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Abstract

Multimodal symbolic logical reasoning, which aims to deduce new facts from multimodal input
via formal logic, is critical in high-stakes applications such as autonomous driving and medical
diagnosis, as its rigorous, deterministic reasoning helps prevent serious consequences. To eval-
uate such capabilities of current state-of-the-art vision language models (VLMs), we introduce
MuSLR, the first multimodal symbolic logical reasoning grounded in formal logical rules. We
curate a benchmark dataset for MuSLR comprising 1,093 instances across 7 domains, including
35 atomic symbolic logic and 976 logical combinations, with reasoning depths ranging from 2
to 9. We evaluate 7 state-of-the-art VLMs on our benchmark and find that they all struggle with
multimodal symbolic reasoning, with the best model, GPT-4.1, achieving only 46.8%. Thus,
we propose LogiCAM, a modular framework that applies formal logical rules to multimodal
inputs, boosting GPT-4.1’s Chain-of-Thought performance by 14.13%, and delivering even
larger gains on complex logics such as first-order logic. We also conduct a comprehensive
error analysis, showing that around 70% of failures stem from logical misalignment between
modalities, offering key insights to guide future improvements. All data and code are publicly
available at https://llm-symbol.github.io/MuSLR.

1 Introduction
Recent progress has extensively highlighted the pivotal role of reasoning capabilities in enhancing the
generality and robustness of large language models (LLMs) [9, 12, 29–31]. Yet, achieving human-
level intelligence demands more than commonsense or heuristic thinking. In particular, symbolic
logical reasoning, grounded in formal logic such as first-order logic, offers a rigorous, precise,
and verifiable paradigm essential for high-stakes scenarios where reasoning errors can have critical
consequences. Although previous works have shown that LLMs can handle symbolic reasoning
in purely textual contexts [22, 36, 37], these capabilities remain limited to unimodal inputs, i.e.,
text. However, many real-world domains, such as autonomous driving, healthcare, law, and finance,
demand reasoning that integrates multiple modalities, particularly combining visual and textual
information, to support accurate and reliable conclusions. Consider an autonomous driving system
that observes a traffic sign (from a camera image) indicating “Road Closed Ahead”, given the traffic
rule “Only if the road ahead is open (B), the vehicles may proceed straight (A).” From the image,
the system detects that the road is in fact closed (¬B), and must infer that continuing straight is not
permitted (¬A), forming a formal logical reasoning (Modus Tollens; (A → B) ∧ ¬B → ¬A) to
avoid traffic accidents. Despite the significance of such multimodal symbolic reasoning, no standard
definition or benchmark currently exists for this capability.
To fill this gap, we introduce Multimodal Symbolic Logical Reasoning (MuSLR), a novel task that
challenges VLMs to perform symbolic reasoning over combined visual and textual inputs. Figure 1
illustrates the MuSLR task with the above example. We define MuSLR under two task formats: Truth
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Figure 1: An example of a depth-4 propositional logic task, requiring the VLMs to apply formal
symbolic logic rules and integrate multimodalities to reach the conclusion.

Evaluation and Multiple Choice, where given an imageI , contextT, the model must apply symbolic
logical reasoning to identify the correct answer. To enable systematic evaluation, we then propose
MuSLR-Bench, a high-quality benchmark dataset speci�cally designed to assess the symbolic
reasoning abilities of state-of-the-art VLMs. Drawing from authentic web-sourced scenarios where
visual and textual content naturally co-occur, we annotate each instance with formal logical rules
(e.g., modus ponens) and conduct rigorous quality checks to ensure correctness and logical validity.
MuSLR-Bench comprises 1,093 instances spanning 7 domains, including 35 atomic symbolic logic
and 976 complex logical compositions, with reasoning depths ranging from 2 to 9 to re�ect diverse
dif�culty levels. In a pilot study, we evaluate seven leading open- and closed-weight VLMs of varying
sizes on MuSLR-Bench, revealing that even top models struggle substantially with multimodal
symbolic logic inference.
To establish a strong baseline for MuSLR, we further propose LogiCAM (Logical reasoning with
Commonsense Augmentation in Multimodalities), which decomposes multimodal symbolic reasoning
into modular steps through Chain-of-Thought (CoT) mechanism (cf. Figure 4). First, thePremise
Selector is designed to address the dif�culty of multimodal fusion. We next devise aReasoner
module to integrate multimodal evidence and apply symbolic reasoning by approximating formal
logical rules, enabling rigorous and systematic deduction to meet the core challenge of MuSLR.
Then, theReasoning Type Identifier is designed to address the issue of incomplete information
in MuSLR, where heuristics act as supplementary resources to complement symbolic rules when
they are insuf�cient to reach the conclusion. Extensive experiments show that LogiCAM improves
GPT-4.1's CoT performance by 14.13% on MuSLR-Bench, achieving even greater gains on complex
�rst-order logic tasks. Further analysis reveals that reasoning performance deteriorates sharply as
logical complexity and chain depth increase, highlighting key limitations of current popular VLMs.
In summary, our contributions are fourfold:
• We introduce MuSLR, a pioneering task targeting multimodal symbolic logical reasoning, ad-

