameter search.

4 Method

This section introduces the components of our pro-
posed framework, each addressing the limitations
of LLMs in solving geometrical problems.

4.1 Prompting for Geometric Reasoning

For each geometric challenge, we prompt our
LLMs with a description of the available tools,
their expected operation, and task requirements.
We employ a few-shot setup to enhance our mod-
els’ accuracy and reduce erroneous interpretations
of tool functionalities. Specifically, we maintain
a memory bank of previously encountered prob-
lems and select the most relevant ones for each new
task. This approach, called Adaptive-Shot, ensures
consistent exposure to intricate problems and di-
verse tools, fostering nuanced and context-aware
reasoning. Our mechanism employs a Sentence
Transformer to compare the similarity between the
current level’s description and available tools and
those of all other levels. After filtering out low-
similarity candidates, the remaining examples are
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presented back to the model, which is tasked to
identify the top five most valuable examples, inte-
grating them into the final few-shot prompt.

Figure 2—The Adaptive few-shot mechanism: Given the
problem Construct a 30-degree angle given a ray, we initially
filter our knowledge base for similar examples. Then we either
rank and return the top five most similar results as our prompt
- Adaptive-Shot (ST) or prompt the LLM to filter them out
by itself - Adaptive-Shot (Self). Our proposed method guides
the model by building upon similar or useful demonstrations,
leading to increased performance.

Our method refines the model’s understanding
of geometric concepts and enhances its ability to
effectively apply this knowledge to new and more
complex problems. For further examples, we refer
the reader to the Appendix Section D.

4.2 From Single Models To Simulacra

In the following stage, inspired by various studies
(Li et al., 2023; Park et al., 2022), we employ a
multi-agent setup, extending its application into
new territories. Our methodology innovatively in-
troduces agents differentiated not merely by their
persona but also by their distinct functional roles
within the problem-solving process, pioneering the
disentanglement of reasoning from planning or tool
usage. The first agent set, which we refer to as the
natural language solver SNL, generates rationales
for approaching the problem in natural language.
The geometric tool solver SGT interprets these ra-
tionales and converts them to a series of steps using
exclusively the available geometric tools.

The second set, called validators, is instrumental
in assessing the proposed rationales and geometric
tool steps, thus introducing a new layer of roles.
Like solvers, validators receive domain-specific
prompts, distinguishing them as natural language
or geometric tool agents. However, unlike solvers

who use the adaptive-shot mechanism, validators
are prompted with propositions from Euclid’s Ele-
ments and a static collection of incorrect examples
alongside their rectifications. Depending on their
domain, these are expressed in natural language
or geometric tool steps. They engage in dialogue
with solvers, providing feedback through up to five
rounds of interaction. Validators approve or recom-
mend modifications to the solver’s steps, prompting
refinements.

Figure 1 shows the interaction between agents:
The natural language solver suggests a solu-
tion plan, refined by the natural language validator

. This plan is then converted into tool steps by

the geometric tool solver and validated by the

geometric tool validator .

4.3 Enhancing Spatial Awareness

Building on the collaborative dynamic between
solvers and validators, we identified a significant
limitation in their ability to conceptualize spatial re-
lationships in geometric problems. This issue man-
ifests through actions like attempting to connect
non-aligned points with a straight line or assuming
unverified relationships between objects.

Figure 3—VRP extraction using GPT-4V: An auxiliary
prompt with the problem question and an initial state image is
presented to GPT-4V, which returns a list of Points, Objects,
and their Relations as bullet points. This information is then
added to the overall agent prompt.

To address this, we introduce an auxiliary
Vision-Language Large Model (VLLM), specifi-
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cally GPT4-V, for its superior performance and
ease of use to enhance scene comprehension. The
VLLM is used not as the primary reasoner but
as a scene analysis tool. It is prompted with an
image-problem pair and asked to describe the ge-
ometric elements, their interrelations, and spatial
orientations. This description, the Visual Relations
Prompt (VRP), is added to each agent’s prompt.
The VRP disentangles spatial recognition from ge-
ometric problem-solving, reducing the need for re-
current interactions with visual extractors. It is both
cost-efficient and flexible, enabling models without
innate visual capabilities to utilize the VRP and
enhance their decision-making abilities. Illustrated
examples of the VRP can be found in Appendix
Section G.

4.4 Mitigating Naming Biases

LLMs can adopt social biases from humans (Wal-
lace et al., 2019; Liang et al., 2021), or be nega-
tively affected by language bias in their reasoning
process (Lin et al., 2020; Mouselinos et al., 2023).
We observe a similar bias in the terminology used
for geometric entities. For instance, when con-
structing a target named ’E’ in contexts with ’A,’
’B,’ and ’C,’ models often create an intermediate
’D’ before proceeding to ’E,’ leading to unneces-
sary complexity. Likewise, choosing a target vari-
able earlier in the alphabetical sequence than the
required minimum steps to solve the problem can
introduce faulty rationales (e.g., choosing ’C’ as
the target of a five-step solution can lead to early
stopping on an intermediate generated ’C’ point,
abruptly ending the construction).

Thus, we propose a simple strategy to address
this issue: substituting the target variable with ’X,’
a universal symbol for unknowns in mathematics.
This strategy encourages models to seek the most
direct solutions, as demonstrated in Figure 4.

5 Experiments
We present a comprehensive performance analysis
on the Euclidea dataset in Table 1. Our results
encompass three testing setups:

In Few-shot, models are prompted with the task,
tool descriptions, and five solved examples using
geometric tools.

In Finetuned, all open-source models are fine-
tuned using Euclid’s "Elements" to acquire foun-
dational knowledge. Aside from tutorial levels,
Euclidea challenges do not directly overlap with
"Elements" problems. We use the same setup for

testing as in Few-shot.
Simulacra refers to our proposed multi-agent

framework, equipped with an adaptive few-shot
mechanism, visual relations prompting, and vari-
able renaming.

Initially, all models performed modestly in our
few-shot experimental setup, with noticeable im-
provements after fine-tuning. This outcome aligns
with our expectation that familiarity with standard
mathematical and reasoning scenarios does not en-
sure proficiency in constructive geometry tasks.
We posit that fine-tuning with Euclid’s "Elements"
represents the upper limit of improvement achiev-
able by open-source models, constrained by the
dataset’s size. MetaMath-Mistral 7B is the most
promising among the open-source options, which
we further examine with our multi-agent setup. Our
results reveal a significant performance boost in
larger models (ChatGPT / GPT4) and, notably, in
MetaMath-Mistral 7B, under our proposed frame-
work, surpassing the few-shot ChatGPT in perfor-
mance. This finding underscores the adaptability
and effectiveness of our approach across a spec-
trum of model sizes.

We also compare against two prior studies on
the Euclidea dataset. The model by (Macke et al.,
2021) combines a Masked-RCNN detector with
an iterative deep search algorithm, using the Eu-
clidea API to verify each step until a solution is

Figure 4—Visualized GPT-4 reasoning paths for the problem:
"Find a point [Target] that is equidistant from given points
A and B." Four illustrations depict different reasoning paths
based on the target name. Naming the target C leads to a
3-step solution: draw circle A with radius AB, draw circle B
with radius AB, and mark their intersection as C. Naming it
D adds a fourth step, marking D as the final answer. Naming
it E introduces variables C and D first, resulting in a 5-step
solution with E on the perpendicular bisector of AB. For X,
the model reverts to a 3-step process, marking any intersection
arbitrarily and offering multiple solutions for X.
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found within a pre-defined depth limit. Euclid-Net
(Wong et al., 2022) uses "Deep visual reasoning
with backtracking," where a neural network assists
in step selection. These models rely on precise vi-
sual component extractors and real-time feedback
during their trial-and-error process. To assess the
possible benefits of real-time feedback, we intro-
duce Feedback mode (+FB), where validators have
access to ground truth answers instead of relying
solely on their internal knowledge but are restricted
to simply informing solvers about the correctness
of their steps, avoiding any solution leak. Our find-
ings show only a slight performance improvement,
indicating that solvers struggle to develop complex
solutions even with ground truth hints, highlight-
ing the nuanced complexities of applying LLMs to
constructive geometry.

