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Visual representations are essential for communicating complex programming concepts and play a critical role in algorithm
and code design. While recent advances in Large Multimodal Models (LMMs) have demonstrated impressive visual capabilities
across various domains, their visual reasoning abilities in coding contexts remain largely unexplored. In this work, we present
a systematic evaluation of LMMSs’ visual reasoning abilities in coding contexts. We introduce HumanEval-V, a benchmark
comprising 253 human-annotated code generation tasks, each requiring the generation of correct code solutions based on
problem contexts encoded in diagrams. To ensure high-quality annotations, the construction of these tasks involves over 800
hours of meticulous human effort. Our tasks span six diverse categories and assess a broad spectrum of visual reasoning
skills relevant to real-world programming scenarios. Through evaluation of 27 state-of-the-art LMMs, we find that even
top-performing models such as Claude 3.5 Sonnet and Pixtral 124B achieve only 36.8% and 21.3% pass@1, respectively, while
many open-weight models perform below 10%. Error analysis reveals that LMMs frequently generate hallucinations by
misinterpreting or inventing visual details, and exhibit particular limitations in spatial reasoning, topological understanding,
and handling dynamic visual patterns that are straightforward for humans. We finally discuss research opportunities and
challenges to enhance model capabilities in visual reasoning for code generation.
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1 Introduction

Code generation refers to the task of automatically producing executable source code from natural language
descriptions [35]. It has the potential to assist developers by streamlining development workflows and improving
productivity [19]. In recent years, this area has seen substantial progress [51], largely driven by advances in Large
Language Models (LLMs). When applied as code generation models, LLMs are increasingly approaching the
capabilities of human programmers [67]. These models demonstrate strong performance across a wide range of
benchmarks, including programming contest datasets such as APPS [31] and LiveCodeBench [33], domain-specific
evaluations like DS-1000 for data science [40], multilingual settings as in MultiPL-E [7], and real-world software
development scenarios such as ClassEval [20] and CoderEval [84]. These results demonstrate that current models
are capable of understanding natural language instructions, generating correct code solutions, and performing
algorithmic reasoning across a variety of tasks. However, there remains a gap in evaluating how well current
coding models align with human programmers in terms of visual reasoning.

Visual diagrams and other graphical representations serve as essential tools for communicating complex
ideas in software development [5]. Prior research has shown that such visual artifacts, including sketches
and diagrams, play a critical role in the daily activities of programmers, particularly for tasks such as design,
explanation, and comprehension of software systems [29]. For instance, on competitive programming platforms
and technical Q&A forums such as Codeforces and Stack Overflow, diagrams are frequently used to depict data
structures, input-output formats, conditional logic, and spatial relationships [68]. In contrast, natural language
descriptions of code or programming problems are often ambiguous and prone to misinterpretation, especially
when conveying intricate logic or complex structural relationships [14]. Expert developers often mentally simulate
program behavior and visualize the shape of data structures as part of their problem-solving processes [60]. The
effectiveness of visual representations in programming stems from human programmers’ innate capacity for
visual reasoning. Given the central role that visual reasoning plays in human programming, there is increasing
recognition that code generation models must also develop strong visual reasoning capabilities to genuinely align
with human programmers [45].

Recently, Large Multimodal Models (LMMs), such as GPT-40 [55] and LLaVA [43], have been developed to
process images by encoding them as vision tokens and incorporating these representations into the auto-regressive
training framework of LLMs [6]. This architectural advance enables LMMs to interpret and reason over visual
inputs. In parallel, a variety of multimodal benchmarks, such as MMMU [87], MathVista [49], ChartQA [52], ARC-
AGI [16], and RAVEN [88], have been proposed. While these benchmarks primarily target scientific, mathematical,
or chart-based analytical questions to assess models’ visual understanding and abstract reasoning, they overlook
the coding domain, where visual reasoning is deeply intertwined with algorithmic thinking and code generation.

Within the multimodal programming domain, tasks such as Plot2Code [79] and Design2Code [62] have
emerged, but these primarily focus on translating visual layouts into code, with minimal emphasis on algorithmic
reasoning. A more relevant effort is the MMCode benchmark [45], which compiles coding problems accompanied
by visual demonstrations from competitive programming platforms to evaluate LMMs on code generation tasks.
However, MMCode exhibits notable limitations in assessing visual reasoning capabilities. First, it does not clearly
isolate the contribution of visual information to problem-solving. In many cases, the visual content is replicated
in the accompanying textual description, rendering the visual modality redundant. Second, the benchmark fails
to disentangle whether the primary challenge of a problem stems from its algorithmic complexity or the visual
reasoning required. Consequently, when LMM:s fail to produce correct code, it remains unclear whether the
cause is inadequate visual reasoning or the intrinsic difficulty of the coding task. Collectively, these limitations
underscore persistent gap in effectively evaluating the visual reasoning capabilities of LMMs in programming
contexts.
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Fig. 1. An example task from HumanEval-V. LMMs are required to interpret the diagram and function signature, deduce the
underlying algorithm, and implement the corresponding Python function. The implementation is then evaluated through a
set of test cases.

To bridge this gap, we introduce HumanEval-V, a new multimodal coding benchmark specifically constructed
to isolate and test visual reasoning in programming. The benchmark comprises 253 human-annotated coding
problems, each centered around a carefully designed diagram that encodes the essential algorithmic logic
while minimizing textual descriptions. Each task features (1) a diagram that visually presents the problem
context, (2) a function signature that specifies the required input-output structures, and (3) a set of test cases
for verifying solution correctness. To provide a more intuitive understanding, Figure 1 presents a concrete
example from HumanEval-V. In this example, the diagram illustrates spatial transformation patterns, requiring
the model to interpret fine-grained visual elements such as matrices, arrow directions, and spatially ordered
data points. Our task format is inspired by the HumanEval [11] benchmark, where models are expected to
generate a function body according to provided specifications and validate the solution using test case execution.
However, unlike HumanEval, which includes problem descriptions as textual comments, HumanEval-V encodes
the essential algorithmic logic and constraints directly within the diagram. The diversity of our benchmark is
further highlighted in Figure 2, which categorizes task types; and Figure 3, which summarizes the key reasoning
capabilities required across tasks. The construction of these tasks costs over 800 hours of meticulous human
effort. To the best of our knowledge, no existing benchmark offers this level of task diversity and fine-grained
emphasis on visual reasoning in programming. Based on HumanEval-V, we conduct a systematic evaluation of
visual reasoning in LMMs for code generation, addressing the following three Research Questions (RQs):

RQ1: How well do state-of-the-art LMMs perform on HumanEval-V? We evaluate 27 cutting-edge LMMs
on HumanEval-V, testing both their direct code generation abilities from visual input and a two-stage setting
where the model first produces-a structured diagram description, which is then used to generate code by a separate
strong coding model. This decoupled evaluation allows us to isolate and assess visual reasoning independently of
coding ability. Our results show that, despite strong performance on general multimodal benchmarks, existing
LMMs struggle with programming tasks requiring high-level visual reasoning. Top-performing models such as
Claude 3.5 Sonnet and Pixtral 124B achieve only 36.8% and 21.3% pass@1 accuracy, respectively.

RQ2: What limitations do current LMMs exhibit when solving HumanEval-V tasks? Our fine-grained
error analysis reveals that LMMs are particularly challenged by tasks involving spatial transformations, topological
relations, and dynamic visual patterns, which are trivial for human annotators. Moreover, performance of LMMs
does not correlate strongly with human-perceived task difficulty, as measured by code cyclomatic complexity [22]
and the length of the diagram description. Most models lack robust high-level visual reasoning, frequently
hallucinate, and often misinterpret critical visual details. Case studies show that even top-performing models
struggle to generalize visual rules or integrate multiple visual-semantic cues. However, when provided with
human-annotated ground-truth descriptions, most LMMs are able to generate correct solutions, further confirming
that visual reasoning capabilities are the primary bottleneck.
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Fig. 2. Thesix task categories in HumanEval-V, along with their quantitative ~ Fig. 3. Core knowledge required for under-
distribution and representative diagram examples. standing diagrams in HumanEval-V.

RQ3: What are the promising research pathways to enhance visual reasoning in code generation?
Building on our findings, we recognize that fully solving/ multimodal algorithmic reasoning remains an open
challenge. We explore three promising methodological pathways for future improvement. First, we investigate
RL-driven post-training by evaluating reasoning-enhanced models (e.g., OpenAl o1 [56], QVQ [66]). While these
models raise the performance ceiling, they still suffer from severe “overthinking” and degraded instruction follow-
ing in multimodal contexts. Second, we explore interactive learning via environmental feedback, demonstrating
that models can genuinely self-correct visual misunderstandings when provided with execution signals. Finally,
we discuss the fundamental bottleneck for scalable in-domain data synthesis. Overcoming this data generation
challenge remains a vital prerequisite for developing robust, vision-centric training paradigms.

To sum up, the main contributions of this work are as follows:

We introduce HumanEval-V, a novel benchmark consisting of 253 human-curated tasks specifically de-
signed to enable fine-grained evaluation of LMMs’ visual reasoning capabilities in code generation. We
release all code and data at https://github.com/HumanEval-V/HumanEval-V-Benchmark.

Our comprehensive evaluation of 27 state-of-the-art LMMs reveals that, despite their strong results on
other multimodal benchmarks, their performance on HumanEval-V tasks remains limited.

We conduct in-depth error analysis and case studies, revealing that current models exhibit major limitations
in spatial reasoning, understanding dynamic patterns, and aligning visual content with code semantics.
» We explore and discuss several promising directions to enhance visual reasoning in LMMs, including
reasoning-enhanced models and interactive learning through execution-based feedback.

The remainder of this paper is organized as follows: Section 2 reviews relevant literature. Section 3 details the
construction of HumanEval-V. Sections 4, 5, and 6 present our main experiments, error analysis, and discussion
of potential research opportunities, addressing RQ1, RQ2, and RQ3, respectively. Section 7 provides additional
ablation studies, Section 8 discusses threats to validity, and Section 9 concludes the paper.
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2 Related Work
2.1 Coding Benchmarks

The evaluation of code generation capabilities in LLMs has become a focal point of research, encompassing a
broad spectrum of programming contexts and application domains.

For general-purpose and algorithmic coding tasks, widely adopted benchmarks include ODEX [76],
CoNaLA [82], HumanEval [11], and MBPP [4]. These benchmarks typically consist of self-contained programming
problems with function signatures, natural language specifications, and hidden unit tests. Models are expected to
synthesize correct and executable code, with evaluation primarily based on pass@k metrics under deterministic
or sampled decoding settings. Enhanced variants such as HumanEval-ET [18], MBXP [3], EvalPlus [47], EvoE-
val [80], and MultiPL-E [7] further extend these benchmarks by introducing test case augmentation, multilingual
support, cross-compilation environments, or fine-grained scoring metrics that better reflect real-world utility and
robustness.

For competition-level programming, benchmarks like LiveCodeBench [33], LeetcodeContest [28], APPS [31],
and AlphaCode CodeContests [46] provide more complex and open-ended challenges drawn from actual program-
ming competitions. These problems often require advanced algorithm design, multi-step reasoning, and deeper
integration of programming knowledge. Unlike general-purpose benchmarks, the difficulty in these datasets is
significantly higher, and solving them may involve dynamic programming, graph traversal, or combinatorial
logic. Some benchmarks, such as LiveCodeBench, simulate dynamic programming contests by updating their
problem sets on a monthly basis.

Beyond algorithmic problems, domain-specific benchmarks have been introduced to evaluate LLMs in spe-
cialized, real-world contexts. For example, DS-1000 [40] focuses on data science tasks involving exploratory
data analysis and transformation using libraries such as pandas and numpy. Repository-level benchmarks like
CoderEval [84], RepoEval [89], and SWE-Bench [37] evaluate models on software engineering tasks extracted
from real codebases, such as code completion and feature implementation. These tasks require models to com-
prehend existing code context, often spanning multiple files or modules. In the area of documentation-aided
code generation, DocPrompting [93] evaluates how effectively models can generate code based on retrieved API
documentation.

Additionally, some recent benchmarks aim to evaluate advanced capabilities such as self-debugging and
program repair [12, 74]. These tasks challenge models not just to generate correct code from scratch, but to
identify and fix buggy or failing implementations using execution feedback. Such settings introduce the element of
interaction and iterative refinement, closely aligning with real-world development scenarios. These benchmarks
reflect the growing proficiency of LLMs in diverse coding scenarios. However, they still fall short in addressing
the role of visual programming contexts, which remains an underexplored yet important aspect.

2.2 Multimodal Benchmarks

Multimodal benchmarks have been developed across a wide spectrum of domains, each targeting different aspects
of visual capabilities. However, none are specifically designed to evaluate visual reasoning in the context of
programming. We categorize existing multimodal benchmarks into five major types, with representative examples
from each category illustrated in Figure 4a.

Real-world visual understanding benchmarks [10, 42, 48, 83, 85, 87] are designed to assess broad vision-language
capabilities across multiple disciplines. These benchmarks typically include everyday photographs depicting
food, sports, art, architecture, and wildlife, often in naturalistic or complex real-world scenes. Solving such tasks
primarily requires object recognition, commonsense reasoning, and general knowledge grounding. These images
test perception-oriented abilities but lack structured logical relationships, making them fundamentally different
from the diagrammatic reasoning required in programming tasks.

ACM Trans. Softw. Eng. Methodol.
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(b) A selection of diagrams representing the six task types in HumanEval-V.

Fig. 4. Comparison of diagrams in current popular multimodal benchmarks and in HumanEval-V.

Analytical visualization benchmarks [16, 52, 75] focus on the interpretation of structured data presentations
such as bar charts, line graphs, and frequency tables. These tasks assess a model’s ability to extract numerical
patterns, compare quantities, and reason about trends or distributions. Solving these problems typically requires
quantitative comparison and surface-level data interpretation, but rarely involves deeper reasoning.