dressing a critical gap in real-world AI reasoning.
• We curate MuSLR-Bench, a high-quality dataset comprising 1,093 instances with diverse logical

structures and depths, serving as a critical foundation for this topic.
• We develop LogiCAM, a strong CoT-based baseline method that decomposes complex reasoning

into more manageable and trackable modules.
• Through extensive experiments and analyses, we pinpoint where and why current VLMs struggle

with MuSLR, offering insights for future investigation of this area.

2 Related Work

Textual Symbolic Logic Reasoning and Benchmarks. Existing benchmarks for symbolic logical
reasoning have primarily focused on purely textual settings under formal logic rules. For instance,
FOLIO [7] is a human-annotated dataset for complex natural language reasoning equipped with �rst-
order logic annotations to ensure the logical consistency of premises and conclusions. ProofWriter
[28] provides small English rulebases of facts and rules with associated questions, requiring models
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Figure 2: Pipeline of MuSLR data construction. We begin by collecting multimodal data and symbolic
rules. These rules are then combined to form reasoning chains, which are grounded in real-world
contexts to generate questions and answers, followed by a strict quality check.

to prove or refute statements (or answer “unknown” when proof is impossible) via multi-step
natural language proofs. Likewise, Multi-LogiEval [24] evaluates multi-step logical reasoning across
propositional, �rst-order, and even non-monotonic logic types, encompassing over 30 inference rules
and various depths to test LLMs' deductive abilities. We further acknowledge numerous additional
related works, such as ProntoQA [27], LogicBench [23], and RuleArena [41]. However, these
benchmarks assume fully speci�ed, idealized inputs in a single modality (text) and do not incorporate
visual information, limiting their direct applicability to real-world scenarios.

Multimodal Reasoning and Benchmarks. In parallel, several benchmarks have introduced access-
ing reasoning in vision and language [5, 33]. LogicVista [35] evaluates VLMs' logical reasoning in
visual contexts, with 448 annotated multiple-choice questions spanning a spectrum of logical reason-
ing tasks and capabilities. Similarly, VisuLogic [38] targets vision-centric reasoning by constructing
tasks that require robust visual logic without relying on textual descriptions or shortcuts. Meanwhile,
broader vision-language benchmarks emphasize contextual reasoning rather than formal logic: for
example, MMMU [39] offers college-level multimodal questions across six disciplines (e.g., charts,
maps, chemical structures), testing domain-expert reasoning. MathVista [18] targets compositional
mathematical inference in visual scenarios. However, none of these multimodal benchmarks explicitly
test the application of formal logical rules (e.g. Modus Ponens or De Morgan's Law) grounded in both
visual and textual input. MuSLR addresses this gap by requiring explicit symbolic logical deduction
from joint visual–textual inputs, integrating formal logic rules into multimodal understanding.

Neuro-Symbolic Reasoning Method. Many prior works adopt a symbolic prover in the reasoning
pipeline to achieve rigorous and reliable reasoning. Typically, an LLM is used to formalize natural
language into symbolic form, after which a theorem prover is employed to solve it [11, 19, 22, 26,
34]. However, theorem provers only accept text input. In multimodal scenarios, this requires �rst
converting visual or multimodal information into text, a process that inevitably leads to information
loss and thus limits adaptability. In contrast, our LogiCAM framework is designed to approximate
symbolic reasoning using a vision–language model (VLM), which has direct access to multimodal
information without relying on lossy translation.

3 Task De�nition
The proposed tasks require models to integrate information from both an imageI and a text passage
T to perform reasoning, ensuring that neither modality alone is suf�cient for correct inference. The
tasks explicitly emphasize multimodal reasoning, where the fusion of visual and textual context is
essential for deriving accurate and consistent conclusions.