Method pass@1 pass@50

Few-Shot

LlamaV2 (7B) 3.1 (± 0.5) 4.4 (± 0.7)
LlamaV2 (13B) 4.4 (± 0.4) 7.5 (± 0.8)
MetaMath (13B) 4.7 (± 0.4) 8.1 (± 0.8)
Mistral (7B) 5.1 (± 0.6) 8.7 (± 1.1)
Zephyr-α (7B) 5.3 (± 0.5) 8.9 (± 1.1)
MetaMath-Mistral (7B) 8.9 (± 0.7) 13.4 (± 1.2)
ChatGPT 11.7 (± 1.1) 18.6 (± 1.5)
GPT4 21.2 (± 1.3) 38.3 (± 1.4)
GPT4-V 22.8 (± 1.2) 38.5 (± 1.4)

Finetuned

LlamaV2 (7B) 3.7 (± 0.6) 5.1 (± 0.7)
LlamaV2 (13B) 4.9 (± 0.4) 8.7 (± 0.8)
MetaMath (13B) 5.3 (± 0.5) 9.2 (± 1.0)
Mistral (7B) 6.9 (± 0.7) 9.7 (± 1.1)
Zephyr-α(7B) 6.6 (± 0.6) 9.5 (± 1.2)
MetaMath-Mistral(7B) 9.4 (± 0.9) 16.2 (± 1.3)

Ours - Simulacra

MetaMath-Mistral (7B) 14.9 (± 1.3) 21.1 (± 1.7)
ChatGPT 32.3 (± 1.3) 61.4 (± 2.1)
GPT4 38.9 (± 1.1) 67.7 (± 2.2)
GPT4-V 37.1 (± 1.4) 65.9 (± 2.0)

FB + MetaMath-Mistral (7B) 15.1 (± 1.5) 21.4 (± 1.6)
FB + ChatGPT 35.6 (± 1.7) 63.5 (± 2.2)
FB + GPT4 41.2 (± 1.6) 71.2 (± 2.0)
FB + GPT4-V 40.3 (± 1.7) 70.6 (± 2.3)

Supervised Visual Component + Exhaustive Search

Method Accuracy

(Macke et al., 2021) (LOO-levels) 44.1
(Macke et al., 2021) (LOO-packs) 45.5
(Wong et al., 2022) Euclid-Net 75.5

Table 1: Results on Euclidea. Ours refers to the SNL − SGT

with VRP, variable renaming, and Adaptive Shot (Self). LOO
stands for "Leave-One-Out": The model is either trained on
the rest of the levels in the same pack (LOO-level) or the rest
of the packs in the dataset (LOO-packs). GPT4-V refers to
the multimodal use of GPT4 without the use of VRP in the
Simulacra experiments.

6 Ablation Studies
This section presents ablation studies that under-
pin our model’s development, as detailed in the
methods section. These studies highlight the itera-
tive refinement and integration of model elements,
addressing limitations observed in LLMs during
geometric problem-solving.

6.1 Hallucinations and Context Dependence

In our exploration, we initially tested LLMs in a
zero-shot manner using only tool descriptions as
context, which often resulted in hallucinated tool
functionalities. To mitigate this, we transitioned
to a few-shot setup, providing solved examples to
demonstrate proper tool usage. This adjustment re-
duced the incidence of tool hallucinations as mod-
els benefited from clear demonstrations. However,
a new problem emerged: models began replicating
entire reasoning processes and were heavily influ-
enced by the step sequences in the few-shot exam-
ples. We hypothesized that this behavior stemmed
from the instruction-following training nature of
LLMs, where they are predisposed to mimic styles
and patterns seen in the prompts. In our case, mod-
els were not mimicking styles but inadvertently
replicating entire reasoning processes.

Our adaptive shot method solved these chal-
lenges. Unlike random or static few-shot exam-
ples, our adaptive shot method ensures that the
most valuable demonstrations are selected for the
models at each step. This dynamic approach sig-
nificantly reduced hallucinations and repetitive rea-
soning patterns. We also compared Adaptive-Shot
(Self) with a simpler variant, Adaptive-Shot (ST),
where the Sentence Transformer selected the ex-
amples after the filtering stage. The Adaptive-Shot
(Self) method proved slightly more effective, al-
beit with the trade-off of more API calls than the
Adaptive-Shot (ST), showcasing that our prompt-
ing method exceeds the Sentence Transformer’s
contextual abilities.

The results, as shown in Table 2, validate the per-
formance benefits of our proposed method, demon-
strating its superiority in addressing the limitations
observed in earlier setups.

6.2 Effectiveness of Domain and Role Division

Interestingly, LLMs proved quite successful us-
ing geometric tools when prompted to generate
ideas—not specific steps. Although they made con-
venient assumptions, their overall reasoning was
still accurate. This led us to question the root cause
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of the discrepancy between knowing the solution as
a plan in natural language and failing to execute it
accurately using strict and abstract geometric tools.

We tested whether we benefit from those worlds’
synergy: an LLM could focus on generating ideas
in natural language, and another could specialize
in transforming these ideas into a series of geomet-
ric tool steps. By employing such a multi-agent
setup, as seen in Table 3, we observed a significant
performance gain – 13.6 → 21.5 pass@1 – when
comparing a single agent (SGT ) operating directly
with geometric tools against a duo of collaborative
agents with differentiated domains (SNL − SGT ).
The introduction of validators, the second set of
agents in our framework, plays a crucial role in
assessing the proposed rationales and geometric
tool steps. Their continuous feedback loop with
solvers, correcting superficial mistakes and prevent-
ing errors, leads to a further performance boost of
22.2 → 28.1 pass@1 in our proposed multi-agent
configuration. Our approach of disentangling rea-
soning and execution facilitates efficient dialogue
between agents. Each agent entirely focuses on
its domain, transmitting only the necessary infor-
mation to the next step while being receptive to
feedback. This method enables more accurate and
reliable problem-solving compared to traditional
multi-agent techniques.

Method pass@1 pass@50

Zero-Shot 5.9 (± 1.9) 9.6 (± 2.7)
Few-Shot (Tutorial) 7.2 (± 1.4) 15.9 (± 3.1)
Few-Shot (Alpha) 11.4 (± 1.8) 18.6 (± 3.2)
Few-Shot (Beta) 12.7 (± 2.2) 20.8 (± 3.6)
Adaptive-Shot (ST) 13.3 (± 1.8) 21.2 (± 3.0)
Adaptive-Shot (Self) 13.6 (± 1.8) 21.5 (± 2.7)

Table 2: Effectiveness of in-context examples: ChatGPT
3.5-Turbo on Alpha and Beta levels. Our adaptive method
showcases its ability to employ useful examples from the
already seen levels, leading to increased performance than
static, hard-coded alternatives.

Configuration Agents Domains pass@1 pass@50

SGT 1 1 13.6 (± 1.8) 21.5 (± 2.7)
SVGT 2 1 17.9 (± 1.2) 34.9 (± 2.3)
SNL − SGT 2 2 22.2 (± 1.3) 46.7 (± 2.0)
SVNL − SVGT 4 2 28.1 (± 1.1) 53.5 (± 2.4)

Table 3: ChatGPT 3.5-Turbo on Alpha and Beta levels. S:
Solver, V: Validator, NL: Natural language, GT Geomet-
ric tools. Our proposed multi-agent setup with role and
domain differentiation showcases significant performance
gains against a typical multi-agent setup SNL − SGT vs
SGT . This holds also true with the introduction of validators
that further boost the overall performance of the framework
SVNL − SVGT vs SVGT .