Scientific diagram understanding benchmarks [39, 48, 50, 87] evaluate the interpretation of technical visual-
izations such asbiological processes, physics systems, and ecosystem diagrams. These benchmarks emphasize
relational and causal reasoning grounded in domain-specific knowledge. While scientific diagrams introduce
complex visual structures, they primarily assess domain-specific knowledge and factual recall, rather than flexible
visual reasoning or the ability to infer novel algorithmic procedures from the diagram itself.

Mathematical visual reasoning benchmarks [49, 70, 91] combine formal mathematical concepts with visual
representation, including geometry problems, function plots, and physics-based illustrations. These benchmarks
demand symbolic abstraction, spatial reasoning, and the ability to ground visual entities in formal logic. The
structured and symbolic nature of these visuals shares some common ground with programmatic diagrams,
although they are typically confined to mathematical domains.

Abstract visual reasoning benchmarks [15, 16, 36, 54, 88] are designed to test high-level cognitive skills such as
pattern recognition, rule induction, analogy-making, and compositional reasoning. These datasets feature stylized
puzzles involving grid-based transformations, symbolic rules, and geometric patterns. Solving such problems

ACM Trans. Softw. Eng. Methodol.
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requires inferring latent rules and applying advanced reasoning, which are cognitively adjacent to algorithmic
thinking.

Despite their broad coverage, existing benchmarks largely overlook the specific complexities of diagrams
encountered in coding tasks. Figure 4b presents six fundamental task types in our HumanEval-V benchmark, each
representing distinct cognitive challenges in visual reasoning. Our benchmark employs a rich variety of visual
elements including geometric shapes, symbolic notations, matrices, and directed graphs. These representations
are enhanced through connecting lines, arrows, color-coding, and numerical annotations to effectively capture
relationships and transformations between components. The visual representations maintain clarity across all
categories while scaling in complexity to accommodate different difficulty levels. Through careful design of
visual elements and systematic progression of patterns, each task type provides a clear framework for evaluating
specific aspects of visual reasoning and problem-solving abilities.

2.3 Multimodal Coding Tasks

Recent work in multimodal code generation can be broadly categorized into three primary demains based on their
core objectives: (1) Visual Translation and Comprehension, (2) Visual Software Engineering, and (3) Multimodal
Algorithmic Reasoning.

The first category, Visual Translation and Comprehension, focuses on converting visuallayouts into correspond-
ing code or using code to parse visuals. This includes tasks such as derendering web pages [41, 62], converting
scientific figures into plotting code [61, 79], and understanding general GUI or OS command outputs as evaluated
in InfiBench-V [34]. It also encompasses program-based visual question answering, where models generate code
to invoke predefined perception modules to answer questions grounded in visual input [63, 64]. These tasks
primarily evaluate structural layout parsing and visual-to-text alignment.

The second category, Visual Software Engineering, evaluates models on tasks situated within the software
development and debugging lifecycle. For instance, Visual SWE-Bench [90] requires fixing bugs in scientific
plotting scripts based on rendered chart outputs. Similarly, M?Eval [8] focuses on comprehending structured
software design formats, such as Mermaid-rendered UML or flowcharts. Understanding these visuals relies heavily
on domain-specific knowledge of chart semantics, plotting libraries, or software engineering conventions, rather
than free-form algorithmic reasoning.

The third category, Multimodal Algorithmic Reasoning, requires models to deduce underlying algorithmic logic
from abstract visual cues. The most closely related benchmark in this category is MMCode [45], which evaluates
LMMs on code generation tasks accompanied by visual demonstrations collected from competitive programming
platforms. However, MMCode presents several key limitations in assessing visual reasoning: First, it does not
explicitly disentangle the contribution of visual information to problem-solving. In many tasks, the visual content
is entirely or mostly duplicated in the accompanying textual description, rendering the visual input unnecessary.
This redundancy is reflected in MMCode’s results, where models perform similarly on “language-only” and
“vision+language” settings. Second, MMCode does not distinguish whether task difficulty stems from algorithmic
complexity or from visual reasoning. Since many competitive programming problems are inherently challenging,
models may fail due to their limited coding abilities, not necessarily due to a lack of visual understanding.
This conflation makes it difficult to isolate and evaluate visual reasoning performance. Third, MMCode directly
uses existing competition problems without modification. As a result, there is a non-negligible risk of data
contamination, since some tasks may have been seen in LMMs’ training data, compromising the benchmark’s
validity for rigorous evaluation.

In contrast, HumanEval-V is deliberately designed to address these issues and place visual reasoning at the
center of evaluation. All tasks in HumanEval-V are human-annotated to ensure that the visual context is essential
and cannot be inferred from text alone. In our validation experiments, five proprietary LMMs achieve 0% pass

ACM Trans. Softw. Eng. Methodol.
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Table 1. Original Codeforces algorithmic tags associated with HumanEval-V tasks in each visual category.

Visual Cate- Original Codeforces Algorithm Tags

gory

Iteration greedy, math, brute force, constructive algorithms, geometry, dp, bitmasks, strings,
matrices

Aggregation greedy, math, brute force, constructive algorithms, sortings, dp, binary search, two
pointers, games, combinatorics, shortest paths

Expansion greedy, math, brute force, geometry, dp, trees, binary search, bitmasks, number
theory

Validation greedy, math, brute force, constructive algorithms, sortings, geometry, dp, trees,
binary search, graphs, number theory, dfs, dsu, hashing

Computation greedy, math, brute force, sortings, geometry, trees, graphs

Rearrangement greedy, math, brute force, sortings, constructive algorithms, strings, dsu

rates when provided only with function signatures, yet exceed 90% accuracy when given human-annotated
diagram descriptions, clearly demonstrating the importance of visual input in our tasks. Furthermore, our
difficulty analysis shows that the coding aspects of HumanEval-V tasks remain moderately complex, allowing us
to focus on evaluating visual reasoning without conflating it with programming skill. Finally, our evaluation
framework introduces a two-stage setting, where LMMs with limited coding ability can still be assessed on
diagram understanding by generating visual descriptions, which are then passed to a strong code generation
model. These careful design choices distinguish HumanEval-V from prior benchmarks and enable more accurate
and targeted assessment of visual reasoning in code generation.

3 Benchmark Construction
3.1 Motivation and Design Rationale

A core motivation behind HumanEval-V is to enable a controlled, diagnostic evaluation of multimodal code
generation. In real-world programming, tasks often entangle textual requirements, complex algorithmic logic,
and visual cues. This intertwining makes it difficult to attribute a model’s failure to a specific capability. To
address this, our benchmark intentionally abstracts away confounding textual and coding factors to concentrate
essential problem-solving details within the visual modality. By doing so, we ensure that the evaluation isolates
high-level visual reasoning, such as interpreting fine-grained cues and diagrammatic patterns, from general
software engineering skills.

This visual-centric philosophy drives not only our task construction pipeline (which distills and recreates
problems to preserve core visual logic while simplifying ancillary text), but also our task categorization strategy.
Because HumanEval-V is designed to probe visual understanding, our task taxonomy must be defined by visual
characteristics rather than traditional algorithmic topics. Consequently, our categorization is data-driven, manually
clustering problems based on visual semantics: how visual elements change, how information is filtered, and how
objects are reorganized. This yields the six structural visual patterns shown in Figure 2.

To verify that these visual categories align with real-world programming practice without degenerating into
standard algorithmic classifications, we analyzed a subset of HumanEval-V tasks derived from Codeforces. As
summarized in Table 1, each visual category covers a diverse set of standard algorithmic tags (e.g., greedy, dynamic
programming). The absence of a one-to-one mapping confirms that our taxonomy successfully captures recurring
diagram types rather than a narrow set of algorithms. Ultimately, these design choices, from task abstraction to

ACM Trans. Softw. Eng. Methodol.



< HumanEval-V : Systematic Evaluation of Visual Reasoning in Large Multimodal Models for Code Generation + 9

@& Collect

Screen eligible questions from Q&A
and coding challenge platforms. The
majority of our tasks are sourced from
coding challenge platforms, especially
CodeForces, while Stack Overflow is
used for real-world coding questions
[—¢ J{Criteray &———

v’ Uses illustrative diagrams rather than

>

A Distill
Identify the most critical elements and
concepts involved in the visual context.
Determine the critical visual elements
and extract any related data structure,
operations,transformations,or conditional
rules that define the problem.

—*® Y Original Question ¥

Apply color transformations according to

[]Eﬁ] Recreate

Design and create new coding tasks
based on the distilled ideas. Eliminate

I:> unnecessary programming complexities,

redesign 1/0 structure, and redraw the
diagrams with manual effort. This process
results in 100 seed tasks.

‘;Ig' Diversify

Expand the task set by introducing
diverse variations to the evaluation.
Selectively modify operations, patterns,
conditions, transformations, objects, or
data structures. This process expands
the benchmark to 253 final tasks.

—* YourVersionv ¢

Transform the color of specific row or

# \ Diversified Version ¥ ¢——

Sort the numbers of specific row or

column based on the given letter

Ae c Ae c

e B L

specific rules and then reset the rows or

column based on the given letter
columns to white when they become filled. 5Te BT

A8 c

other types of images.

UG ofs[s]1 gas[1
g3ls]4 gale|4 g3]e]e
B Fol7]2 fel7]2

A A
0

e c B c
o148 oas]1
352 €342
Ho]7]e fel7]e

Fig. 5. The task construction pipeline of HumanEval-V. We employ a four-step systematic manual annotation process designed
to ensure extreme quality and diversity in the resulting tasks.

v' Diagrams should be useful for solving |:>
or understanding the problem.

\

v Diagrams should be self-explanatory, ] =
requiring minimal textual explanation. . ]

=
-
1]

visual categorization, ensure that HumanEval-V provides a rigorous, interpretable, and targeted assessment of
vision-centered reasoning competencies.

3.2 Task Definition and Standards

As shown in Figure 1, each coding task in HumanEval-V includes: (1) a single diagram D providing visual context,
(2) a Python function signature o with input parameters, return type; and brief instructions, and (3) a set of test
cases T =t,1,..., t, to validate the correctness of the generated output O, which is a complete Python function
generated by the Large Multimodal Model (LMM).

We establish rigorous standards to construct high-quality coding tasks: (1) The visual context must be essential
for solving the task, with all relevant information contained in a single image; (2) Tasks should be designed
around the visual context with minimal textual description; (3) Unnecessary programming complexities, such as
recursion, intricate constraints, or complex data structures, should be avoided.

3.3 Task Construction Pipeline

We define the task construction pipeline with four steps as in Figure 5.

In the first step, we collect alarge set of coding problems from prominent Q&A and coding challenge platforms
that incorporate images, then screen them to exclude questions that (1) require specific programming frameworks
or libraries, or contain images that (2) are not illustrative diagrams, (3) provide no useful information for solving
the problem, or (4) require extensive textual context for interpretation. Additional details and examples of the
data collection and screening processes can be found in Section 3.4.

For the second step, we distill the screened problems to identify critical visual elements, along with the data
structures, operations, transformations, and conditional rules involved, categorizing them into six task types.
The task types, along with their criteria and examples, are presented in Figure 2 and Figure 4b. We also outline
the key capabilities needed for diagram understanding. This capability breakdown is shown in Figure 3, which
divides the required capabilities into six dimensions: Data Structure, Geometric Objects, Spatial Transformations,
Dynamic Patterns, Mathematical Operations, and Topological Relations. Each dimension encompasses numerous
capability aspects that frequently appear in tasks of similar types.

For the third step, we design new coding tasks based on these distilled ideas, eliminating unnecessary com-
plexities, refining input/output structures and function signatures, and creating visual objects and layouts using
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Problem Description: 1 Image:

Shaass has n books. Each book has a thickness t; (either 1 or 2) and a page width wi, with all : 2
books having the same height. He wants to build a bookshelf by first placing some books: IIIIIIIIII
vertically, then stacking the rest horizontally above them, such that the sum of the widths of ,

the horizontal books does not exceed the total thickness of the vertical books. Find the minimum ' This image lacks

possible total thickness of the vertical books. essential information

Problem Description: !
Given a binary matrix of R rows and C columns, start at cell (@, @) moving right. !
Perform the following operations: (1) If matrix[i][j] is ©, continue in the same :
1
1
1
1
1

Image:

Fig. 6. Two negative examples in our data screening process: the first example is sourced from CodeForces (https://codeforces.
com/problemset/problem/294/B), and the second from GeeksforGeeks (https://www.geeksforgeeks.org/problems/last-cell-in-
a-matrix/1).

_ This image requires
direction. (2) If matrix[i][j] is 1, update it to @ and change the current direction substantial textual
clockwise (directions: upsright, right-down, down-left, left-up). Find the last cell ﬂ context to understand

visited before exiting the matrix.

basic shapes and a consistent color scheme. We also generate tailored test cases, resulting in 100 newly crafted
seed tasks.

For the fourth step, we expand the task set by diversifying the seed tasks using a hybrid approach with
GPT-40. GPT-4o0 identifies relevant capability aspects for each seed task and suggests modifications involving new
spatial transformations, mathematical operations, dynamic patterns, orvariations in data structures and object
attributes. Human annotators then refine and annotate these new tasks and diagrams, creating 0 to 2 diversified
versions per seed task based on complexity, culminating in 253 tasks in HumanEval-V and finalizing the capability
aspects shown in Figure 3. It is worth noting that the scale of our benchmark is well aligned with established
standards. With 253 tasks, HumanEval-V is comparable to/other influential human-annotated benchmarks that
have advanced the field, such as HumanEval [11] (164 tasks), MMVet [85] (218 tasks), Vibe-Eval [59] (269 tasks),
ClassEval [20] (100 tasks), EvoCodeBench [44] (275 tasks), and SWE-Bench Lite [37] (300 tasks). Further details
and examples of the task recreation and diversification processes are provided in Section 3.5.