Task-I: Truth Evaluation (True/False/Unknown) Question. Given an imageI , a text passage
T, and an argumentA, the model must determine the truth value of the argument based on the
combined information fromI andT. Speci�cally, the model outputs the truth valueTruth(A) 2
fTrue; False; Unknowngand generates a sequence of reasoning stepsR = fR 1; R2; : : : ; Rn g, where
eachRi represents an individual step that contributes to the �nal decision. Formally, the input is a
triplet (I; T; A), and the output consists of Truth(A) and R.
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Statistics Numbers
Total instances 1093
Total sources 7
Domain (#) 7
Symbolic logic (#) 3
Atomic symbolic rules (#) 35
Symbolic rule combination (#) 976
Min reasoning depth 2
Max reasoning depth 9
Min context length 35
Max context length 1484
Avg. context length 554.9

Figure 3: Dataset Statistics. The left table presents general dataset statistics. The middle pie chart
illustrates the distribution across domains and symbolic logic. The right bar charts display the number
of instances by reasoning depth and data source.

Task-II: Multiple Choice Question. Given an imageI , a text passageT, and candidate arguments
fA 1; A2; A3; A4g, the model must select the argument that best matches the image and text, denoted
asBestArgument(I; T ) 2 fA 1; A2; A3; A4g. Additionally, the model must provide detailed reason-
ing stepsR = fR 1; R2; : : : ; Rn g, where eachRi details a step in the reasoning process. Formally,
the input is a triplet(I; T; fA 1; A2; A3; A4g), and the output consists ofBestArgument(I; T )andR.

4 MuSLR-Bench: A Benchmark for Multimodal Symbolic Logical Reasoning

Dataset Construction. We collect images from various sources such as COCO [14], Flickr30k
[25], nocaps [1], Mimic [ 10], RVL_CDIP [8], ScienceQA [17], and manually collected Traf�c
Reports. Visual details for each image are extracted using GPT-4o, ensuring diverse and �ne-grained
descriptions. We carefully select non-trivial logical inference rules, such as Modus Ponens and
Hypothetical Syllogism, drawn from propositional logic (PL), �rst-order logic (FOL), and non-
monotonic logic (NM). These rules then form meaningful but abstract reasoning chains through
logical combinations. The abstract chains are grounded in real-world contexts by leveraging extracted
visual features and relevant retrieved text from sources like healthcare, traf�c reports, and Wikipedia.
Questions and answers are then generated based on these instantiated reasoning chains, using rule-
based substitution.
To ensure the quality and relevance of the dataset, both automatic and manual quality control
procedures are employed. Automatic checks include assessing lexical similarity and commonsense
plausibility, while human annotators verify the accuracy of visual details and the real-world relevance
of the generated context. Instances that fail these checks are �ltered out, ensuring a high-quality,
logically sound, and contextually relevant dataset. Further details on the data construction and quality
control processes are provided in the Appendix B and C, respectively.

4.1 Dataset Highlights

MuSLR consists of 1093 instances, where each instance includes a multimodal context (image
and associated text), a ground-truth logical reasoning chain, and corresponding question-answer
pairs. The dataset is constructed to support both detailed symbolic logical reasoning analysis and
challenging multimodal reasoning tasks. Below, we summarize the key features of the dataset:
Ground-Truth Reasoning Steps. Each instance is equipped with an explicit, step-by-step ground-
truth reasoning chain, enabling detailed analysis and training of models for symbolic logical reasoning.
Multi-Scenario Coverage. The dataset spans a wide range of domains, including science, enter-
tainment, sports, social issues, general knowledge, traf�c, healthcare, and �nance. The distribution
across these scenarios is illustrated in the pie chart in Figure 3.
Diverse Symbolic Reasoning Types. MuSLR contains diverse symbolic logic: propositional logic
(PL), �rst-order logic (FOL), and non-monotonic logic (NM), ensuring broad logical coverage.
Multimodality. To the best of our knowledge, this is the �rst dataset that combines both image and
text modalities for symbolic logical reasoning tasks grounded in formal logical rules.
Diverse Dif�culty Levels. The reasoning chains vary in depth from 2 to 9 steps, offering a broad
spectrum of dif�culty levels and supporting evaluation across simple and complex reasoning scenarios.
Multiple Question Types. The dataset supports multiple question formats, including Truth Evalua-
tion and Multiple-Choice questions, allowing for diverse model evaluation protocols.
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