6.3 Visual Aids in Spatial Reasoning

Another noteworthy finding was that LLMs often
created new geometric objects without acknowl-
edging their overlap with existing ones. Moreover,
they occasionally suggested steps that violated ge-
ometric rules or led to repetitive movements. We
hypothesized that LLMs’ difficulty with geomet-
ric reasoning in 2D spaces stems from a lack of
exposure to such setups, typically operating in a
unidimensional, left-to-right manner. This raised
the question: Could introducing a visual signal
bridge this reasoning gap?

We prompted GPT4-V with simple freehand
sketches of geometric objects to explore this. The
model successfully identified these, including sub-
tle aspects like right angles indicated by small cor-
ner squares. In this way, we first established that
the model can indeed understand geometric scenes.
Continuing with a more complex test, we presented
GPT4-V with an image/problem pair and asked for
the first solution step. We then deliberately per-
formed an incorrect step, drew it on the image, and
presented it back to the model. The model often
validated these erroneous steps in this setup, sug-
gesting a disconnect between scene understanding
and geometric reasoning.

The findings in Table 4 illustrate this observa-
tion: Comparing GPT4 with its multimodal variant,
GPT4-V, revealed a marginal improvement, sug-
gesting that visual signals assist during initial scene
understanding. Building on these insights, we com-
pared our proposed VRP method, VRP-GPT4, to
the multimodal approach GPT4-V and observed
an additional performance boost. Here lies the key
advantage of our VRP method: Not only does it
match, if not slightly surpass, the effectiveness of
the multimodal approach, but it enables the trans-
fer of scene understanding benefits to non-visually
capable models like ChatGPT, which significantly
improved when enhanced with VRP.

6.4 Impact of Geometry Nomenclature

LLMs mirror the human convention of alphabetical
naming in mathematical contexts. The choice of
target variables later in the alphabetical order leads
to longer and more inaccurate solutions. This is
a byproduct of their training on human-generated
texts, where entities in algebraic or geometric con-
texts typically adhere to an alphabetical naming
convention -labeling a triangle as ABC rather than
EOA. Similarly, variables associated with the as-
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signment of solutions, like X, would theoretically
condition the LLM to find its value, possibly assign-
ing it to any given constructed object. We designed
an experiment with 20 geometric problems to em-
pirically validate this hypothesis, each requiring
3 to 5 solution steps. In these problems, we ma-
nipulated the target variable in three distinct ways:
maintaining the original name (+0), replacing it
with the letter X (+X), and renaming it using a let-
ter 1, 2, or 3 positions further in the alphabetical
sequence (+1, +2, +3). As depicted in Table 5,
models perform worse when the target variable is
shifted by one or two letters in the alphabet. Inter-
estingly, this tendency diminishes when the target
is more than three letters away and is further re-
duced with the substitution of ’X,’ underscoring its
effectiveness as a neutral, bias-mitigating variable.

Domain Method pass@1 pass@50

Language ChatGPT 13.6 (± 1.8) 21.5 (± 2.7)
GPT4 23.9 (± 0.9) 44.8 (± 1.6)
ChatGPT⋆ 28.1 (± 1.2) 53.5 (± 1.7)
GPT4⋆ 33.7 (± 1.0) 62.0 (± 1.3)

Multimodal GPT4-V 24.2 (± 1.4) 45.1 (± 1.7)
VRP-ChatGPT 19.4 (± 1.1) 37.1 (± 1.3)
VRP-ChatGPT⋆ 34.5 (± 0.8) 59.2 (± 1.2)
VRP-GPT4 25.3 (± 0.9) 48.6 (± 1.4)
VRP-GPT4⋆ 38.8 (± 0.9) 64.6 (± 1.2)

Table 4: Multimodal prompt effectiveness. Experiments on
the Alpha and Beta pack levels. The (⋆) symbol refers to an
SVNL − SVGT multi-agent configuration.

ChatGPT ChatGPT⋆ VRP-ChatGPT⋆

+0 10.7 (± 2.1) 48.1 (± 2.3) 60.7 (± 2.9)
+1 10.1 (± 2.4) 46.3 (± 2.1) 57.9 (± 2.5)
+2 10.1 (± 2.4) 47.5 (± 1.9) 57.9 (± 3.0)
+3 10.6 (± 1.2) 47.9 (± 1.7) 59.2 (± 2.3)
+X 10.5 (± 1.7) 48.6 (± 1.9) 61.1 (± 2.2)

GPT4 GPT4⋆ VRP-GPT4⋆

+0 35.2 (± 2.5) 52.9 (± 2.1) 65.1 (± 2.2)
+1 32.8 (± 2.6) 50.4 (± 2.2) 63.4 (± 3.2)
+2 31.6 (± 2.8) 50.7 (± 2.7) 63.6 (± 2.9)
+3 32.4 (± 1.1) 51.8 (± 1.4) 64.7 (± 2.1)
+X 37.5 (± 1.3) 53.3 (± 1.5) 66.2 (± 2.4)

Table 5: Qualitative results on the effect of variable renaming.
Results refer to the pass@50 metric. The star symbol (⋆)
refers to SVNL − SVGT configuration.

6.5 Generalisation to different datasets

While our focus has been primarily on geometric
problems, our framework is designed with adapt-
ability in mind. Transitioning to a different toolset
from the Euclidea tools, currently represented in
our framework as text-based Name: Operation lists,
requires minimal adjustment. This flexible design
can theoretically introduce any new toolset by sim-
ply integrating it into the domain-specific agents’
persona prompts with slight modifications to align

with their unique capabilities. To this end, we
tested its performance against three datasets involv-
ing mathematical reasoning: GSM8K, SVAMP,
and the Geometry split from the MATH dataset.
The toolset consisted of all basic math operations
(+, -, *, /) and a Python interpreter tool that could
sequentially execute any steps suggested before its
call. We were inspired by (Zhao et al., 2023), who
identified diverse reasoning patterns with Chain of
Thought (COT) (Wei et al., 2022) versus Program-
Aid (PAL) (Gao et al., 2023) methodologies. While
COT is recognized for its creativity and flexibility
in devising solutions, PAL is noted for its enhanced
accuracy in numerical computations. This differ-
entiation of domains was an ideal fit for our frame-
work: A pair of Solver-Validator agents (SVNL)
initially planned the solution of a math problem in
the natural language domain. The produced ratio-
nale is passed to another pair (SVMPT ), which uti-
lizes the set of tools to formulate precise solutions.
Finally, we employed the Adaptive Few-Shot mech-
anism with examples from each dataset’s training
split. Results in Table 6 show our multi-agent setup
performing close to state-of-the-art methods de-
spite not being primarily designed for these tasks.
The MetaMath-Mistral model also saw significant
performance boosts using our method, even in non-
geometric setups.

Method Model GSM8K SVAMP Geometry

MM-Mist 84.3 79.7 21.6
Ours ChatGPT 88.4 86.1 40.2

GPT4 96.9 95.8 56.3

MetaMath MM-Mist 77.7 75.8 18.4
(Yu et al., 2023)
MS (SC, K=15) ChatGPT 89.2 85.2 N/A

(Zhao et al., 2023) GPT4 96.8 95.8 N/A
PHP (SC, K=40) ChatGPT 85.1 83.1 25.4

(Zheng et al., 2023) GPT4 95.5 91.9 41.9

CSV (K=1 / K=16) GPT4-Code 92.9 / 97.0 N/A 54.0 / 64.9
(Zhou et al., 2023a)

Table 6: Results of the multi-agent framework on mathemati-
cal datasets. MM-Mist: MetaMath-Mistral 7B. N/A refers to
not reported results.

7 Conclusions
Our study highlights the challenges LLMs face
in constructive geometry, including limited skill
transfer from other mathematical domains, inade-
quacies of typical prompting techniques, and a lack
of 2D spatial reasoning. We identify that existing
LLMs struggle with geometric tasks without induc-
tive solid biases like theorem provers (Trinh et al.,
2024). Furthermore, our research demonstrates
that a multi-agent system with role and domain spe-
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cializations can effectively address geometric prob-
lems and perform equally well in other domains.
We hope our work serves as a foundation for devel-
oping training systems that operate in multi-agent
settings, which is crucial for domains requiring
deep, specific, and accurate cognitive processing.