3.4 Details on Data Collection and Screening

To ensure real-world relevance, we construct our benchmark by collecting problems from multiple publicly
available sources, including Stack Overflow and coding challenge platforms such as Codeforces. These platforms
host a wide range of programming questions that incorporate diagrams or visual aids as part of their problem
statements. A key challenge in this process lies in identifying whether the visual content of a problem is essential
for solving it. While many preblems include diagrams, not all visuals contribute meaningful information beyond
what is already conveyed in the text. Automatically distinguishing between essential and non-essential diagrams
is non-trivial; thus, we perform manual screening to ensure that only problems with indispensable visual
components are included in the benchmark. Figure 6 shows two examples of rejected problems: (1) a Codeforces
problem about stacking books, where the image is purely illustrative and the key logic resides in the text; and (2)
a GeeksforGeeks problem involving matrix traversal, where the solution depends heavily on detailed textual
instructions.

To curate high-quality seed tasks, we apply source-specific filtering strategies. For Stack Overflow (SO), we
focus on Python-tagged questions with non-negative votes, accepted answers, and at least one image accompanied
by code snippets. We exclude problems that primarily involve front-end or UI topics, as well as those where
images only present textual content such as error messages or screenshots. For coding Challenge Platforms, we
draw primarily from the MMCode [45] dataset, which aggregates visual programming problems from various
competition platforms. During manual review, we filter out problems where the diagram is redundant with
the text, or the textual context is overly complex and indispensable for interpretation, thereby violating our
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Seed Tasks

direction™.

0 B 10

Determines the color of the Determines whether the Determine whether the lines
zone at the given coordinate. | ball can reach the target. intersect within the circle.

Determines the color of the Determines whether the Determine whether the lines
zone at the given coordinate. balls will encounter. intersect outside the circle.

Diversified Versions

Fig. 7. Additional diversification examples highlighting the multi-aspect nature of task modifications.

requirement for visual self-containment. After screening, we select a total of 100 seed problems with high-quality
visual content. Their distribution by source is as follows: Codeforces (65), LeetCode (13), GeeksforGeeks (6),
HackerRank (2), Project Euler (2), Open Kattis (2), CodeChef (1), AtCoder (1), and Stack Overflow (8).

3.5 Details on Task Creation and Diversification

To ensure the quality and focus of our benchmark, we apply a two-stage process to the screened coding problems.

(1) Recreation: There are two primary motivations for recreating tasks from real-world problems. First, to
avoid potential data contamination, we distill the essence of each selected coding problem, focusing exclusively on
its core aspect involving visual reasoning. All extraneous problem contexts are discarded, and new coding tasks
are recomposed that capture the original’s critical visual reasoning element, while differing in surface details and
implementation: Second, recreation allows us to tailor each problem to the target of our benchmark: evaluating
the visual reasoning capabilities of LMMs in coding contexts. To this end, we remove unnecessary complexities,
such as reliance on external libraries, complicated conditional logic, or advanced algorithms. Additionally, every
problem diagram is redrawn to ensure that the essential algorithmic information is embedded within the visual
elements themselves. Auxiliary elements such as indicators, annotations, arrows, and color markings are added
where needed, making each diagram self-explanatory and maximizing its visual clarity.

(2) Diversification: The purpose of diversification is to enhance the diversity of our benchmark and to assess
model robustness to subtle variations. For each seed task, we modify parts of the diagram or the question to
generate new, but closely related, tasks. These modifications test whether models can truly understand the visual
and textual components, rather than relying on memorization or superficial cues. Changes are made along several
key aspects, as summarized in Table 2, including spatial transformations, mathematical operations, dynamic
patterns, object attributes, object relations, and data structure modifications.
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Fig. 8. Task annotation examples illustrating the recreation and diversification applied to the screened coding problem. The
original problem is sourced from CodeForces (https://codeforces.com/problemset/problem/1381/E).

Table 2. Examples of modification aspects applied to diversify seed tasks. Each diversified task typically spans multiple
aspects simultaneously. The rightmost column reports the proportion of diversified tasks in which each aspect appears.

Modification Aspects Examples Freq.
Spatial Transformation Adjust concatenation, swapping, grouping, or stacking order; modify the direction of translation, flipping, rotation, or folding. ~ 88%
Mathematical Operations ~ Alter arithmetic operations, sorting order, or aggregation rules. 57%
Dynamic Patterns Reverse alternation sequences; switch increments to decrements; change the direction of spirals or zigzags; adjust layer layouts. 42%
Object Attributes Change the color, size, shape, angle, or position of objects. 81%
Object Relations Reverse nesting or overlap order; modify connection, intersection, or adjacency rules; adjust boundary interaction conditions. 63%
Data Structure Modify graph direction, data type in arrays, or matrix dimensions. 29%

A key characteristic of our diversification process is that it is inherently multi-aspect. Unlike perturbation-based
augmentation where each variation corresponds to a single transformation, our diversified tasks typically involve
3-6 modification aspects simultaneously. As modifications interact with one another and derive meaning only
in the context of each task’s visual semantics, reporting disjoint per-aspect frequencies would be misleading.
Nevertheless, for transparency, Table 2 additionally reports non-exclusive usage frequencies across all diversified
tasks. To ensure the reliability of these statistics, we implemented a rigorous two-annotator consensus process.
Each diversified task was independently reviewed by two expert annotators to identify the active modification
aspects. To accurately reflect the primary visual reasoning challenges, annotators were instructed to tag only
salient modifications that meaningfully altered the task’s logic or difficulty, deliberately filtering out trivial or
negligible changes. Any discrepancies were resolved through discussion to achieve full consensus. Based on these
validated labels, these numbers show that spatial transformations and object attribute adjustments appear in over
80% of cases, while dynamic patterns, mathematical changes, and object relations appear with varying frequency.
This confirms that diversification introduces rich and meaningful variations rather than superficial or isolated
edits.

To better illustrate the multi-aspect nature of diversification, we provide three representative examples in
Figure 7. In the first example, diversification simultaneously modifies (i) Spatial Transformation (rotating the
board by 90°), (i) Dynamic Patterns (adjusting layer layouts), (iii) Object Attributes (altering colors and positions),
and (iv) Object Relations (changing the alternating-color rule between adjacent arcs). In the second example, the
diversified version changes (i) the Spatial Transformation (the direction of object movement), (ii) Object Attributes
(modifying the colors and angles of arrows and balls), and (iii) Object Relations (adding new interactions between
objects). In the third example, diversification alters (i) Dynamic Patterns (changing the layout of lines), (ii) Object
Attributes (switching from solid to dashed lines), and (iii) Object Relations (moving intersection points from
inside the circle to outside the circle). These examples highlight that diversification is not a one-dimensional
transformation process, but a structured procedure designed to meaningfully expand the visual reasoning space.
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Fig. 9. Task annotation examples illustrating the disagreement resolving process in task recreation. The original problem is
sourced from CodeForces (https://codeforces.com/problemset/problem/1381/E).

This multi-aspect annotation paradigm ensures that the resulting tasks probe genuine visual generalization rather
than shallow pattern matching.

To better illustrate our annotation process, we present an additional full example in Figure 8. This example is
based on a CodeForces problem involving polygon folding and area calculation. The provided image illustrates
the folding process along dashed lines, showing both initial and final states. For recreation, we simplify this into
a matrix folding task in which overlapping sections produce color changes. The input matrix uses two initial
colors, which can result in three distinct outcomes after folding. Several illustrative examples clarify the folding
mechanics. For diversification, the color addition rule is replaced with numeric addition, requiring models to
reason about numerical changes before and after folding.

3.6 Quality Assurance

Our annotation team comprises four experienced programmers, each with over four years of experience in Python
programming. To ensure the quality and consistency, we adopt a consensus-based annotation workflow.

At the beginning of each stage, annotators follow a shared set of guidelines and independently annotate their
assigned tasks. All intermediate outputs, including distilled reasoning elements, recreated diagrams, diversified
task variants, ground-truth code solutions, and diagram descriptions, are then cross-reviewed by the entire
team. Any ambiguity, missing visual information, or conceptual inconsistency is discussed immediately in small-
group meetings, and tasks are iteratively refined until all annotators reach full agreement. This collaborative
adjudication process ensures.that no unresolved disagreements remain in the final dataset. To further illustrate
how disagreements-are handled, Figure 9 presents a representative example from one of the most challenging
stages, Task Recreation. In this case, one annotator first proposed an initial recreated version using a matrix-
folding formulation that attempted to mirror the visual logic of the original CodeForces problem. During review,
the team identified several issues: the diagram lacked explicit axis annotations, the input-output data structures
were not clearly defined, and the matrix-based formulation introduced unnecessary coding complexity unrelated
to the core visual reasoning skill. Through multiple rounds of collaborative discussion, the team refined the task
to focus on the essential reasoning elements: symmetry folding and color merging, and redesigned it using a
clearer 1D representation with illustrative examples. The final version, shown on the right of Figure 9, is the
result of iterative clarification and consensus-based revision.

As annotation progresses, the team’s shared understanding of the benchmark steadily aligns, resulting in fewer
conflicts and more efficient refinement in later stages. One annotator additionally performs a final pass to enforce
consistent formatting and visual style across all diagrams and coding tasks. Each annotator has contributed 200
hours to this process, prioritizing accuracy and clarity over annotation speed.
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Fig. 10. Distribution statistics of tasks in HumanEval-V, highlighting the variety and coverage in diagramssizes, the number
of test cases, description lengths, and coding complexity.

3.7 Benchmark Statistics

To further demonstrate the quality of our benchmark, we conduct statistical analyses on several key aspects
and present the distribution of these statistics in Figure 10. First, we strictly control diagram sizes, capping the
maximum width or height at 1024 pixels to eliminate the need for high-resolution perception. Second, each task
includes at least five test cases, with the majority containing ten, ensuring full statement and branch coverage
over human-annotated code solutions. Third, the token length of human-annotated diagram descriptions is
predominantly around 400 (measured using tiktoken [57]), demonstrating that our diagrams encapsulate rich
visual context. Lastly, our human-annotated code solutions exhibit cyclomatic complexity [22] levels comparable
to HumanEval [11], a widely used coding benchmark designed for entry-level programming tasks.

In addition to these statistics, we also analyze the distribution of the Core Knowledge aspects required for
solving the tasks in HumanEval-V. As shown in Figure 11, each Core Knowledge category appears in a substantial
number of tasks, and no single capability overwhelmingly dominates the dataset. While the distribution is not
strictly uniform, it faithfully reflects the natural prevalence of visual reasoning skills observed in real-world
programming diagrams. For example, spatial transformations (e.g., rotation, grouping), geometric or structural
objects (e.g., grids, arrows, points), and common mathematical operations (e.g., comparison, basic arithmetic)
occur more frequently.

The Core Knowledge taxonomy itself was derived through a bottom-up annotation process: annotators first
decomposed each diagram into its primitive reasoning steps and then grouped tasks with similar visual patterns.
The naming of the final capability categories draws inspiration from the design of taxonomies in prior multimodal
benchmarks, including MathVista and MathVerse, which focus on mathematical and geometric concepts, as well
as MMBench and MME, which concentrate on spatial, topological, and dynamic reasoning. While inspired by
these works, our taxonomy is adapted specifically to the visual semantics of programming diagrams, and only
categories that frequently appeared in HumanEval-V were retained.

4 RQ1: How Well Do State-of-the-Art LMMs Perform on HumanEval-V?
4.1 Evaluation Setup

To comprehensively evaluate the visual reasoning and code generation capabilities of LMMs, we design and
implement multiple evaluation strategies, as illustrated in Figure 12. Our approach is motivated by two key
considerations.

First, inspired by prior work [49, 70] in mathematics and programming, we incorporate a Chain-of-Thought
(CoT) prompting variant. Existing studies [77] have shown that LLMs often achieve better performance when
explicitly instructed to reason step by step before producing their final answers. Given the high reasoning demand
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Fig. 11. Distribution of Core Knowledge labels in HumanEval-V. Each bar represents the number of tasks requiring a particular
visual reasoning capability.
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Fig. 12. Evaluation pipelines used in our experiments: (1) Direct translation from visual context to code (V2C); (2) V2C with
an optional Chain-of-Thought prompt (V2C w/ CoT); (3) Translation of visual context into a textual description, which is
then processed to generate code (V2T2C); and (4) A variant of V2T2C that employs a stronger coder model to generate the
code solution from the textual description alone (V2T2C w/ SC).

of our tasks, we aim to investigate whether CoT prompting can similarly improve the performance of LMMs in
the context of algorithmic diagrams.

Second, we propose a decoupled pipeline for diagram description and code generation. Most current LMM
architectures consist of a vision encoder and a language model decoder, with their training heavily reliant on
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You are an exceptionally intelligent coding assistant with a deep understanding of Python programming and a keen ability to interpret visual
data. Your responses are consistently accurate, reliable, and thoughtful.

**0Objective:**
You will be presented with a Python programming problem and an accompanying image. Please complete the function based on the provided image and
code context.

**Note**

- Remember, the signature by itself does not contain the entire problem; the image provides critical details.

- Observe the image closely and determine how its visual elements correspond to the problem's inputs, outputs, operations, calculations,
patterns (static/dynamic), and conditions.

- Please generate the complete code solution, including its function signature and body, formatted in a single Python code block, **without any
additional text or explanation**.

**Code Context:**
" python

{function_signature} Scenario: Py,(D, o)

You are an exceptionally intelligent coding assistant with a deep understanding of Python programming and a keen ability to interpret visual
data. Your responses are consistently accurate, reliable, and thoughtful.

**0Objective:**
You will be presented with a Python programming problem and an accompanying image. Please complete the function based on the provided image and
code context.

*kNote**
- {problem_category_specification}

- Remember, the signature by itself does not contain the entire problem; the image provides critical details.

- Observe the image closely and determine how its visual elements correspond to the problem's inputs, outputs, operations, calculations,
patterns (static/dynamic), and conditions.