8 Limitations
We hope to attract more attention to this domain
and look forward to seeing future work improv-
ing our multi-agent setup or shifting the train-
ing paradigm of newer-generation LLMs to foster
deeper reasoning in mathematical and geometric
domains. However, we are aware of the poten-
tial risk associated with our work, specifically the
cost of experiments involving closed-source LLMs
behind APIs. These costs primarily stem from ex-
tensive communication rounds and large context
sizes, which can lead to substantial expenses. Re-
searchers planning to replicate or extend our work
must consider this, as it could significantly impact
their research budgets and timelines. Furthermore,
we acknowledge the possible limitations of apply-
ing our method to domains where planning, tool
usage, and/or validation might not be critical. Sim-
pler methods could be proven cheaper and better in
these domains.

Finally, we do not identify any ethical consid-
erations associated with our proposed ideas and
suggested methods or any possible malicious or
unintended harmful uses.
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A Information on Models and Datasets

Model Name Link LICENSE

LlamaV2 (Touvron et al., 2023) https://github.com/facebookresearch/llama LLAMA 2 COMMUNITY LICENSE AGREEMENT
MetaMath (Yu et al., 2023) https://github.com/meta-math/MetaMath Apache License 2.0
Mistral (Jiang et al., 2023) https://github.com/mistralai/mistral-src Apache License 2.0
Zephyr-α (Tunstall et al., 2023) https://huggingface.co/HuggingFaceH4/zephyr-7b-alpha MIT
MetaMath-Mistral (Yu et al., 2023) https://github.com/meta-math/MetaMath Apache License 2.0
ChatGPT (Ouyang et al., 2022) OpenAI - API usage of gpt-3.5-turbo-16k N/A
GPT4 (OpenAI, 2023) OpenAI - API usage of gpt-4-32k N/A
GPT4-V (OpenAI, 2023) OpenAI - API usage of gpt-4-vision-preview N/A

Table 7: URL and Licenses of used Large Language Models / APIs.

Dataset Name Link LICENSE

Euclid-Elements (Fitzpatrick, 2007-2008) https://farside.ph.utexas.edu/books/Euclid/Elements.pdf CC BY-NC-SA 4.0
Python Port of Euclidea (PyEuclidea) https://github.com/mirefek/py_euclidea MIT
Euclidea Wiki Page https://euclidea.fandom.com/wiki/Euclidea_Wiki CC BY-SA
GSM8k (Cobbe et al., 2021) https://github.com/openai/grade-school-math MIT
SVAMP (Patel et al., 2021) https://github.com/arkilpatel/SVAMP MIT
Geometry / MATH (Hendrycks et al., 2021) https://github.com/hendrycks/math/ MIT

Table 8: URL and Licenses of used Datasets.

The licenses associated with the models and datasets used in this work are consistent with their intended
use in academic and research contexts. Specifically, the LLAMA 2 Community License Agreement and
the Apache License 2.0 are permissive licenses that allow for extensive use in research and academic
settings, provided that proper attribution is given. Similarly, the MIT License, the CC BY-NC-SA 4.0, and
the CC BY-SA also support usage in academic work, allowing for modification and distribution under
certain conditions. The OpenAI API usage adheres to OpenAI’s terms of service, which permits their
application in research.

B Information on Experimental Setup
Our experimental setup consisted of 1x NVIDIA A100 GPU. Regarding the fine-tuning results on
Euclid’s Elements of Table 1, we trained all LLMs using the bitsandbytes library (https://github.com/
TimDettmers/bitsandbytes) and 4-bit quantization with the QLoRA technique (Dettmers et al., 2023).
The Euclid-Elements dataset we created consists of approximately 1 million characters, or equivalently
290k thousand ChatGPT / GPT4 tokens.

Below, the reader can find the full hyperparameter list:

Hyperparameter Value
Training Epochs 3
Batch Size 32
Accumulation Steps 4
Learning Rate 2e-5
Warmup Ratio 0.03
Scheduler Cosine
Max Gradient Norm 0.3
Weight Decay 0.001
Lora Alpha 16
Lora Dropout 0.1
Lora R 64
Use 4bit True
BnB_4bit_compute_dtype Float16
BnB_4bit_quant_type NF4
Gradient Checkpointing True
Optimizer Paged_adamw_32bit

Table 9: Hyperparameters and their values

Regarding the training objective, we used the typical causal language modeling loss. Moreover, we used
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a validation split of 10% sampled uniformly across different book chapters. We monitored the validation
loss every 500 steps as our metric for early stopping.

Regarding the API calls to OpenAI models, gpt3.5-turbo-16k was used for the ChatGPT experiments,
gpt4-32k was used for the GPT4 experiments, and the extraction of Visual Relation Prompts, The endpoint
called gpt4-vision-preview was used. Our API calls were subject to throttling limits, and waiting loops
were introduced to avoid service interruptions. We conducted most of our ablation studies and early
experiments with ChatGPT to avoid massive waiting times and reduce the high experimental cost. The
total experiment time was approximately 500 hours, and our total costs were around 2000 USD.

Finally, regarding the choice of 0.2 and 0.6 temperature values for pass@1 and pass@50, we experi-
mented with different combinations of values for solvers on the Alpha pack of the Euclidea dataset and a
100 problem subset of GSM8K. For pass@1, values between 0.2 and 0.3 worked best, while for pass@50,
values between 0.6 and 0.8 also worked great. We finalized our decision on the values 0.2 and 0.6 for all
solver experiments. The temperature of validator agents was 0.8 in all cases, based on the idea that we
wanted more expressiveness and different reasoning pathways to be considered when validating a solution.
We found that setting the temperature too low (0-0.2) led validators to accept more solutions verbatim,
defying their purpose.
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C Tools and problems from Euclidea dataset
There are 10 tools available in Euclidea, although not all of them can be used on every level. Tools become
available progressively as the difficulty increases. Here is a list of all available tools:

1. Move Tool: Moves a geometric object.
2. Point Tool: Marks a point and labels it.
3. Line Tool: Draws a line between two points or a ray from a starting point.
4. Circle Tool: Constructs a circle using a specific point as the center.
5. Perpendicular Bisector Tool: Creates the perpendicular bisector of a segment between two points.
6. Perpendicular Tool: Draws a line perpendicular to a given one at a specific point.
7. Angle Bisector Tool: Creates a line that bisects a given angle.
8. Parallel Tool: Draws a line parallel to a given line or segment.
9. Compass Tool: Uses a compass to construct a circle with a radius equal to a given segment.

10. Intersect Tool: Marks the intersection between two geometric objects.

Here are some sample problems from different difficulty levels:

Problem: Rhombus in Rectangle - Pack: Alpha

Given the rectangle ABCD with AB > AD. Inscribe a rhombus in the rectangle so that they share a diagonal.
Available Tools: [Line Tool, Circle Tool, Perpendicular Bisector Tool, Intersect Tool]
Solution:
Perpendicular Bisector Tool: Construct the perpendicular bisector of AC, intersecting AB at E and CD at F.
Line Tool: Construct line AF.
Line Tool: Construct line CE.

Problem: Lozenge - Pack: Gamma

Given the side AB. Construct a rhombus with the given side and an angle of 45° in a vertex.
Available Tools: [Line Tool, Circle Tool, Perpendicular Bisector Tool, Perpendicular Tool, Intersect Tool, Angle Bisector
Tool]
Solution:
Perpendicular Tool: Construct the perpendicular to AB from A; let C be a distinct arbitrary point on that perpendicular.
Angle Bisector Tool: Construct the angle bisector of BAC.
Circle Tool: Construct the circle with center A and radius AB, intersecting the angle bisector at D and line AC at E with
E on the side of A opposite from C.
Perpendicular Tool: Construct the perpendicular to AC through D.
Line Tool: Construct line BE.