- First summarize the important clues or findings and write a step-by-step analysis.

- Then generate the complete code solution,including the function signature and body,formatted in a single Python code block.

**Code Context:**
T python

{function_signature} Scenario: Py,(D, 0, I.;)

**Instructions:**
You will receive a Python programming problem and an accompanying image for analysis:

**Code Context:**
“ T python
{function_signature}

1. **Analyze the Function Signature**

Examine the provided function signature (its input, output, and goal) and identify any missing context. Remember, the signature by itself
does not contain the entire problem; the image provides critical details.
2. **Examine the Image**

Observe the image closely and determine how its visual elements correspond to the problem's inputs, outputs, operations, calculations,
patterns (static/dynamic), and conditions.

- First, describe the visual elements you see.

- Next, list the important facts from the image that are relevant for understanding the problem.

- Finally, deduce any missing information from the problem based on the image.

**Response Format:** Scenario: PVZT(DJ o)
Please structure your response in three main sections (use Markdown H1 headers):
1. **# Problem Restatement**
Provide a concise restatement of the problem, including relevant background and requirements.
2. **# Visual Facts**
List the facts directly observed from the image that are necessary for interpreting or solving the problem.
3. **# Visual Patterns**
Summarize any objects, operations, transformations, patterns, conditions, and relationships inferred from these facts.
**Important Note:**
- Clearly separate facts (what you directly see in the image) from patterns (what you infer based on those facts).
- If complex visual information is difficult to express in plain language, use formal notation (mathematical or pseudo-code).
- State only what you are sure of; do not introduce assumptions not supported by the image or give vague conclusions.
- **Do_not** include any code implementation in your response.

**Instructions:**

You are an exceptionally intelligent coding assistant that consistently delivers accurate and reliable responses to user instructions. Please
complete the function based on the provided problem specification, code context, and accompanying image (if provided). Return the complete
solution, including the function signature, in a single response, formatted within a Python code block.

**Problem Specification:**
" “markdown
{problem_specification}

**Code Context:**
" python
\{fgnctlon_slgnature} Scenario: PTZC(PSJ 0')

Fig. 13. Prompting templates used for the four scenarios. {function_signature} and {problem_specification} serve as place-
holders for the respective content.
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large-scale image-text pairs to align visual and linguistic representations [13, 71]. However, such training may
bias models toward strong vision-language alignment, while their ability to perform vision-to-code reasoning
could remain underdeveloped. To probe this potential gap, we introduce a two-stage evaluation: LMMs first
generate structured diagram descriptions, and then an external code generation model produces solutions based
on these descriptions. This approach allows us to better isolate and evaluate the models’ visual perception and
reasoning abilities independently from code generation.

4.1.1  Prompt Design. Based on these motivations, we design four distinct prompting scenarios. The corresponding
prompt templates for each scenario are provided in Figure 13.

(1) Direct Code Generation: The model directly generates code given the diagram D and function signature o,
denoted as Pyy(D, 0).

(2) Chain-of-Thought (CoT): The model is prompted to outline its reasoning process step by step before
generating the final code. This is implemented by appending a zero-shot CoT instruction I, and is
denoted as Pyyo(D, 0, Ir,7r)-

(3) Intermediate Textual Representation: The model is first asked to generate a structured textual problem
specification (PS) based on D and o, denoted as Py,{(D, o). This specification comprises three key sections:
Problem Restatement, Visual Facts, and Visual Patterns. The design of this intermediate representation is
informed by our own annotation process, which we found effective for capturing the essential context
and reasoning steps.

(4) Code Generation from Text: Finally, a model generates code based solely on the intermediate specification
PS (rather than the original diagram D), denoted as Pry4(PS,0). This setting is particularly useful for
decoupling the evaluation of visual understanding from code generation.

Throughout the design of our evaluation pipeline, we encountered and addressed several practical challenges.
For example, to facilitate downstream processing and improve code parsing success rates, we instruct models to
output code within a single markdown code block and to avoid producing multiple code segments. For generating
diagram descriptions, we provide detailed instructions that enforce a structured problem specification, ensuring
the inclusion of Problem Restatement, Visual Facts, and Visual Patterns. This structured approach enables more
consistent and comprehensive expression of the visual context. Over multiple rounds of prompt refinement, we
further tuned instructions to handle common model-specific failure cases, such as incomplete outputs, hallucinated
information, or deviation from the desired output format.

4.1.2 Models to Evaluate. We evaluate 27 state-of-the-art LMMs, including a representative mix of leading
proprietary and open-weight models. Our evaluation covers five of the latest proprietary models: Claude 3.5
Sonnet, GPT-40, GPT-40-mini, Gemini 1.5 Pro, and Gemini 1.5 Flash. We also assess 17 top-performing open-
weight models spanning various parameter sizes, including InternVL 2.5 (4/8/26/78B), InternVL 3.5 (4/8/14B),
Qwen2-VL (7/72B), Qwen3-VL (4/8B), Pixtral (12/124B), LLaVA-OV (7/72B), Llama-3.2-V (11/90B), Molmo-D
(7/72B), Chameleon (7/30B), and Phi-3.5-V (4B). In Table 3, we provide a detailed list of LMMs used in our
experiments. For each model, we specify the number of parameters and include direct links to relevant reports or
Huggingface repositories for further reference.

4.1.3  Hyper-Parameters & Post-processing. We apply two distinct decoding strategies for both code and de-
scription generation. First, we use greedy decoding to produce a single deterministic output, assessing model
performance in a constrained setting. Additionally, we employ a sampling method with Top_p = 0.95, Top_k = 20,
and a temperature of 0.8 to generate diverse outputs, allowing us to evaluate the models’ ability to produce
correct solutions when given multiple attempts. We set the maximum output length to 2048 tokens for both
code and description generation. To facilitate extraction, we prompt the models to encapsulate their generated
code within Markdown-style code blocks. We then apply an abstract syntax tree parser to detect and retrieve
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Table 3. List of LMMs with their parameter sizes and links to the official reports or Huggingface repositories.

Models Params Links
Proprietary LMMs

GPT-40 (0806) [55] - https://platform.openai.com/docs/models/gpt-4o0

GPT-40-mini (0718) [55] - https://platform.openai.com/docs/models/gpt-40

Claude 3.5 Sonnet (1022) [2] - https://docs.anthropic.com/claude/docs

Gemini 1.5 Pro (002) [23] - https://ai.google.dev/gemini-api/docs/models/gemini

Gemini 1.5 Flash (002) [23] - https://ai.google.dev/gemini-api/docs/models/gemini
Open-weight LMMs with more than 70B parameters

Pixtral [1] 124B https://huggingface.co/mistralai/Pixtral-Large-Instruct-2411

Llama-3.2-V 90B [24] 88.8B https://huggingface.co/meta-llama/Llama-3.2-90B-Vision-Instruct

InternVL 2.5 78B [13] 78.4B https://huggingface.co/OpenGVLab/InternVL2_5-78B

Owen2 VL 72B [71] 73.4B https://huggingface.co/Qwen/Qwen2-VL-72B-Instruct

Molmo-D 72B [17] 73.3B https://huggingface.co/allenai/Molmo-72B-0924

LLaVA-OV 72B [43] 73.2B https://huggingface.co/llava-hf/llava-onevision-qwen2-72b-ov-chat-hf
Open-weight LMMs with fewer than 70B parameters

Chameleon 30B [65] 34.3B https://huggingface.co/facebook/chameleon-30b

InternVL 2.5 26B [13] 25.5B https://huggingface.co/OpenGVLab/InternVL2_5-26B

InternVL 3.5 14B [73] 15B https://huggingface.co/OpenGVLab/InternVL3_5-14B

Pixtral 12B [1] 12.0B https://huggingface.co/mistralai/Pixtral-12B-2409

Llama-3.2-V 11B [24] 10.7B https://huggingface.co/meta-llama/Llama-3.2-11B-Vision-Instruct

Qwen3 VL 8B [81] 9B https://huggingface.co/Qwen/Qwen3-VL-8B-Instruct

Qwen2 VL 7B [71] 8.3B https://huggingface.co/Qwen/Qwen2-VL-7B-Instruct

InternVL 3.5 8B [73] 9B https://huggingface.co/OpenGVLab/InternVL3_5-8B

InternVI1 2.5 8B [13] 8.1B https://huggingface.co/OpenGVLab/InternVL2_5-8B

LLaVA-OV 7B [43] 8.03B https://huggingface.co/llava-hf/llava-onevision-qwen2-7b-ov-chat-hf

Molmo-D 7B [17] 8.02B https://huggingface.co/allenai/Molmo-7B-D-0924

Chameleon 7B [65] 7.04B https://huggingface.co/facebook/chameleon-7b

Qwen3 VL 4B [81] 4B https://huggingface.co/Qwen/Qwen3-VL-4B-Instruct

Phi-3.5-V 4B [53] 4.2B https://huggingface.co/microsoft/Phi-3.5-vision-instruct

InternVL 3.5 4B [73] 5B https://huggingface.co/OpenGVLab/InternVL3_5-4B

InternVL 2.5 4B [13] 3.7B https://huggingface.co/OpenGVLab/InternVL2_5-4B

generated import statements, class definitions, and function definitions. These components are concatenated to
form the final code solution:

4.1.4  Evaluation Metrics. Following established practices in code generation evaluation [9, 11], we use the
pass@k metric to assess functional correctness. A task is considered passed if at least one of the k selected
solutions passes all test cases, and pass@k is the percentage of solved tasks. We report results for k = 1, 3. In the
V2C setting, we generate n code samples per task and randomly select k for evaluation. For greedy decoding,
n = 1 for pass@1, while for sampling-based evaluation, n = 6 for pass@3. In the V2T2C setting, we first sample
six problem specifications per task, then use greedy decoding to generate one code solution for each problem
specification, resulting in six solutions per task for pass@3 computation.

4.2 Evaluation Results

We present the benchmarking results of 27 LMMs in Table 4, where each reported number denotes the proportion
of tasks correctly solved out of all 253 HumanEval-V tasks, under the four evaluation pipelines introduced in
Figure 12. Based on these results, we highlight the following key findings:
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Table 4. Performance across different settings. Models are ranked based on the © column. The best and second-best
performances in each column are highlighted. The numerical values are color-coded to indicate performance changes relative
to the corresponding pass@k values in the V2C column: green represents improvement, red indicates decline, and
denotes minimal change.

Models va2C V2C w/ CoT va2T2C V2T2C w/ GPT-40
pass@k k=1 k=3 k=1 k=3 k=1 k=3 k=1 k=30
Proprietary LMMs
Claude 3.5 Sonnet | 28.1 37.9 | 36.81s7 47.91100 | 33.2151  43.6157 | 31.6135 43.7153
GPT-40 24.1 33.8 | 27.7136  40.076.2 26.5124  40.5167 | 26.5124  40.5767
Gemini 1.5 Pro 233 269 | 229 34.117.2 28.5152  36.4195 26.913.6 37.3110.4
Gemini 1.5 Flash 15.4 20.5 | 17.4120 24.9144 | 15.8 22.0115 | 18.6132  27.216.7
GPT-40-mini 9.90 16.0 | 15.8159 21.1151 14.2143  22.776.7 18.2183  24.678.6

Open-weight LMMs with more than 70B parameters
Pixtral 124B 12.6 20.3 | 16.61¢«  28.1178 | 21.3187 29.9796 | 21.3187 « 31.61113
InternVL 2.578B | 12.3 19.7 | 13.4111  27.3176 | 17.8155 25.716 21.7194 3141117
Qwen2 VL 72B 9.10 15.7 | 14.2151  19.4137 10.7116  19.1734 16.6175 . 25.119.4
LLaVA-OV 72B 6.70 7.70 | 6.30 11.413.7 10.714 13:175.4 13.817.1 19.7112

Molmo-D 72B 3.20 4.80 | 3.20 8.80140 | 1.60J16 7.00122 | 5.10719  14.2194
Llama-3.2-V 90B 430 6.10 | 4.00 8.20121 | 5.9071.6  10.9148 | 4.70 11.0749
Open-weight LMMs with fewer than 70B parameters
Qwen3 VL 8B 9.5 17.2 | 16.2767 35.71185 | 15.876.3 29.1111.9 | 20.27107 35.3718.1
Qwen3 VL 4B 59 145 | 11.1752  23.7192 | 11.1752  23.0185 | 18.67127  29.37148
InternVL3.5 14B 9.9 26.8 | 12.6127 27.8710 | 9.5/0 27.6 13.8139  29.0122
InternVL3.5 4B 3.6 8.4 | 7.5139 12.9145 5.511.9 12.9745 8.314.7 21.4113.0
Pixtral 12B 4.0 5.9 1.6.3123 12.276.3 5.5115 12.676.7 13.8198  21.37154
InternVL3.5 8B 7.1 8.4 | 7.900s 12.810 7.2 11.0726 | 8.3712 16.7183
InternVL 2.5 26B 3.6 6.6 | 4.3]07 6.8 2.8 6.7 8.3147 16.7110.1
Qwen2 VL 7B 0.8 33 | 16 3.9 24116 6.373.0 6.315.5 14.7111.4
InternVL 2.5 8B 0.8 2.0 | 0.8 3.7117 1.2 3.3113 5.1143 13.6711.6
InternVL 2.5 4B 1.2 4.1 | 3.2120 3.4 3.212.0 5.811.7 5.914.7 13.579.4
LLaVA-OV 7B 2.0 1.9 | 1.6 2.4 2.0 3.2713 5.113.1 10.2183
Phi-3.5-V 4B 0.0 0.0 | 0.0 0.0 0.0 0.0 5.915.9 9.4019.4
Llama-3.2-V 11B 2.0 2.0 | 1.6 39119 2.0 5.2132 4.012.0 8.8016.8
Molmo-D 7B 1.2 1.0 | 0.4 1.8 0.8 1.0 2.811.6 8.4017.4
Chameleon 7B 0.0 0.0 | 0.0 0.2 0.0 0.0 1.2112 2.2012.2
Chameleon 30B 0.0 0.0 | 0.0 0.2 0.4 0.0 0.0 1.9071.9

(1) LMMs generally achieve their best performance under the V2T2C w/ GPT-4o setting. Across the board, models
perform markedly better when visual understanding and code generation are decoupled, especially for
open-weight models with fewer than 70B parameters. For instance, while these smaller models typically
struggle in the direct V2C setting (with many scoring near or at zero), their performance increases
substantially when leveraging the V2T2C pipeline with GPT-40 as the code generator. This validates the
effectiveness of our decoupled evaluation design and suggests that vision-language alignment is more
reliably achieved than vision-code alignment in current LMMs. Additionally, CoT prompting and the
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Fig. 14. Correlations between the selected multimodal benchmarks. Each subplot displays the relationship between model’s
performance on two benchmarks.

V2T2C pipeline both yield improvements, particularly for larger or more capable models; confirming the
benefit of explicit reasoning in tasks with substantial visual complexity.

(2) Open-weight LMMs still lag behind top proprietary models, with notable exceptions. While many high-
capacity open-weight models, such as Pixtral 124B and InternVL 2.5 78B, have narrowed the performance
gap, they generally continue to trail the strongest proprietary LMMs. For instance, Claude 3.5 Sonnet
achieves a pass@3 of 47.9% in the V2C w/ CoT setting and 43.7% in the V2T2C w/ GPT-4o0 setting,
whereas top open-weight baselines like Pixtral 124B reach only 28:1% and 31.6% in the same settings.
This discrepancy is even more pronounced for smaller-scale models, many of which, such as Chameleon
and Phi-3.5-V, fail to solve nearly any task under direct code generation. However, recent model families
illustrate rapid progress in open-weight LMMs. In particular, Qwen3-VL 8B surpasses Qwen2-VL 72B all
evaluation settings on HumanEval-V. Despite this encouraging exception, the overall trend still shows
that most existing open-weight LMMs face substantial challenges on our benchmark.

(3) Certain LMMs exhibit anomalously poor performance. Some models stand out for their unexpectedly low
scores given their size or reported capabilities. Notably, Molmo-D, Llama-3.2-V, and the Chameleon series
consistently underperform relative to their peers. Phi-3.5-V, in particular, is unable to complete any tasks
in the V2C setting, and only achieves modest improvement when paired with an external code generator
(pass@3 = 9.4%). This suggests that not all recent LMMs have robust or well-aligned multimodal reasoning
or coding capabilities, emphasizing the selectivity and difficulty of our benchmark.

4.3 Comparison with Other Multimodal Benchmarks

To understand whether HumanEval-V measures unique weaknesses in current LMMs that are not captured by
existing multimodal benchmarks, we conduct a comprehensive correlation analysis. Specifically, we select seven
widely adopted benchmarks, including AI2D [39], MMVet [85], MMBench [48], MathVista [49], MMMU [87],
MMStar [10], and HallusionBench [26], which cover a broad range of multidisciplinary visual and reasoning
abilities: For each of the 22 LMMs, we collect reported performance from the OpenVLM Leaderboard [21], as
well as corresponding papers and reports. We summarize these results in Table 5, and visualize the relationships
between benchmarks for all models using regression pair plots in Figure 14. For HumanEval-V, we use the pass@3
scores under the challenging V2T2C w/ GPT-4o setting to facilitate a fair comparison.

The results reveal several noteworthy trends. First, open-weight LMMs with more than 70B parameters (such as
Pixtral, InternVL 2.5, and Qwen2 VL) consistently achieve high or even state-of-the-art scores on many established
benchmarks, sometimes outperforming proprietary models like GPT-40 and Claude 3.5 Sonnet. However, on
HumanEval-V, these same models experience a dramatic drop in performance. Furthermore, we observe that
many current benchmarks fail to clearly distinguish between models of different scales or architectures. For
example, on MMBench and MathVista, a large group of both proprietary and open-weight LMMs cluster near the
top scores, making it difficult to discern real differences in model capabilities.
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Table 5. A performance comparison of 22 LMMs across HumanEval-V and seven popular multimodal benchmarks. Models
are ranked according to the & column. Results for HumanEval-V correspond to the V2T2C w/ GPT-40 pass@3 setting from
Table 4. The top two results for each column are highlighted in bold.

Models AI2D MM-Vet MMBench MathVista MMMU MMStar HallusionBench HumanEval-V'g
Proprietary LMMs
Claude 3.5 Sonnet  81.2 66.0 81.7 67.7 65.9 65.1 55.1 43.7
GPT-40 84.9 69.1 84.3 61.3 69.2 65.1 56.2 40.5
Gemini 1.5 Pro 79.1 64.0 82.8 57.5 60.6 59.1 45.6 37.3
Gemini 1.5 Flash 78.5 63.2 76.9 51.2 58.2 55.8 48.5 27.2
GPT-40-mini 77.8 66.9 76.0 52.4 60.0 54.8 46.1 24.6
Open-Weight LMMs

Pixtral 124B 93.8 - - 69.4 64.0 - - 31.6
InternVL 2.5 78B 89.2 64.4 87.7 65.6 58.3 72.1 57.4 314
Qwen2 VL 72B 83.0 74.0 81.0 70.5 64.5 25.9 58.7 25.1
LLaVA-OV 72B 86.2 63.7 82.6 67.5 56.6 65.8 47.9 19.7
Molmo-D 72B 83.4 61.1 79.5 55.2 52.8 63.3 46.4 14.2
Llama-3.2-V 90B 92.3 64.1 77.3 57.3 60.3 55.3 44.1 11.0
Pixtral 12B 77.4 58.5 72.7 56.3 44.1 54.5 47.0 21.3
InternVL 2.5 26B 86.2 60.0 84.6 59.4 50.7 66.5 55.8 16.7
Qwen2 VL 7B 88.3 62.0 85.9 58.2 54.1 16.3 50.4 14.7
InternVL 2.5 8B 84.6 54.3 82.5 58.3 51.2 63.2 49.0 13.6
InternVL 2.5 4B 81.4 50.9 78.2 58.1 48.3 58.7 46.6 13.5
LLaVA-OV 7B 82.8 57.5 80.9 63.2 46.8 61.9 31.6 10.2
Phi-3.5-V 4B 77.8 43.2 67.4 43.2 44.6 47.5 40.5 9.4
Llama-3.2-V 11B 91.1 57.6 65.8 51.5 50.7 49.8 40.3 8.8
Molmo-D 7B 79.6 53.3 76.5 46.9 48.7 54.4 47.4 8.4
Chameleon 7B 46.0 8.3 19.8 22.5 22.4 31.1 17.1 2.2
Chameleon 30B 53.7 9.7 32.7 23.8 38.8 32.7 18.6 1.9

This phenomenon highlights the unique challenge presented by HumanEval-V and exposes current blind spots
in multimodal evaluation. There are several possible reasons behind these observations:

(1)

Evaluation Task Format. Most existing multimodal benchmarks use multiple-choice or short-answer
questions, which are easier for models to hack and do not demand deep, step-by-step understanding. In
contrast, the open-ended code generation tasks in HumanEval-V require models to fully comprehend all
visual details and conditions present in the diagrams, making them far more challenging.

Task Domain and Data Distribution. Many popular benchmarks focus on domains such as chart reasoning,
science diagrams, and math exams, where large quantities of training data are readily available and
incorporated into model pretraining. By contrast, coding and algorithmic diagram tasks in HumanEval-
V are far less common in public datasets, and tasks are manually created to reduce the risk of data
contamination. This further increases their novelty and difficulty for LMMs.
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Fig. 15. LMMs achieve strong performance when
provided with human-written problem specifica-  Fig. 16. LLM-as-Judge ratings show limited discriminative ability for
tions. LMMs in the V2T2C setting.

Findings from RQ1

(1) HumanEval-V presents a substantially more challenging task than existing benchmarks, with even
top-performing models achieving only modest accuracy:

(2) Most LMMs perform significantly better under the V2T2C setting than direct V2C, indicating that
vision-to-code alignment remains a major bottleneck.

(3) Performance on HumanEval-V shows weak correlation with existing multimodal benchmarks, suggest-
ing that current evaluations fail to capture the specific reasoning skills required for visual programming
tasks.

5 RQ2: What Limitations Do Current LMMs Exhibit When Solving HumanEval-V Tasks?
5.1 Coding Ability Is Not the Main Bottleneck

To better understand the source of performance bottlenecks on HumanEval-V, we design an auxiliary experiment
aimed at isolating the coding capabilities of LMMs. Specifically, we examine whether these models can generate
correct code when provided with a ground-truth textual description of the visual content. This allows us to assess
their programming proficiency independently of their visual reasoning abilities.

To support this evaluation, we leverage metadata collected during the construction of our benchmark. For each
task, annotators have provided Problem Specifications (PS), which are structured descriptions of the associated
diagram. As introduced in Figure 13, each PS adheres to a structured format comprising three components:
Problem Restatement, Visual Facts, and Visual Patterns. This structure is found to be effective in conveying both
the semantic content and the spatial-logical structure of the diagram, making it suitable for evaluating code
generation in the absence of visual input.

Using these problem specifications as input, we evaluate 22 LMMs on a text-to-code task, where the goal
is to generate code from the human-written PS alone. The results, presented in Figure 15, demonstrate that
most LMMs exhibit strong coding abilities under this setting. In many cases, performance improves significantly
compared to the original visual reasoning task. For instance, GPT-40 achieves a pass@3 rate of 96.5%, in contrast
to its 40.5% pass@3 score in the V2T2C setting. Smaller models also benefit substantially. For example, InternVL
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2.5 4B achieves a pass@3 rate of 41.3%, in contrast to its 13.5% pass@3 score in the V2T2C setting. We further
measure the syntactic correctness of generated code using the success parsing rate, calculated via Pylint [78], and
observe consistently high values across models. Nevertheless, a subset of models, particularly Phi-3.5-V 4B and
Chameleon 7B, fail to generate functionally correct code in most instances. Their success parsing rates remain
low, indicating persistent limitations in both syntactic and semantic code generation. These models appear to
struggle with coding proficiency itself, not just visual understanding.

As an additional control, we also test a setting where models are given only the function signature, without
access to either the diagram or its textual description. In this case, none of the five proprietary models is able to
generate correct solutions. This further emphasizes the importance of visual context in solving HumanEval-V
tasks.

Taken together, these findings lead to two conclusions. First, while a few smaller models still face challenges,
most current LMMs exhibit competent code generation capabilities when provided with accurate textual context.
Second, the substantial performance gap between this setting and the original V2T2C setting strongly suggests
that the key limitation lies not in coding ability but in visual understanding.

5.2 Visual Reasoning as the Dominant Limitation

To better understand the limitations of current LMMs in visual reasoning; we conduct a targeted evaluation of
the Problem Specifications (PS) generated in the V2T2C setting. Specifically, we employ GPT-40 as an automatic
judge. The input to the judge consists of the PS generated by the model and the human-annotated ground-truth
PS. GPT-4o is instructed to compare the two and identify discrepancies across three capability dimensions.
These dimensions include: Basic-Level Perception, which reflects recognition of low-level visual elements such
as shapes, colors, positions, and numeric labels; High-Level Comprehension, which captures understanding of
structural relationships, visual patterns, and transformations; and Contextual Interpretation, which measures
whether the description is complete, precise, and free from hallucinations or ambiguity. Each dimension is
rated on a three-point scale, where 1 indicates a severe error, 2 indicates partial understanding, and 3 indicates
near-perfect performance.

The results, shown in Figure 16, indicate that while LMMs generally perform well in basic perceptual under-
standing, they exhibit notable weaknesses in high-level comprehension and precise expression. However, the
LLM-as-judge framework is.not designed to provide an absolute ranking of models and may be sensitive to
reference bias. Its outputs are more reliable for relative comparisons across dimensions or between success and
failure cases. To better interpret the evaluation scores, we conduct a comparative analysis based on task outcomes.
Specifically, we compare the average ratings on tasks where models generate correct solutions versus those
where they fail. For.GPT-4o0, the average scores on passed tasks are 2.9 for basic perception, 2.0 for high-level
comprehension, and 1.3 for contextual interpretation. On all tasks, the averages are 2.8, 1.6, and 1.2, respectively.
This comparison suggests that failure cases are closely linked to deficits in high-level visual reasoning, while
differences in basic perception and expression are relatively minor. These results reinforce our conclusion that the
primary bottleneck in current LMM performance on HumanEval-V lies in high-level visual reasoning capabilities.

5.3 Fine-Grained Error Analysis Across Task Types and Capability Dimensions

Building on the previous section, where we identified high-level visual reasoning as a primary bottleneck for
current LMMs, we further investigate which specific aspects (introduced in Figure 3) of visual reasoning present
the greatest challenges. To this end, we perform a systematic statistical analysis that correlates model pass rates
with three levels of task annotation: task type, general capability dimension, and fine-grained capability aspect.
These categories capture the diverse forms of reasoning required to interpret the diagrams in HumanEval-V. The
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results are summarized in Figure 17, Figure 18, and Figure 19. In this analysis, the pass rate is computed as the
average pass@?3 for the five proprietary models under the V2T2C w/ SC setting.

The results show clear variation in LMM performance across task types. For instance, models achieve the
highest pass rates on Validation and Aggregation tasks, which typically involve confirming the presence of certain
patterns or combining multiple visual features into a summary statistic. In contrast, tasks labeled as Iterative
Calculation and Transformation have notably lower pass rates, averaging around 32%. These task types require
models to follow a sequence of spatial or arithmetic operations over multiple steps, or to reason about the effects
of geometric transformations such as rotation or reflection. The performance gap suggests that current LMMs are
particularly limited in their ability to track visual state through iterative reasoning or to simulate the effects of
spatial changes.