Problem: Angle of 54 - Pack: Theta

Let A be the vertex. Construct two rays that divide the given angle of 54 degrees into three equal parts.
Available Tools: [Line Tool, Circle Tool, Perpendicular Bisector Tool, Intersect Tool, Parallel Tool, Compass Tool]
Solution:
Circle Tool: Construct a circle with center B on either line and radius AB. Circle B intersects with line AB at point C,
and the other line at point D.
Circle Tool: Construct a circle with center D and radius AD. Circle D intersects with circle B at point E.
Line Tool: Draw line AE. This is the first angle trisector.
Circle Tool: Draw circle with center E and radius EC. Circle E intersects with circle B at point F.
Line Tool: Draw line AF. This is the second angle trisector.
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D Static Versus Adaptive Few-Shot
In this section, we will provide a more detailed overview of our adaptive few-shot mechanism.

Initially, we collect a set of previously solved problems alongside their solutions, which we refer to as
our knowledge base. This set can be acquired in multiple ways: In the case of our GSM8K / SVAMP /
Geometry-Math experiments of Table 6, we use all problems belonging to the provided training split.

In the case of the Euclidea experiments of Table 1, we begin with a small set of five handcrafted
geometric challenges. Euclidea’s problems vary in difficulty and are grouped into increasingly difficult
level packs. Since we are not provided with a training split, we add all problems belonging to previously
seen packs to our knowledge base during the solution of a level. In this way, we continuously increase the
size of our base and the availability of more diverse and complex techniques that our agents can utilize.

The second stage involves using a Sentence Transformer to reduce the size of our knowledge base. For
this, we compare the cosine similarity scores of our current problem and the problems in our knowledge
base and keep entries with scores over 0.5 or the top fifteen, whichever leads to fewer examples.

The third and final stage involves using the Sentence Transformer again, which chooses the top five
most similar examples to build the final few-shot prompt. This procedure is referred to as Adaptive-Shot
(ST) in our experiments. An alternative to this is to use the examples from the second step and prompt
our solver-LLM to filter the top five most relevant examples by itself. We call this alternative Adaptive-
Shot (Self). Note here that the second step of the procedure can be skipped during Adaptive-Shot (ST)
since instead of filtering, we can directly return the top five results. However, it is necessary for the
Adaptive-Shot (Self) method, where we need to respect the context size limits of the tested LLMs.

Below, we present an example of three different few-shot prompts: A static-handcrafted version, an
adaptive prompt compiled by a Sentence Transformer (Adaptive ST), and finally, an adaptive prompt
filtered by the model itself (Adaptive Self). Our model is ChatGPT, and the problem at hand is: Construct
the circumcircle of a given triangle ABC.
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ProblemConstruct the circumcircle of a given triangle ABC.

Available Tools[Line Tool, Circle Tool, Intersection Tool, Perpendicular Bisector Tool]

Static Prompt ✗

[...]
Example 1:
Description: Construct an equilateral triangle given one side. Let AB be the given side.
Tool List: [Line Tool, Circle Tool, Intersection Tool, Perpendicular Bisector Tool]
Solution:
Circle Tool: Construct a circle with center A and radius AB.
Circle Tool: Construct a circle with center B and radius AB, intersecting circle A at point C.
Line Tool: Construct lines AC and BC. Triangle ABC is equilateral.

Example 2:
Description: Construct a right angle at a point on a line. Given point A on a ray.
Tool List: [Line Tool, Circle Tool, Intersection Tool, Perpendicular Bisector Tool]
Solution:
Circle Tool: Construct a circle with center A and an arbitrary radius, intersecting the ray at points B and C.
Perpendicular Bisector Tool: Construct the perpendicular bisector of BC.

Example 3:
Description: Bisect a given segment. Let AB be the given segment.
Tool List: [Line Tool, Circle Tool, Intersection Tool]
Solution:
Circle Tool: Construct a circle with center A and radius AB.
Circle Tool: Construct a circle with center B and radius AB, intersecting circle A at points C and D.
Line Tool: Construct line CD, intersecting AB at point E. Point E is the midpoint of AB.

Example 4:
Description: Construct a 45-degree angle given a right angle. Let angle XYZ be a right angle with vertex Y.
Tool List: [Line Tool, Circle Tool, Intersection Tool, Perpendicular Bisector Tool]
Solution:
Circle Tool: Construct a circle with center Y and an arbitrary radius, intersecting XY at point A and YZ at point B.
Perpendicular Bisector Tool: Construct the perpendicular bisector of AB, intersecting XY at point C and YZ at point D.
Line Tool: Construct lines YC and YD. Angles XYC and YYD are 45 degrees.

Example 5:
Description: Construct the perpendicular from a point to a line. Given point A and line l.
Tool List: [Line Tool, Circle Tool, Intersection Tool, Perpendicular Bisector Tool]
Solution:
Circle Tool: Construct a circle with center A intersecting line l at points B and C.

Problem Solution [ChatGPT]:
Circle Tool: Construct a circle at point A with radius equal to the distance between point A and any of the other two
vertices, let’s say point B.
Circle Tool: Construct a circle at point B with radius equal to AB.
Intersection Tool: Use the Intersection Tool to find the two intersection points between the two circles. These points are
the circumcircle’s endpoints.
Line Tool: Connect the two intersection points to form the circumcircle of triangle ABC.
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Adaptive ST ✓

[...]
Example 1:
Description: Inscribe a circle in the square.
Tool List: [Line Tool, Circle Tool, Perpendicular Bisector Tool]
Solution:
Line Tool: Construct line AC.
Perpendicular Bisector Tool: Construct the perpendicular bisector of AB, intersecting AB at E and AC at F.
Circle Tool: Construct a circle with center E and radius EF.

Example 2:
Description: Construct an equilateral triangle that is circumscribed about the circle O with radius R and contains the
given point A on its circumference.
Tool List: [Line Tool, Circle Tool, Perpendicular Bisector Tool, Perpendicular Tool]
Solution:
Line Tool: Construct line OA, intersecting the circle at B
Perpendicular Tool: Construct the perpendicular to OA from A
Circle Tool: Construct the circle with center B and radius OB, intersecting the circle at C and D, and line OA at E
Line Tool: Construct line CE
Line Tool: Construct line DE

Example 3:
Description: Construct the midpoint of the segment that connects the midpoints of the diagonals of the quadrilateral.
Tool List: [Line Tool, Circle Tool, Perpendicular Bisector Tool, Perpendicular Tool]
Solution:
Construct the perpendicular bisector of AB, intersecting AB at E
Construct the perpendicular bisector of CD, intersecting CD at F
Construct the perpendicular bisector of EF
Construct line EF

Example 4:
Description: Inscribe an equilateral triangle in the circle using the given point as a vertex. The center of the circle is not
given.
Tool List: [Line Tool, Circle Tool, Perpendicular Bisector Tool, Perpendicular Tool]
Solution:
Circle Tool: Construct a circle with center A and an arbitrary radius, intersecting the original circle at B and C
Circle Tool: Construct the circle with center B and radius AB, intersecting circle A at D and E
Perpendicular Bisector Tool: Construct the perpendicular bisector of CD, intersecting the original circle at F
Perpendicular Bisector Tool: Construct the perpendicular bisector of CE, intersecting the original circle at G
Line Tool: Construct line FG

Example 5:
Description: Circumscribe a square about the circle O. Two of its sides should be parallel to the given line.
Tool List: [Line Tool, Circle Tool, Perpendicular Bisector Tool, Perpendicular Tool]
Solution:
Perpendicular Tool: Construct the perpendicular to the line through O, intersecting the circle at A and B
Perpendicular Tool: Construct the perpendicular to AB from A
Perpendicular Tool: Construct the perpendicular to AB from B
Circle Tool: Construct circle with center A and radius OA, intersecting the perpendicular to AB from A at C and D
Perpendicular Tool: Construct the perpendicular to CD from C
Perpendicular Tool: Construct the perpendicular to CD from D