When considering broader capability dimensions, such as Mathematical Operations, Dynamic Patterns, Topologi-
cal Relations, and Spatial Transformations, we observe only modest differences in average performance, with most
categories yielding pass@3 scores in the range of 38-48%. A more fine-grained breakdown by specific capability
aspect reveals persistent weaknesses in certain types of reasoning. For example, models exhibit substantial
difficulty with dynamic visual patterns such as spirals, zigzags, and circular arrangements, as well as spatial
operations like stacking, translation, and splitting. These cases often require not only understanding the static
properties of visual-elements, but also reasoning about movement, repetition, or the spatial reorganization of
parts. Similarly, mathematical operations including sorting and absolute value computation are frequent sources
of error. These findings provide further evidence that the main challenges for current LMMs lie in mastering
advanced spatial and logical reasoning, rather than in basic visual perception or low-level feature extraction.

In addition to these aggregate trends, we further examine the models that score near zero under the V2C
and V2T2C setting, particularly smaller open-weight models such as Phi-3.5-V, Chameleon, Llama-3.2-V, and
Molmo-D. A qualitative case study (Figure 20) reveals that these failures do not stem from a single underlying
issue but instead reflect distinct failure modes across model families. For example, Phi-3.5-V frequently fails at
the instruction-following stage, resulting in diagram descriptions that are excessively brief and omit essential
details. Chameleon exhibits errors at the level of basic visual perception, such as miscounting objects in simple
scenes. In contrast, models like Llama-3.2-V and Molmo-D struggle primarily with higher-level reasoning: they
misinterpret object relationships, misunderstand motion patterns, or fail to infer the algorithmic intent of the
diagram. These observed failures align closely with the fine-grained capability gaps identified in this section,
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N\ Test Cases:

assert solution(['A','B','C'], 2)==
assert solution(['A’], 1)==2;

B assert solution...
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Function Signature:
def solution(swaps: List[str], initial_position: int) -> int:

Determine the final position of the ball after a series of swaps.

Parameters:
swaps (List[str]): A list of operation ids ('A', 'B', 'C') representing the sequence of cup swap operations.
initial_position (int): The index of the cup where the ball is initially placed. (1-indexed)

Returns:
int: The index of the cup where the ball is finally located. (1-indexed)

Failed to recognize the shapes and numbers

next with a spring, and there are arrows indicating the direction of the connection. The cylinders labeled 1 and 4 are
highlighted with a red circle on the number inside. The image is divided into two sections by a dashed vertical line, with
labels "A" on the left and "B" on the right. The connection between the cylinders is shown with curved arrows, suggesting
movement or process flow from one end to the other.

Incorrect Diagram Description Generated by Chameleon 30B:
**Vlsual Facts:**

* The ball is initially placed in cup 1.

* The operations 'A', 'B', and 'C' represent cup swaps, where the ball is moved from one cup to another.
* The operations are applied in the order given in the list.

**Visual Patterns:**

* The operations are applied in a sequence, with each operation affecting the position of the ball.
* The ball is moved from one cup to another according to the operation performed.
* The final position of the ball is determined by the sequence of operations and their corresponding cup swaps.

Incorrect Diagram Description Generated by [ lama-3.2-V 11B:

**Visual Facts**

* The image shows a sequence of cups with numbers on them, representing the initial positions of the ball.
* There are three types of operations: 'A', 'B', and 'C', which correspond to different swap patterns.

* Each operation moves the ball to a new cup based on the current position and the type of operation.

* The final position of the ball is indicated by a red cincle in the last cup.

**Visual Patterns**

Operation["A” moves the ball two pos -

Oper‘atiom 'B' moves the ball one position to the left. 1 Failed to recognize move patterns

Operation 'C' moves the ball thr'ee p051t10ns tc the r‘1ght :

*

* * % ¥

The final position of the ball is the result of applying the sequence of operations to the initial position.

Incorrect Diagram Description Generated by Molmo-D 7B:

**# Visual Facts**

- There are three sections labeled A, B, and C, each representing a different swap operation.
- The swaps involve numbers 1, 2, 3, and 4 in various combinations.

- The ball starts in cup 1 in section A.

- The swaps progress from left to right across the sections.

- The swaps appear to be deterministic and based on the cup numbers. Failed to understand individual movement operations
**# Visual Patterns**

'The swaps seem to follow a specific sequence: A - B » C. 1

|Each swap appears to involve two cups, with the ball moving from one to the other. :

-.The final position of the ball after all swaps is likely determined by the last swap in section C. 1
- The swaps may have a cyclical nature, as suggested by the circular arrows in the image.

Fig. 20. Illustrative case study of LMMs that score near zero on HumanEval-V, revealing heterogeneous failure modes across
instruction following, perception, and high-level reasoning.

reinforcing our conclusion that weak high-level visual reasoning, rather than low-level perception alone, remains
the dominant barrier for current LMMs on HumanEval-V.
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Fig. 21. Correlation Between LMM Pass Rates and Task Difficulty in Coding and Diagram Descriptions.
Image: ditance — (1RO 1 Image: A 4 - A
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Example 3: distance = (-6)4(-5)2 +(-1.2)? +(-2.5)> = 68.69  distance — 0 -
Function Description: Function Description:
Takes a list of numbers and two index positions, calculates and returns the distance Given an M x N 2D matrix, traverse the matrix according to the spiral pattern shown in
between the elements at these two indices in the list. the image:
Incorrect Diagram Description Generated by Claude 3.5 Sonnet: Incorrect Diagram Description Generated by Claude 3.5 Sonnet:
# Problem Restatement # Problem Restatement

The problem requires implementing a function that calculates a "distance" | The problem requires implementing a function that traverses a matrix following

between two elements ......

specific arrow patterns ......
# Visual Facts # Visual Facts
1. Three examples are shown with arrays of different lengths: 1. The image ShOWS eeeees
- Example 1: [3, -1, @, 2, -9, -7] # Visual Patterns
# Visual Patterns Incorrect: The traversal starts from the bottom-left cell
1. Distance Caleulation Rules: ____________ _______________._________ | -ifhe traversal aluays starts from the top leFt cell ( (e
] - The calculation uses the square of each element in the range between (and ! - The Patter‘n follows a snake-like movement hor1zontally

IlﬂCludlne) the selected indices Incorrect:The elements shouldn’tinclude both ends'

- The traversal .

Incorrect: Vertical movements may occurin any column

Fig. 22. Two example error cases from Claude 3.5 Sonnet under the V2T2C w/ SC setting, illustrating LMMs’ difficulties in
interpreting visual cues that are easily understood by humans.

5.4 Discrepancies Between Model and Human Perceptions of Task Difficulty

To further investigate the nature of model errors, we conduct a qualitative analysis of failed predictions by LMMs.
Our manual case study reveals that these models frequently make errors in scenarios that are intuitively simple for
human annotators. This observation suggests a potential misalignment between model performance and human
perceptions of task complexity. To quantitatively assess this phenomenon, we compute the correlation between
LMM performance and two widely used metrics of human-perceived difficulty: the cyclomatic complexity [22]
of ground-truth solution code and the token length of the human-annotated diagram description. Cyclomatic
complexity is a well-established metric from software engineering, which quantifies the number of linearly
independent execution paths in a program. A higher cyclomatic complexity value reflects a solution with more
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Table 6. Performance on HumanEval-V consistently improves with increased sample size K across different LMMs.

Models K=1 K=3 K=5 K-=10 K-=20 K-=50 K-=100

Claude 3.5 Sonnet  36.5 49.5 54.2 60 65.2 71 74.3
GPT-40 279 40.6 454 509 55.9 61.9 66.2
Gemini 1.5 Pro 23.6 345 393 452 50.3 56.8 61.5
Gemini 1.5 Flash 174 255 29 33.7 38.4 45.3 51.5
GPT-40-mini 145 224 257 298 33.7 38.8 42.8

branches, loops, or conditional logic, and is therefore considered an indicator of increased programming difficulty.
The token length of the diagram description, in turn, serves as a proxy for the linguistic or visual complexity
involved in interpreting the task.

We use the averaged pass@3 scores of the five strongest proprietary models under/the V2T2C w/ SC setting
as a measure of LMM performance. As presented in Figure 21, our statistical analysis' demonstrates that LMM
performance exhibits only weak or negligible correlation with both the cyclomatic complexity of the solution
code and the length of the diagram description, except in cases of extremely high task complexity. This result
indicates that LMMs struggle with tasks that humans find relatively trivial.

To further illustrate this misalignment, we highlight two representative failure cases in Figure 22. The first
case concerns a distance calculation problem, where the correctlogic involves summing the squares of array
elements between two indices. Although the visual logic is straightforward for humans, Claude 3.5 Sonnet fails to
abstract the rule correctly, incorrectly including the endpoints in the calculation. The second case involves matrix
traversal along a spiral path. In this instance, the model misidentifies both the starting cell and the movement
directions, resulting in an inaccurate description of the traversal pattern. Notably, both cases are considered easy
by human standards but remain unsolved by state-of-the-art LMMs, underscoring a fundamental gap in visual
reasoning capabilities.

Findings from RQ2

(1) Coding ability is not the main bottleneck, as most LMMs can generate correct code when provided
with ground truth textual descriptions.

(2) The dominant limitation of LMMs lies in visual reasoning, particularly in understanding structural
relations, spatial patterns;and abstract transformations.

(3) LMMs’ performance diverges from human-perceived task difficulty, with frequent failures on tasks
that are trivial for human annotators.

6 RQ3: What are the promising research pathways to enhance visual reasoning in code generation?

Recent progress in LLMs demonstrates that output quality can often be substantially improved by increasing the
number of sampled responses and employing selection strategies to identify the most accurate or useful outputs [9].
In practice, the performance of a model under a single-sample (pass@1) scenario frequently underestimates its
true potential, as higher-quality solutions may only arise in larger candidate sets. To investigate the upper bound
of current LMMs on our benchmark, we systematically evaluate the effect of scaling sample size. Specifically, we
increase the number of model-generated samples per problem to n = 200, and follow other hyper-parameter
settings as specified in Section 4.1.3, and report pass@100 scores in the V2C w/ CoT setting. The results, presented
in Table 6, indicate consistent performance improvements across all evaluated models as sample size increases.
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Notably, the best-performing model, Claude 3.5 Sonnet, achieves a pass@100 score of 74.3%, highlighting a
considerable gap between the performance attainable through optimal selection and the pass@1 performance.

Bridging this gap remains a significant research challenge. Several approaches have been proposed to close
the difference between pass@1 and pass@k performance, including output reranking [9], reject sampling
followed by fine-tuning (RFT) [86], and reinforcement learning (RL) techniques such as Group Relative Policy
Optimization (GRPO) [27]. Reranking methods typically depend on access to external online feedback signals
or discriminant models. In the context of code generation, automated test cases are often used to provide
such feedback. Alternatively, RFT and RL have proven effective in domains such as programming [69] and
mathematics [86], yet these methods fundamentally require large-scale training data. Our benchmark consists
entirely of manually constructed tasks, making it difficult to automate the generation of sufficient in-domain data
for such training paradigms.

In light of these challenges, we frame the remainder of this section as an exploration of three promising
methodological pathways for future research. First, we investigate RL-driven reasoning enhancement. Because
reasoning-oriented RL is not yet a standard training objective for most general LMMs, largely due to current
unresolved limitations in multimodal contexts, such as “overthinking” and visual hallucination, we evaluate
reasoning-enhanced models here to assess the viability of this specific post-training paradigm. Second, we explore
interactive learning via environmental feedback. By constructing a sandbox environment, we demonstrate the
potential of agentic interactive learning, where models can incrementally correct visual misunderstandings using
execution signals. Third, we discuss the fundamental bottleneck for enabling the previous two pathways: scalable
in-domain data synthesis. Recognizing this as a vital direction for future work, we investigate semi-automatic
strategies to generate visual-code pairs, addressing the severe lack of fine-grained controllability in current
text-to-image models. These three experimental directions are detailed in the following subsections.

6.1 RL-Driven Reasoning Enhancement

Building on our investigation of performance upper bounds, we next examine a class of reasoning-enhanced
models. These language models are explicitly trained to improve multi-step reasoning and solution search. A
representative example is DeepSeek-R1 [27], which employs a reinforcement learning (RL) algorithm, Group
Relative Policy Optimization (GRPO) [27]. In this framework, the model receives positive rewards for generating
correct solutions and negative feedback for incorrect outputs. Over time, this iterative optimization enables the
model to refine its reasoning strategies. One notable feature of reasoning-enhanced models is their ability to
perform extensive “thinking before answering,” resulting in long chains of thought before producing a final
response. The training of these models is often conducted in domains where automatic verification is feasible
to avoid reward hacking. Typically, reasoning-enhanced models are first trained on large-scale code and math
datasets where reward signals are well-defined and may subsequently be fine-tuned on additional tasks [27].

In the multimodal domain, this training paradigm has recently been adapted to visual reasoning. For example,
QVQ-72B-Preview [66] achieves leading performance on several major multimodal benchmarks, including 70.3%
on MMMU and 71.4% on MathVista, surpassing all previously reported models (see Table 5). Other reasoning-
enhanced LMMs like Skywork-R1V-38B [72], OpenAl o1 [56], and 03 [58] similarly represent the forefront of
proprietary multimodal reasoning-enhanced models. Motivated by their impressive results on these datasets,
we further evaluate QVQ-72B-Preview, Skywork-R1V-38B, OpenAl o1, and 03 on our benchmark to determine
whether their enhanced reasoning capabilities transfer to the domain of visually grounded coding tasks.