Problem Solution [ChatGPT]:
Perpendicular Bisector Tool: Construct the perpendicular bisector of side AB. Label the intersection with AB as D.
Perpendicular Bisector Tool: Construct the perpendicular bisector of side BC. Label the intersection with BC as E.
Perpendicular Bisector Tool: Construct the perpendicular bisector of side AC. Label the intersection with AC as F.
Intersection Tool: Label the intersection of the perpendicular bisectors as O.
Circle Tool: Create a circle with center O and radius OA.
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Adaptive Self ✓

[...]
Example 1:
Description: Construct a segment connecting the sides of the angle to get a triangle whose perpendicular bisectors are
intersected in the point O.
Tool List: [Line Tool, Circle Tool, Perpendicular Bisector Tool]
Solution:
Circle Tool: Construct the circle with center O and radius OA, intersecting the sides of the angle at B and C
Line Tool: Construct line BC

Example 2:
Description: Construct an equilateral triangle that is circumscribed about the circle O with radius R and contains the
given point A on its circumference.
Tool List: [Line Tool, Circle Tool, Perpendicular Bisector Tool, Perpendicular Tool]
Solution:
Line Tool: Construct line OA, intersecting the circle at B
Perpendicular Tool: Construct the perpendicular to OA from A
Circle Tool: Construct the circle with center B and radius OB, intersecting the circle at C and D, and line OA at E
Line Tool: Construct line CE
Line Tool: Construct line DE

Example 3:
Description: Construct the midpoint of the segment that connects the midpoints of the diagonals of the quadrilateral.
Tool List: [Line Tool, Circle Tool, Intersection Tool, Perpendicular Bisector Tool, Angle Bisector Tool, Perpendicular
Tool]
Solution:
Perpendicular Bisector Tool: Construct the perpendicular bisector of AB, intersecting AB at E
Perpendicular Bisector Tool: Construct the perpendicular bisector of CD, intersecting CD at F
Perpendicular Bisector Tool:Construct the perpendicular bisector of EF Line Tool: Construct line EF

Example 4:
Description: Inscribe an equilateral triangle in the circle using the given point as a vertex. The center of the circle is not
given.
Tool List: [Line Tool, Circle Tool, Perpendicular Bisector Tool, Perpendicular Tool]
Solution:
Circle Tool: Construct a circle with center A and an arbitrary radius, intersecting the original circle at B and C
Circle Tool: Construct the circle with center B and radius AB, intersecting circle A at D and E
Perpendicular Bisector Tool: Construct the perpendicular bisector of CD, intersecting the original circle at F
Perpendicular Bisector Tool: Construct the perpendicular bisector of CE, intersecting the original circle at G
Line Tool: Construct line FG

Example 5:
Description: Construct a segment connecting the sides of an angle to get a triangle whose orthocenter is in the given
point O.
Tool List: [Line Tool, Circle Tool, Perpendicular Bisector Tool, Perpendicular Tool]
Solution:
Perpendicular Bisector Tool: Construct the perpendicular to one side R1 of the angle through O, intersecting the second
side at A
Perpendicular Bisector Tool: Construct the perpendicular to the second side R2 of the angle through O, intersecting the
first side at B
Line Tool: Construct line AB

Problem Solution [ChatGPT]:
Perpendicular Bisector Tool: Construct the perpendicular bisector of side AB. Label the intersection with AB as D.
Perpendicular Bisector Tool: Construct the perpendicular bisector of side BC. Label the intersection with BC as E.
Circle Tool: Create a circle with center D and radius AD.

We observe that the static prompt leads to an incorrect solution, with the model misinterpreting the
meaning of a circumcircle, and blindly performing step sequences similar to those presented in the prompt.

In the case of Adaptive ST, the prompt consists of examples more closely related to the task at hand,
leading to a correct solution. However, the model still suggests unnecessary steps, which can be attributed
to style-mimicking tendencies introduced by instruction tuning.

Finally, when the model is tasked to filter the examples by itself - Adaptive Self, we observe an overlap
in the selected examples with the Sentence Transformer method. Here, the model suggests a correct
sequence of steps, free from any unnecessary or repetitive tool usage.
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E Target Variable Name Bias
Below, we present the completions obtained from GPT4 when presented with the problem: "Find a point
that is equidistant from given points A and B.", as presented visually in Figure 4.

Problem
Given two points, A and B, find a point [Target] so that its distance from A is equal to its distance from B.

Available Tools[Line Tool, Circle Tool, Intersection Tool, Perpendicular Bisector Tool]

Target = C

Circle Tool: Construct a circle with center A and radius AB.
Circle Tool: Construct another circle with center B and radius AB.
Intersect Tool: Identify the points where the two circles intersect. These intersection points are equidistant from A
and B. Let’s call one of these intersection points C.
The point C, found at the intersection of the two circles, satisfies the condition that its distance from A is equal to
its distance from B.

Target = D

Circle Tool: Construct a circle with center A and radius AB.
Circle Tool: Construct a circle with center B and radius AB.
Intersect Tool: Find the intersection points of the two circles, let’s call them C and D. These points are equidistant
from A and B.
By following these steps, point D will be at an equal distance from both points A and B.

Target = E

Circle Tool: Use the circle tool to draw a circle with center A and radius AB.
Circle Tool: Use the circle tool again to draw a circle with center B and radius AB.
Intersect Tool: The two circles will intersect at two points, which we can call point C and point D.
Line Tool: Draw the line CD.
Choose any point on line CD (other than C or D) and label it point E.

Target = X

Circle Tool: Construct a circle with center A and radius AB.
Circle Tool: Construct a circle with center B and radius AB.
Intersection Tool: The intersection points of the two circles represent the points that are equidistant from A and B.
These intersection points are the solutions for point X.
In this case, there will be two solutions for X, each lying on the circumference of the circles where they intersect.

Table 10: Completions for different name choices of the target variable.
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F Baselines
We introduce two baselines to analyze the complexity of the geometric construction problem. In the first
baseline, which we will call "Longest Common Solution" (LCS), we identify the top five longest common
sequences of steps between ground truth solutions. Then, for each given problem, we uniformly sample
from these sequences, adjusting the variables of each step and the tool usage to the current task. If a
sampled step does not apply to the current state of the problem, the sampled sequence is discarded, and a
new one is sampled instead. This baseline corresponds to the success rate of an agent who memorized a
set of fixed solution steps and applied them to each given problem.

Additionally, we propose a second baseline named ’N-Gram Rollouts’ (N-Gram), which begins by
creating a database of uni-, bi-, and tri-grams derived from the tools used in ground-truth answers. For
each problem, our method involves a two-phase iterative process. Initially, we choose either a single
tool (n = 1) or a sequence of tools (n > 1) from our database. Following this, we select the geometric
variables upon which these tools will be applied. To facilitate this, we maintain a memory initially
populated with variables given in the problem statement. It is important to note that tool application varies
in complexity, with some tools requiring a single variable (e.g., constructing a ray from point A) and
others necessitating two (e.g., drawing a line between points A and B). For each tool or sequence of tools
selected, we sample the required number of variables from memory, with recent variables weighted more
heavily than older ones, following an exponential decay schema. Any new variables a tool generates (such
as a new point) are added to this memory. This process is repeated until a predefined number of steps is
reached.

Method Correct tool sequence Fully correct solution

LCS 0.17 0.02
1-Gram 0.14 0.11
2-Gram 0.12 0.09
3-Gram 0.07 0.06

Table 11: Performance of Baselines. Results refer to pass@1 estimated after 1000 trials.