We conduct evaluation under the V2C w/ CoT setting. In contrast to their strong performance on other
benchmarks, earlier released reasoning-enhanced models such as QVQ-72B-Preview and ol exhibit limited
success on our benchmark. OpenAl o1 achieves a pass@1 score of 40.6%, while QVQ-72B-Preview reaches only
19.0%. Meanwhile, the capabilities of this model family have been rapidly evolving. More recently released models
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Image: Function Signature:
IO =1 def solution(nums: list[float], idx1l: int, idx2: int) -> float:

-nn-ﬂ. Calculate the distance between two elements in a list of numbers.

C1P+0)2 =1 st (37=9 Parameters:
nums (list[float]): A list of numbers

idx1 (int): The first index position. (©-indexed)

Example 2

e - (4PH2) =20 e (2p=4 idx2 (int): The second index position. (@-indexed)
Returns:

]2+~ [=[2[=s[3[2]7]%]

float: The calculated distance between the elements at the two index
Example3:  distnce = (EPHHCL2IHAS =88  distmenm0 positions. (round two decimal places)

Test Cases:

assert solution([3,-1,0,2,-9,-7], 0, 3)==1; assert solution([2,-3,-1,-1,-2,-2,3,-3], @, 6)==19; assert ---
Incorrect Code Solution Generated by OpenAI ol: |
**Analysis**

. . . |
From the examples in the image: B R
Incorrect: Fail to understand the aggregation rules.

()2 + (y)2.” |

- They consistently show something like:“dlstance

elements.
- Finally, we round to two decimal places.

Hence, given a list "nums” and two indices ~idx1™, ~idx2 , we compute

\[

\text{distance} = \bigl(\text{nums[idx1]}\bigr)~2 + \bigl(\text{nums[idx2]}\bigr)~2
\]

and round it to two decimals.

* T python

def solution(nums: list[float], idx1: int, idx2: int) -> float:
Calculate the 'distance' between two elements in a list of numbers;
defined here as the sum of their squares (no square root).

The result is rounded to 2 decimal places.

Parameters:
nums (list[float]): A list of numbers.
idx1l (int): The first index position (@-based).
idx2 (int): The second index position (@-based).

Returns:
float: The calculated distance, rounded to two decimals.

X = nums[idx1]

y = nums[idx2]

dist = x**2 + y**2

| Incorrect: Fail to understand the aggregation rules.

29

Fig. 23. An example of visual misunderstanding by OpenAl o1 under the V2C w/ CoT setting. The model fails to correctly
interpret the aggregation logic shown in the diagram.

like OpenAl 03 and Skywork-R1V-38B achieve much stronger results, with 03 reaching a remarkable pass@1
score of 64.8% and Skywork-R1V-38B achieving 26.1%. These results substantially outperform general-purpose
LMMs of comparable size and suggest that enhanced general reasoning abilities can meaningfully transfer to
HumanEval-V. This provides strong evidence that robust vision-to-code generation capability can be developed
through improved general reasoning skills.

At the same time, our evaluation also shows that existing reasoning-enhanced multimodal models remain
far from solving the benchmark, especially when compared to their performance on text-only tasks. A detailed
analysis of their outputs reveals several persistent issues:
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Image: Function Signature:
def solution(matrix: List[List[int]]) -> List[int]:
ot (34
N
546 17 _,é Given an M x N 2D matrix, traverse the matrix according to the spiral pattern
142+ 3+ 4 | shown in the image
' N
¥ t
142+ 3+ 4 5| 6«7 | 8 Parameters:
¥ 4 + + 4+ - matrix (List[List[int]]): A 2D list of integers representing the matrix.
567 8 9—10-11 | 12 Returns:
4 4
9 _.10_.11_'1; 13_.14_.15_.1; - A list of integers representing the elements of the matrix in the order as

shown in the image

Test Cases:

assert solution([[1,2]])==[1,2]; assert solution([[1,2],[3,4],[5,61,[7,8]1]1)==[7,8,6,4,2,1,3,5]; assert ---

Incorrect Code Solution Generated by OpenAI ol:

### Step-by-Step Analysis

From the image, the task is to traverse a matrix in a spiral order. The order in which the elements are traversed I
can be described as follows: Incorrect:The traversal starts from the bottom-left cell

. **Move right** across the topmost row.

. **Move down** along the rightmost column.

. **Move left** across the bottommost row (if more rows are left).
. **Move up** along the leftmost column (if more columns are left).

oA woN

6. **Repeat** this pattern, shrinking the boundary of traversal by excluding the outermost row and column until
all elements are visited.
This spiral order traversal involves the following boundaries:
- “top’ (initially @),
- “bottom™ (initially the last row index),
- “left (initially o),
- “right’ (initially the last column index).
These boundaries are adjusted after each movement:
- After moving right, increment the “top” boundary.
- After moving down, decrement the “right™ boundary.
- After moving left, decrement the “bottom™ boundary.
- After moving up, increment the ~left™ boundary.
This loop continues until all elements are visited.
### Code Implementation
“python
def solution(matrix: List[List[int]]) -> List[int]:
if not matrix:
return []
result = []
top, bottom, left, right = @, len(matrix) - 1, 0, len(matrix[@]) - 1
while top <= bottom and left <= right:
for i in range(left, right + 1):
result.append(matrix[top][i])
top += 1
for i in range(top, bottom + 1):
result.append(matrix[i][right])
right -= 1
if top <= bottom:
for i in range(right, left - 1, -1):
result.append(matrix[bottom][i])
bottom -= 1
if left <= right:
for i in range(bottom, top - 1, -1):
result.append(matrix[i][left])
left += 1
| return result

Fig. 24. An example of visual hallucination by OpenAl o1 under the V2C w/ CoT setting. The model explicitly hallucinates a
traversal pattern that does not exist in the visual input.

(1) Hallucination and Visual Misunderstanding: All models continue to exhibit hallucinations and visual
misinterpretation, frequently misidentifying elements or fabricating patterns and rules not present in the
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Image: Function Signature:
ance = (102 =1 def solution(nums: list[float], idx1: int, idx2: int) -> float:
Example 1 [0]2]s]7] "

Calculate the distance between two elements in a list of numbers.

102 =1 istance = (312 =9 Parameters:
nums (list[float]): A list of numbers.

idx1l (int): The first index position. (@-indexed)

idx2 (int): The second index position. (@-indexed)
Returns:

distance = (4742)*=20 istance = (2= 4

[e]a]2]4fe]s]r2[2s[s[2]7]2] float: The calculated distance between the elements at the two index

positions. (round two decimal places)

Example 3:  distas (6P H(5)? +(-1.2)? #(:2.5)? = 68.69  distance = 0

Test Cases:
assert solution([3,-1,0,2,-9,-7], @, 3)==1; assert solution([2,-3,-1,-1,-2,-2,3,-3], @, 6)==19; assert .-

Incorrect Code Solution Generated by QVQ 72B Preview: |

**Final Solution** |
To solve this problem, we need to calculate the distance between two elements in a list of numbers based
on the provided examples.

### Approach
1. **Understanding the Problem:**
- We are given a list of floating-point numbers and two indices.
- We need to calculate the "distance" between the elements at these indices.
- The distance is defined based on the sum of squares of the elements at the given indices.
2. **Interpreting the Examples:**
- Example 1: For indices 1 and 2 in "[3, -1, @, 2, -9, -7] , distance is 7(-1)"2 + (0)?*2 =1 + 0 =

Hallucination

3. **Function Signature:**
- “def solution(nums: list[float], idx1: int, idx2: int) -> float:

### Solution Code
"~ python
def solution(nums: list[float], idxl: int, idx2: int) -> float:
# Ensure indices are within bounds
if idx1l < @ or idx1l >= len(nums) or idx2 < © or idx2 >= len(nums):

# Calculate the sum of squares of elements at idx1 and idx2
distance = nums[idx1]**2 + nums[idx2]**2
| # Round to two decimal places
| return round(distance, 2)

- Tlalee cNUEXLIIOory DE1ce> ouEl St
1
1
1
I

Incorrect: Fail to understand the aggregation rules.

### Explanation
1. **Bounds Check:**
- We ensure that both indices are within the valid range for the list.
2. **Distance Calculation:**
- Compute the square of each element at the given indices and sum them up.
3. **Rounding:**

| - Round the final distance to two decimal places to match the problem's requirement.

Fig. 25. An error case demonstrated by QVQ-72B-Preview under the V2C w/ CoT setting, illustrating the hallucination of
aggregation rules that are completely absent from the diagram.

diagram. These errors are rarely observed in text-only reasoning tasks but become prevalent in multimodal
settings requiring fine-grained visual understanding. For concrete examples, Figure 23 and Figure 24
show OpenAl o1 misinterpreting visual structures and hallucinating traversal patterns, while Figure 25
illustrates QVQ fabricating non-existent aggregation rules.
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Image: Function Signature:
def solution(matrix: List[List[int]]) -> List[int]:
142dsda ] [1dateta]
N
546 w7 _,é Given an M x N 2D matrix, traverse the matrix according to the spiral pattern
e — 14 2+ 3+ 4 | shown in the image
+ +
1o 3dy 5| 6«7 |8 Parameters:
+ + + 1t - matrix (List[List[int]]): A 2D list of integers representing the matrix.
5467 |8 9 —+10+11 | 12 Returns:
4 4
t t X X . s
9 1011b12 1351441516 - A list of integers representing the elements of the matrix in the order as

shown in the image

Test Cases:
assert solution([[1,2]])==[1,2]; assert solution([[1,2],[3,4]1,[5,6],[7,8]1]1)==[7,8,6,4,2,1,3,5]; assert ---

Un

[...above is a very long CoT generation process

shed Code Solution Generated by QVO 728 Preview:
1

But that also seems arbitrary. Incorrect: The traversal pattern is irrelevant to row/column numbers
Given the confusion, perhaps the best approach is to implement a general spiral traversal algorithm, as initially
thought.
Here's a more detailed implementation:

" python

def solution(matrix: List[List[int]]) -> List[int]:
if not matrix or not matrix[@]:
return []
rows, cols = len(matrix), len(matrix[0])
result = []
top, bottom = 6, rows - 1
left, right = 0, cols - 1
while top <= bottom and left <= right:
for col in range(left, right + 1):
result.append(matrix[top][col])
top += 1
for row in range(top, bottom + 1):
result.append(matrix[row][right])
right -= 1
if top <= bottom:
for col in range(right, left - 1, -1):
result.append(matrix[bottom][col])
bottom -= 1
if left <= right:
for row in range(bottom, top - 1, -1):
result.append(matrix[row][left])
left += 41
return result

But given that the examples show row by row traversal, perhaps the problem expects a row by row traversal.
Alternatively, maybe the spiral traversal is supposed to alternate directions based on the current layer.
I need to make a decision here.
Given the confusion between row by row and spiral traversal, and considering that the examples show row by row
traversal, I will proceed with implementing a row by row traversal.
Here's the final code:
" python
def solution(matrix: List[List[int]]) -> List[int]:
return [num for row in matrix for num in row]
This should satisfy the problem's requirements based on the examples provided.
| [...unfinished CoT generation...]

Fig. 26. An error case demonstrating the “overthinking” phenomenon by QVQ-72B-Preview under the V2C w/ CoT setting.
The model generates an excessively long, unfinished chain of thought, yet still fails to recognize the correct traversal pattern.

(2) Overthinking and Token Limits: QVQ-72B-Preview, in particular, tends to “overthink” the problem, produc-
ing extremely lengthy chains of thought. In 35% of cases, the model fails to generate a valid code solution
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Fig. 27. Iterative evaluation pipelines. Fig. 28. Performance of LMMs under the iterative evaluation settings.

within the 20,000-token limit, highlighting inefficiencies in its reasoning process (as demonstrated in
Figure 26).

(3) Instruction Following Failures: A focus on extended reasoning appears to degrade instruction adherence.
For example, QVQ-72B-Preview and Skywork-R1V frequently fail the V2T2C setting by always generating
code instead of a diagram description, and often produce outputs that deviate from required formatting,
complicating downstream evaluation.

In summary, although reasoning-enhanced models demonstrate substantial progress in mathematical and
textual reasoning, their abilities in visual reasoning and instruction following remain limited. Looking ahead,
a critical research direction is the development of large-scale multimodal datasets spanning diverse reasoning
tasks, enabling models to acquire genuine visual reasoning across domains. Such data would not only improve
the reliability and faithfulness of model predictions but also help mitigate hallucinations and foster deeper
vision-language and vision-code alignment.

6.2 Interactive Learning Based on Environmental Feedback

To investigate whether LMMs possess the capacity for self-improvement through interaction with their envi-
ronment, we design an iterative benchmarking pipeline that exposes models to environmental feedback and
enables iterative refinement. The ability to adapt and learn via environmental interaction has recently been
shown to benefit from agentic reinforcement learning (RL) approaches [38], where models act as autonomous
agents, reflect on their mistakes, and incrementally refine their outputs based on feedback. These agentic RL
paradigms have proven effective in enabling models to develop more robust self-reflection and self-correction
capabilities in complex, open-ended tasks.

As illustrated in Figure 27, we develop two types of iterative workflows, derived from the V2C and V2T2C w/
SC settings. In these pipelines, models are required to revise their initial code or textual descriptions based on
feedback obtained from the execution sandbox. For every task, if the model’s output contains syntax errors or
fails any test cases, the sandbox delivers detailed error messages or the input-output pairs corresponding to failed
test cases.

For this iterative evaluation, we select the most capable LMMs across a range of parameter scales and evaluate
them using greedy decoding and the pass@1 metric. As shown in Figure 28, where iter 0 represents the initial
round without feedback, we observe that model performance generally improves over multiple iterations, with
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larger and more advanced models achieving greater gains. Notably, models such as Claude and QVQ demonstrate
particularly strong interactive learning capabilities.

It is important to note that Figure 28 contains results from two different evaluation settings: the left subplot
reports V2C w/ CoT iteration, while the right subplot reports V2T2C w/ SC iteration. Crucially, the two subplots
do not contain the same set of models. The V2C setting includes only proprietary LMMs and open-weight models
larger than 70B parameters, as only these models are capable of directly performing V2C. In contrast, the V2T2C
setting additionally includes smaller models (12B, 8B, and 4B), which cannot perform V2C reliably but can achieve
acceptable performance in V2T2C when paired with GPT-4o0 as a strong coder.