According to Table 11, finding an entirely correct solution randomly is almost 0.1% probable. Note
here that finding the correct tool sequence score is significantly higher. However, this is expected since
many problems share common starting steps (e.g., drawing a line or a circle).
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G Visual Relations Prompt
Here are two examples presenting the benefits of VRP inclusion. In Example 1, the models are devoid of
visual input and seem to struggle to find a correct solution to the problem. On the contrary, in example 2,
the models are now equipped with the VRP and complete the challenge successfully.

Example 1:

Problem
Given the rectangle, ABCD, and the point E located over the side AB at a random position, construct a line through
E that cuts the rectangle into two parts of equal area.

Available Tools
[Line Tool, Circle Tool, Perpendicular Bisector Tool, Angle Bisector Tool, Intersect Tool]

MetaMath-Mistral

Line Tool: Construct line EF, parallel to AB.
Perpendicular Bisector Tool: Construct the perpendicular bisector of line EF.
Intersect Tool: Mark the intersection of the perpendicular bisector and line AB as point G.
Line Tool: Construct line EG.✗

ChatGPT

Perpendicular Bisector: Construct the perpendicular bisector of AB. This bisector will cut the rectangle into two
equal parts.
Intersect Tool: Extend this perpendicular bisector line to intersect side CD. Label this intersection point as F.
Draw a line through point E and point F. This line will cut the rectangle into two parts of equal area. ✗

GPT4

Line Tool: Construct Line AE.
Perpendicular Bisector: Construct the perpendicular bisector of CD.
Intersect Tool: Mark the intersection of the perpendicular bisector with CD and mark it as H. This point H is the
midpoint of CD.
Line Tool: Draw a line from point E to point H. ✗
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Example 2:

Image

Problem
Given the rectangle, ABCD, and point E located over the side AB at a random position, construct a line through E
that cuts the rectangle into two parts of equal area.

Available Tools
[Line Tool, Circle Tool, Perpendicular Bisector Tool, Angle Bisector Tool, Intersect Tool]

Visual Relations Prompt

Here is the full description of all the relations between geometric objects:
Shapes:
Rectangle: ABCD
Points:
A: Top-left corner of the rectangle.
B: Top-right corner of the rectangle.
C: Bottom-right corner of the rectangle.
D: Bottom-left corner of the rectangle.
E: Point outside of the rectangle.
Lines:
AB: Top horizontal line of the rectangle.
BC: Right vertical line of the rectangle.
CD: Bottom horizontal line of the rectangle.
DA: Left vertical line of the rectangle.
Relations:
AB is parallel to CD.
AD is parallel to BC.
The length of AB is equal to the length of CD.
The length of AD is equal to the length of BC.
E is an isolated point, not connected to any lines of the rectangle ABCD.

MetaMath-Mistral

Perpendicular Bisector Tool: Construct the perpendicular bisector of the line AB.
Perpendicular Bisector Tool: Construct the perpendicular bisector of the line CD.
Perpendicular Bisector Tool: Construct the perpendicular bisector of the line BC.
Perpendicular Bisector Tool: Construct the perpendicular bisector of the line DA.
Intersect Tool: Find the intersection of the perpendicular bisectors of AB and CD and name it F.
Intersect Tool: Find the intersection of the perpendicular bisectors of BC and DA and name it G.
Line Tool: Draw a line from E to F.✓

ChatGPT

Line Tool: Draw a diagonal of the rectangle AC.
Perpendicular Bisector Tool: Construct the perpendicular bisector of AC.
Intersect Tool: Label the intersection point of the perpendicular bisector and AC as M.
Line Tool: Draw a line segment from point E to point M. This line, EM, will cut the rectangle ABCD into two
parts of equal area since it passes through the midpoint of the diagonal AC.✓

GPT4

Line Tool: Draw a diagonal of the rectangle AC.
Perpendicular Bisector Tool: Construct the perpendicular bisector of AC.
Intersect Tool: Label the intersection point of the perpendicular bisector and AC as M.
Line Tool: Draw a line segment from point E to point M. This line, EM, will cut the rectangle ABCD into two
parts of equal area since it passes through the midpoint of the diagonal AC.✓
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When tasked with tackling the same geometrical problem, our three agents (MetaMath-Mistral / ChatGPT
/ GPT4) resort to a "convenient" placement of point E outside rectangle ABCD. All of them try to utilize
the fact that the perpendicular bisector of any edge of a rectangle cuts the rectangle into two equal areas.
Then, a series of erroneous steps are suggested, trying to connect point E with this line.

After introducing the VRP, we observed that all agents managed to correct their responses. Placing
geometric objects in the prompt helps them better understand the problem’s nature. Agents no longer
resort to steps that suggest splitting the rectangle area into two equal parts, ignoring point E, but rather
respect the particular spatial circumstances the problem presents. Note here that the initial solutions are
valid if the random position of point E happens to align with the midpoint of any side. The initial tendency
to produce such solutions can be attributed to the fact that the splitting of a rectangle must have been
observed more frequently in their training data through the use of diagonals or lines connecting midpoints.
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H Multi-Agent Dialogue Examples
Illustration of our proposed SVNL − SVGT multi-agent setup. We present the agent dialogue leading to a
successful solution. The use of a single ChatGPT instance is not sufficient to solve this particular problem.
However, the combined power of multiple agents can.

According to our proposed method, we employ 4 agents:

1. Natural Language Solver (NL Solver)

2. Natural Language Validator (NL Validator)

3. Geometric Tools Solver (GT Solver)

4. Geometric Tools Validator (GT Validator)

The four different agents interact with each other from top to bottom and from left to right.
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ProblemGiven the square ABCD, inscribe a circle in the square.

Available Tools[Line Tool, Circle Tool, Perpendicular Bisector Tool, Intersect Tool]

NL Solver

[...] To inscribe a circle in the square ABCD means to draw a circle such that all four sides of the square are tangent
to the circle. The circle should touch each side of the square at exactly one point. I suggest the following steps:
<STEP>1: Draw the square ABCD.
<STEP>2: Draw the diagonal AC of the square. The diagonal AC will pass through the center of the circle.
<STEP>3: Construct the perpendicular bisector of the diagonal AC. This line will intersect the diagonal at the
center of the circle.
<STEP>4: Draw a line segment from the center of the circle to one of the vertices of the square (e.g., A or C). This
line will be the radius of the circle.
<STEP>5: Use the compass to measure the length of the line segment drawn in the previous step.
<STEP>6: Set the compass to the measured length and draw a circle with the center at the intersection of the
diagonal AC and the perpendicular bisector.

NL Validator

According to the task and the provided rationale, I am confident regarding the validity of the following steps:
<STEP>1: Correct.
<STEP>2: Correct.
<STEP>3: Correct.
Please try to correct the remaining steps.

NL Solver

[...]<STEP>4: Draw a line segment from the center of the circle to one of the points where the circle is tangent to
the square. This line segment will be the radius of the circle.

Following these corrected steps, we will successfully inscribe a circle in the square ABCD.

GT Solver

Given the suggested expert rationale and the available tools I suggest the following steps:
<Line Tool>1: Draw a line segment from point A to point B.
<Line Tool>2: Draw a line segment from point A to point C.
<Perpendicular Bisector Tool>3: Draw the perpendicular bisector of AB.
<Intersect Tool>4: Mark the intersection point of the bisector and AB as E.
<Intersect Tool>5: Mark the intersection of the perpendicular bisector and the diagonal AC as O.
<Circle Tool>6: Create a circle with center O and radius AO.

GT Validator

According to the steps given, the available tools and the suggested rationale, I am confident of the validity of the
following steps:
<Line Tool>1: Correct.
<Line Tool>2: Correct.
<Perpendicular Bisector Tool>3: Correct.
<Intersect Tool>4: Correct.
<Intersect Tool>5: Correct.
Please try to correct the solution according to my suggestions.

GT Solver

[...] <Circle Tool>6: Create a circle with center
O and radius OE. ✓

ChatGPT Simulaca
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Below, we present another example where we showcase the benefits of incorporating variable renaming
in multi-agent scenarios. Simulacra are not immune to the variable name bias: In the example below, the
variables A, B, and C are used. A and B mark the two initial points of the problem, while C stands as the
target to be found. Initially, the NL Solver comes up with a promising 5-step rationale. However, the NL
Validator corrects the proposed final step as a mistake. Since A,B, and C are consecutive letters in the
alphabet, and C has already appeared in the fourth step, the validator marks the final step as redundant.
The new variable D generated at the fifth step is after C (in terms of alphabetical ordering), and thus
the problem must have been already solved. This error is propagated to the GT agents, leading to an
eventually wrong final response.
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Problem

Let |AB| = 1. Construct a point C on the line AB such that the length of AC is equal to
√
2.Do not use arbitrary

numbers but only existing lengths and sizes in your solution

Available Tools
[Line Tool, Circle Tool, Perpendicular Bisector Tool, Perpendicular Tool, Angle Bisector Tool, Intersect Tool]

NL Solver

[...] To create a line segment whose length is the square root of 2, we should utilize an existing segment of
length 1, here AB. This requires forming a right-angled triangle where one side measures 1, and determining the
hypotenuse’s length which will be the square root of 2. I suggest the following steps:
<STEP>1: Draw a straight line segment AB of any length. This will serve as our unit length.
<STEP>2: At point B, construct a perpendicular line to AB.
<STEP>3: From point B, draw a line segment BC on the perpendicular line with the same length as AB.
<STEP>4: Connect points A and C to form a right triangle ABC. The length of AC, the hypotenuse, is the square
root of 2.
<STEP>5: Finally, mark the point D on the line AB such that AD = AC This will give us the line segment AD of
length square root of 2. ✓

NL Validator

According to the task and the provided rationale, I am confident regarding the validity of the following steps:
<STEP>1: Correct.
<STEP>2: Correct.
<STEP>3: Correct.
<STEP>4: Correct.
Please try to correct the solution according to my suggestions.

NL Solver

I suggest we should re-write the steps so that all suggested changes are incorporated.
[...] <STEP>5: Point C is the required point on the line segment extended from AB such that the length AC equals
the square root of 2.✗

GT Solver

Given the suggested expert rationale and the available tools I suggest the following steps:
<Circle Tool>1: Use the circle tool to draw a circle with center A and radius AB.
<Perpendicular Tool>2: Draw a perpendicular line to AB at point B using the Perpendicular Tool.
<Circle Tool>3: Draw a circle with center B and radius BA.
<Intersect Tool>4: Use the Intersection Tool to find point C, which is the intersection of the circle centered at B
and the line perpendicular to AB.
<Line Tool>5: Draw a line from A to C using the Line Tool. ✗

GT Validator

According to the steps given, the available tools
and the suggested rationale, I am confident of
the validity of the following steps:
<Circle Tool>1: Correct.
<Perpendicular Tool>2: Correct.
<Circle Tool>3: Correct.
<Intersect Tool>4: Correct.
<Line Tool>5: Correct.

Great job!

GT SolverThank you!

GPT4 Simulacra
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Now, let us rename the target variable and present the problem to our multi-agent setup again. Instead
of the consecutive letter C, we swap the final target with a far-away (in terms of alphabetical ordering) as
well as a common mathematical symbol X. We observe that the validator now approves the suggested
rationale, leading to a successful generation.

Target Variable Renaming

Let |AB| = 1. Construct a point X on the line AB such that the length of AX is equal to
√
2. Do not use arbitrary

numbers but only existing lengths and sizes in your solution.

NL Solver

[...] Based on the problem description, we are tasked with constructing a point on a given line segment such that
the length of the segment from the initial point to the new point equals the square root of 2 without using explicit
numerical values. Here’s how we can approach this:
<STEP>1: Draw a straight line segment AB of any length (this will be our unit length as we are not to use
numbers).
<STEP>2: Construct a circle with center at A and radius AB.
<STEP>3: Draw a line perpendicular to AB at point B. This line intersects the circle A at a new point D.
<STEP>4: Draw a line segment AD. The length of AD is the square root of 2 (according to Pythagoras’ theorem).
<STEP>5: Take point X such that AX = AD. Now AX is equal to the square root of 2.✓

NL Validator

According to the task and the provided rationale, I am confident regarding the validity of the following steps:
<STEP>1: Correct.
<STEP>2: Correct.
<STEP>3: Correct.
<STEP>4: Correct.
<STEP>5: Correct.
Your solution is valid!

NL SolverThank you for your help!

GT Solver

Given the suggested expert rationale and the available tools I suggest the following steps:
<Line Tool>1: Use the line tool to draw the line AB.
<Circle Tool>2: Draw a circle with center B and radius BA.
<Perpendicular Tool>3: Draw a perpendicular line at point B.
<Intersect Tool>4: Use the Intersection Tool to find point D, which is the intersection of the circle centered at B
and the line perpendicular to AB.
<Line Tool>5: Draw the line AD.
<Line Tool>6: Draw a line from A to X. ✗

GT Validator

According to the steps given, the available tools
and the suggested rationale, I am confident of
the validity of the following steps:
<Line Tool>1: Correct.
<Circle Tool>2: Correct.
<Perpendicular Tool>3: Correct.
<Intersect Tool>4: Correct.
<Line Tool>5: Correct.
Please try to correct the solution according to
my suggestions.

GT Solver

[...] <Circle Tool>6: Draw a circle with center
A and radius AD.
<Intersect Tool>7: Mark the point of intersec-
tion of the circle with the line AB as X. X is
the desired point. ✓

GPT4 Simulacra
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I Human Study On Euclidea Dataset
While there is no concrete data on human performance - assuming an adequate level of geometric
knowledge background - on the Euclidea challenge, Macke et al. (2021) describe these challenges as
formidable even for well-prepared mathematicians, including International Mathematics Olympiad (IMO)
participants, whereas Wong et al. (2022) characterizes the dataset as notably difficult. To validate these
claims, we conducted an empirical study involving ten individuals with mathematical or computer science
backgrounds, of graduate level, and experience with geometrical problem solving. The participants
collaborated voluntarily and without any financial compensation.

Given the progression of the original Euclidea game, which requires solving preceding problems to
advance, we decided to sample 20 problems across all packs. The outcomes revealed a success rate
ranging from 20% to 35% - 5 to 7 correctly solved problems - with the average performance at 30.5%,
indicating the high level of challenge presented by the tested geometry tasks. This finding underscores the
domain’s complexity. Table 12 contains the problems that were presented to participants, while Figure 5
showcases an example. Here is the list of the problems presented to the participants:

Name Pack

Angle of 60 Alpha
Rhombus in Rectangle Alpha
Angle of 30 Beta
Circle in Rhombus Beta
Three equal segments v1 Gamma
Center of Quadrilateral Gamma
Square Root of 3 Delta
Equilateral Triangle in Circle Delta
Square in Square Epsilon
Regular Hexagon Epsilon
Given Angle Bisector Zeta
Symmetry of Four Lines Zeta
Annulus Eta
Angle of 75 Eta
Egyptian Triangle Theta
Torricelli Point Theta
Harmonic Mean of Trapezoid Bases Iota
Minimum Perimeter v2 Iota
Rotation 60 Kappa
Inner Tangent Kappa

Table 12: Euclidea problems included in the human study.
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Here is what a question in the questionnaire looked like:

Figure 5—Example of a given problem in the human study: On top, the available tools are provided to the participant.
Below, an image containing the annotated initial setup of the problem is provided. The participant is then asked to
use the provided tools and respond with their solution.

J On the use of AI assistants
We disclose that AI writing assistant tools were used during the creation of this work. However, these
tools were strictly used to refine, summarize, and check the accuracy of grammar and syntax. No AI
assistant was involved in generating ideas or constructing arguments to support our perspectives or claims.
All original thoughts and analyses are entirely our own.
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