A closer examination of the corrected cases shows that approximately 90% of improvements result from a better
understanding of the diagram and task specification after receiving feedback. The remaining 10% are corrections
of edge conditions or corner cases explicitly identified by test case feedback. This indicates that the models are
genuinely learning and adapting through environmental interaction rather than relying on memorization.

While our results validate the feasibility of interactive learning through environmental feedback, several
challenges remain for the training of such capabilities. First, there is a lack of sufficiently diverse and reasoning-
intensive multimodal coding tasks that can serve as a robust training ground for agenticlearning. Second, the
annotation of high-quality test cases for complex visual reasoning tasks is costly and labor-intensive, limiting the
scalability of current approaches. These limitations highlight a critical future direction: developing automated
frameworks that can efficiently generate, verify, and provide feedback for multimodal coding tasks. Building such
infrastructure would enable models to interact with a rich set of environments, thereby facilitating scalable
training of self-reflective and adaptive reasoning abilities.

6.3 Potential Semi-Automatic Strategies for Constructing In-Domain Training Data

Automatically generating high-quality visual-code pairs that match the characteristics of HumanEval-V is highly
non-trivial. The primary challenge arises from the nature of HumanEval-V diagrams: they are free-form, abstract,
and often encode complex transformations, relations, and multi-step operations over visual elements. Unlike struc-
tured diagram formats such as flowcharts or UML diagrams, the representations in HumanEval-V are intentionally
diverse and visually heterogeneous, conveying algorithmic logic through flexible spatial configurations rather
than predefined syntactic rules. This level of abstraction makes fully automated synthesis extremely challenging
for current multimodal models:

Existing automatically constructed vision-to-code datasets rely heavily on structured, rule-based diagram
formats for which reverse-generation pipelines are readily available. For example, Flow2Code [30] trains models
to translate flowcharts or UML diagrams into code using diagrams automatically synthesized from code snippets
via tools like Visustin. Similarly, ChartCoder [92] generates chart-to-code pairs by randomly sampling data and
rendering corresponding visualizations through standard plotting libraries such as matplotlib. These pipelines are
feasible precisely because the diagrams adhere to strict syntactic specifications and can be programmatically
generated from code or data.

In contrast, the diagrams in HumanEval-V cannot be generated through such deterministic reverse-engineering
processes. Their visual diversity, lack of fixed templates, and reliance on spatial semantics make it infeasible
to automatically derive visually valid and semantically meaningful diagrams that reflect the rich reasoning
patterns required by the benchmark. An additional difficulty lies in the precision required for valid diagram
construction. Even small inaccuracies, such as misaligned shapes, incorrect arrows, and missing spatial relations,
may invalidate the task. Current text-to-image models lack the necessary controllability and structural fidelity to
ensure diagram correctness. As shown in Figure 29, our attempts to synthesize HumanEval-V-style diagrams using
a state-of-the-art image generation model (Gemini Nano Banana [25]) demonstrate that, even with detailed textual
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Prompt for Gemini Nano Banana to generate the diagram

# Problem Description

The problem requires implementing a matrix transformation function that takes a NxN input matrix and produces a
NxN output matrix. The transformation appears to be a reflection or mirroring operation around a vertical axis
that runs through the center of the matrix.

# Visual Facts

1. Matrix Properties:
- Both input and output matrices are 4x4
- An example cases are shown
- A green dotted line marks the vertical axis in the middle of input matrices
- Black arrows show the transformation from input to output

2. First Example:
- Input Matrix rows:

* [A, B, C, D] The expected diagram The generated diagram
* [+, _, *) /1 [N Input Matrix Output Matrix
* [D, C, B, A] aleiclo A/B.C|ID D/ C.C|A
* L/, % -, +] D[C|B[A A/BIC/A -|C/B|A
- Output Matrix rows: /G -5+ + - x| \ Vil * =%
* [0, C, B, A] e DIc BIA| ™5 [AlCiBID
UL s 4] AR D/CB|A| A+ =|D|
* [A B, C, D] arec D AR ¥ |-+
I - % ]

# Visual Patterns
Transformation Rules:
- The matrix is reflected across the vertical line between columns 2 and 3
- Each row in the input matrix becomes flipped horizontally in the output matrix
The relative positions of characters within each row remain in the same row, just reversed
- Matrix dimensions remain unchanged (4x4)
Content of the matrix remains the same, only positions change
The transformation applies consistently regardless of the type of characters (letters, numbers, or symbols)

Fig. 29. Attempt to synthesize a diagram in HumanEval-V using Gemini Nano Banana. The generated diagram is inconsistent
with the required logical and spatial relations.

prompts, the generated diagrams fail to capture the intended structure and logic, rendering them unsuitable for
code generation tasks.

Despite these challenges, we identify two potential semi-automatic strategies that warrant further investigation
in future work to enable scalable in-domain dataset expansion.

(a) Template-Based Synthesis This approach builds upon the structured nature of specific HumanEval-V task
categories. We can design parametric code templates that encode the canonical structure of various task types,
including their input/output schema and core algorithmic operations. LLMs are then used to instantiate diverse
task variants by modifying parameters, data structures, and transformation rules. For each synthesized code
variant, corresponding diagrams can be programmatically rendered using lightweight vector graphics or plotting
libraries (e.g., matplotlib, networkx). A final human verification stage ensures consistency between the rendered
diagram and the underlying algorithmic logic, filtering out diagrams with visual inaccuracies. This method offers
scalability and quality control, enabling systematic expansion of each task family into valid instances. Its primary
limitation is reduced diversity, as all generated tasks remain bounded by the initial template structures and may
fail to capture the breadth of free-form visual reasoning patterns that characterize HumanEval-V.

(b) Task-First Synthesis This strategy emphasizes creative task ideation. LLMs are prompted to generate novel
coding problems that inherently require visual reasoning. The model generates a textual description that outlines
the intended visual relationships and the target function signature. Given this specification, image-generation
models attempt to produce diagrams aligned with the described logic. Because current image-generation models
still lack fine-grained visual controllability, the resulting diagrams often require human post-editing. Annotators
correct misaligned shapes, add missing symbols or labels, adjust spatial relationships, and ensure that the
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final diagram faithfully encodes the intended algorithmic rules. Once refined, these visual-code pairs can be
incorporated into the dataset. This task-first approach yields greater diversity and can introduce new forms
of visual reasoning not covered by predefined templates. However, the approach is constrained by the limited
precision of image-generation tools, making quality control labor-intensive.

Findings from RQ3

(1) Increasing the sampling size significantly improves performance, revealing untapped potential in
LMMs.

(2) Reasoning-enhanced models show promising transferability to HumanEval-V. However, their visual
reasoning and instruction-following abilities still exhibit clear limitations.

(3) Iterative self-refinement with environment feedback shows promising gains, suggesting that interactive
learning can help mitigate hallucinations and strengthen visual understanding.

7 Ablation Study
7.1 Effect of Sampling Temperature

To ensure the robustness and generalizability of our experimental settings, we systematically analyze the
effect of sampling temperature on model performance. As described in Section 4.1.3, we set the sampling
temperature to T = 0.8 for generating multiple predictions, following established practices in code generation
benchmarking [9, 11]. Given that LMMs may exhibit varying performance, at different temperatures, we conduct
an ablation study to assess the validity of this choice. Specifically, we evaluate 22 LMMs under the V2T2C w/
GPT-4o setting across a range of temperatures from 0.4 to 1.0. The results, presented in Table 7, indicate that
model performance remains generally stable across different temperature settings, with only minor variations
observed in a few models. This finding further supports the rationale for adopting T = 0.8 as the default sampling
temperature.

7.2 Impact of Strong Coder Selection

We further assess the stability of our evaluation pipeline by examining the impact of the strong coder model
used for code generation. Throughout our main experiments, we employ GPT-40 as the primary strong coder,
leveraging its advanced coding capabilities to generate code based on the problem specifications. This setup allows
us to isolate and evaluate the visual understanding ability of LMMs in a controlled manner. To evaluate whether
our findings are sensitive to the choice of strong coder, we conduct an ablation study by substituting GPT-40 with
an open-weight model, Qwen2.5-Coder-32B-Instruct [32] (QwenCoder-32B), which has demonstrated comparable
coding performance on benchmarks such as LiveCodeBench [33].

This ablation is performed under the V2T2C w/ SC setting, where QwenCoder-32B replaces GPT-4o to generate
code from the LMM-produced problem specifications. As shown in Figure 30, the results from GPT-40 and
QwenCoder-32B display near-perfect correlation, confirming the robustness and stability of our evaluation
methodology across different strong coder models.

7.3 Effect of Task Diversification

To evaluate the influence of our task diversification process, we analyze whether the diversified tasks introduce
new challenges beyond those presented by the original seed tasks. This analysis is important for verifying the
richness and coverage of our benchmark. As detailed in Section 3, our annotation pipeline generates diversified
versions of each seed task, resulting in a broader and more varied set of evaluation items.
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We assess this effect by examining the standard deviation of pass rates within each group of seed tasks and
their diversified counterparts; using the results from 22 LMMs under the V2T2C w/ SC setting. Each group contains
a seed task and its variants, yielding 100 task groups in total. We calculate the standard deviation of pass@3
scores within each group; excluding groups where all tasks have a pass@3 rate of zero. The statistical distribution
of these standard deviations, visualized in Figure 31, demonstrates that the 25th percentile standard deviation
for most models exceeds 0.2, with the median around 0.4. This substantial within-group variance indicates that
our diversification process effectively generates tasks with varying levels of difficulty and model performance,
thereby enriching the benchmark and validating the design of our task annotation pipeline.

8 Threats to Validity
We discuss several potential threats to the validity of our study and describe the measures taken to mitigate them.

Data Quality. Since our benchmark is fully human-annotated, there is a risk of annotation bias or human
error. To address this, we designed a multi-stage annotation pipeline. In the data collection phase, we aggregate a
diverse set of tasks from multiple programming platforms and perform thorough categorization and screening to
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ensure coverage and diversity. At the final annotation stage, each annotator is required to review and validate
tasks created by another annotator, and to provide both ground-truth code solutions and unambiguous diagram
descriptions. This peer-review process is designed to minimize errors and ambiguity, improving both the reliability
and the clarity of the dataset.

Data Quantity. Our benchmark contains 253 tasks, which may appear limited compared to automatically
constructed datasets, as all examples are manually annotated. However, this scale is consistent with widely
adopted benchmarks in the field, such as HumanEval [11] (164 tasks), MMVet [85] (218 tasks), Vibe-Eval [59] (269
tasks), ClassEval [20] (100 tasks), EvoCodeBench [44] (275 tasks), and SWE-Bench Lite [37] (300 tasks). Moreover,
we dedicated over 800 hours to the annotation process to ensure the highest possible quality and diversity of
tasks. Our tasks span a broad range of visual elements and reasoning capabilities, supporting the generalizability
of our evaluation results.

Experimental Hyperparameters. Our experiments involve choices regarding prompt design and sampling tem-
perature, both of which may affect the robustness of our findings. To mitigate these risks, we conducted extensive
pilot studies on a held-out subset of the data to refine prompts and developed multiple prompting strategies.
Experimental results demonstrate strong correlation across these strategies, underscoring the robustness of our
conclusions to prompt variation. Additionally, we conducted thorough ablation studies on sampling temperature
and on the choice of the strong coder model, confirming that our evaluation pipeline is robust and that the chosen
hyperparameters align well with the performance preferences of most models under study.

Validity of Experimental Conclusions. To ensure the validity of our findings, we evaluate 27 LMMs from a wide
range of model sizes and vendors. We report both pass@1 and pass@3 results, reducing the impact of randomness
in code generation and increasing the reliability of our conclusions. This comprehensive experimental setup
supports the reproducibility of our key findings.

Ecological Validity and Realism. While our visually focused design is well motivated for analytical purposes,
allowing us to isolate and diagnose visual reasoning capabilities, it inevitably creates a gap from real-world
software engineering practice. In practical settings, textual descriptions and visual artifacts typically complement
and reinforce each other. We explicitly acknowledge two limitations in this regard. First, HumanEval-V focuses
on solving tasks mainly based on diagrams, with only minimal textual information provided. Second, the ability
to synergistically integrate and use rich text and images together is highly important for real-world multimodal
coding tasks. Although evaluating this joint multimodal reasoning is not the primary focus of our benchmark,
we recognize it as an essential capability for comprehensive software engineering assistants.

9 Conclusion

In this paper, we present a systematic evaluation of LMMs’ visual reasoning abilities for code generation tasks. To
this end, we introduce HumanEval-V, a novel benchmark designed to test LMMs’ capacity for interpreting diagrams
and generating correct code solutions. Unlike existing multimodal benchmarks, HumanEval-V poses substantially
greater challenges by targeting high-level visual reasoning skills in code-centric tasks. Through extensive
experiments on 27 state-of-the-art LMMs, we find that most models perform poorly on our benchmark, even
those that excel on other popular multimodal datasets. Our analysis reveals that the main performance bottleneck
lies not in coding ability, but in visual understanding—especially in tasks involving spatial transformations,
topological relations, and dynamic visual patterns. We further observe a disconnect between model performance
and human-perceived task difficulty, as models often fail on problems that are trivial for humans. To explore ways
of improving model performance, we evaluate the impact of sampling strategies, reasoning-enhanced models, and
interactive learning via environmental feedback. Our findings underscore the need for new training paradigms
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and task environments that explicitly target visual reasoning in code generation. Overall, HumanEval-V offers a
rigorous and diagnostic benchmark for the next generation of LMMs. We hope it will serve as a foundation for
developing models with deeper vision-language-code alignment and more reliable visual reasoning capabilities
in programming tasks.
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