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Abstract

Vision-Language Models (VLMs) have been applied to a wide range of reasoning tasks, yet
it remains unclear whether they can reason robustly under distribution shifts. In this paper,
we study covariate shifts in which the perceptual input distribution changes while the un-
derlying prediction rules do not. To investigate this question, we consider visual deductive
reasoning tasks, where a model is required to answer a query given an image and logical
rules defined over the object concepts in the image. Empirically, we find that VLMs fine-
tuned through gradient-based end-to-end training can achieve high in-distribution accuracy
but fail to generalize under such shifts, suggesting that fine-tuning does not reliably induce
the underlying reasoning function. This motivates a neuro-symbolic perspective that de-
couples perception from reasoning. However, we further observe that recent neuro-symbolic
approaches that rely on black-box components for reasoning can still exhibit inconsistent
robustness across tasks. To address this issue, we propose VLC, a neuro-symbolic method
that combines VLM-based concept recognition with circuit-based symbolic reasoning. In
particular, task rules are compiled into a symbolic program, specifically a circuit, which
executes the rules exactly over the object concepts recognized by the VLM. Experiments on
three visual deductive reasoning tasks with distinct rule sets show that VLC consistently
achieves strong performance under covariate shifts, highlighting its ability to support robust
reasoning.

1 Introduction

Vision-Language Models (VLMs) have recently been applied to a wide range of reasoning tasks, including
abstract (Chollet, |2019; [Unsal & Akkus, 2025]), temporal (Li et all [2024b; |Fu et al.| 2025), and document
reasoning (Zhu et al., |2024; [Wang et al., [2024), as well as relational, attributive, and order understand-
ing (Yiksekgontl et al) [2023a; |Zhao et al., [2022)). Despite these advances, it remains unclear whether
VLMs can reason robustly under distribution shifts. Here, we focus on covariate shifts (Shimodaira, 2000;
Sugiyama et all 2007; 2008} |Bickel et al., |2009)), where the distribution of the perceptual input changes,
while the underlying rules for prediction do not. To study the robustness against covariate shifts, we use
visual deductive reasoning tasks. In these tasks, an image containing multiple objects is provided, along with
rules that define the reasoning function based on object concepts. The VLM is prompted to answer a query
that requires reasoning over the object concepts using the given rules. See Fig. (1] (left) for an example. We
focus on these tasks because they include samples with perceptual inputs of varying complexity and whose
labels are generated by the same reasoning function. For instance, the reasoning function can be fixed as
addition, while the perceptual input contains different digits (in shape and number), see Fig.

End-to-end fine-tuning is the canonical approach for adapting VLMs to specific downstream tasks. Following
this standard practice, we fine-tune VLMs on visual deductive reasoning tasks using the causal language
modeling loss. As shown in Figure[l| (right), despite achieving high accuracy on in-distribution data, the fine-
tuned models fail to generalize to out-of-distribution (OOD) data that involves a different number of objects
but follows the same reasoning function. This result contrasts with the strong generalization often observed
when VLMs are fine-tuned for other vision-language tasks like recognition (Li et al.,|2022), and suggests that
gradient-based fine-tuning does not necessarily enable the model to learn the underlying reasoning function.



Under review as submission to TMLR

[ Image: ’ 0 0 ] [ Image } 0 0 ] 100
Prompt, \ Prompt, ‘ %
iThe image shows a sequence! Tmage iThe image shows a sequence! Tmage
tof handwritten binary digits,description | | iof handwritten binary digits.idescription| =
,SSSIIIIIIIIIIIIIIIS \ mosesoocoosomoscooos < 60
1y is the XOR of these binary } RNIL sl 'What are these binary digits?: Query ;.Zf
' rule N meeeo—oooooIiinl , s
:‘digits ! §
P OOEOE0000000000000g < 40
'What is y? 1 Query Symbolicrule: y =n; @ny @ --- ® ny,
¢ + 20 B Three-Digit XOR
(Fine-tuned) VLM / Prism / ViperGPT VLC I Five-Digit XOR
¢ + B Seven-Digit XOR
0 n "
Output:  "Answer: 1" Output: 1 Fine-tuned ViperGPT

Figure 1: Left: Given an image containing multiple objects and natural-language rules about object concepts,
the (fine-tuned) VLM, Prism, and ViperGPT are required to answer a query based on the image by reasoning
with the given rules. Middle: VLC decouples perception from reasoning and infers the final answer by
applying the symbolic rule compiled into the circuit. Right: Performance of different paradigms on datasets
sharing the same reasoning function but differing in the number of objects per image. Here, the reasoning
function is logical XOR (see Section 2| for the task definition), and the three datasets contain images with
three, five, and seven handwritten binary digits, respectively. The models are required to output the XOR
of these digits.

To see whether this limitation stems from end-to-end VLM reasoning, we evaluate two recent neuro-symbolic
approaches that decouple perception from reasoning: Prism (Qiao et al., 2024) and ViperGPT
2023). Prism delegates reasoning to a Large Language Model (LLM), whereas ViperGPT prompts an LLM
to generate executable programs that call upon specialized pretrained models. However, as we shall see
in Section [5.2] even with this decoupling of perception and reasoning, both approaches still show limited
robustness under covariate shifts.

This leads to a natural question: How can we encode the reasoning function into VLMs to achieve robust
reasoning? Inspired by recent studies (Cooper et al.| 2025a; |Al-Tahan et al.,|2024)) showing that VLMs excel
at recognition tasks but struggle with reasoning, and in line with|Qiao et al.| (2024);|Suris et al.| (2023); Kamalil
|& Kordjamshidi| (2025)), we propose VLC, a neuro-symbolic reasoning paradigm for VLMs that decomposes
the end-to-end reasoning process into two sequential phases: VLM-based concept recognition and circuit-based
symbolic reasoning. In the first phase, a VLM serves as the neural module, leveraging its strong recognition
capabilities to identify object concepts in the input image. In the second phase, we use circuits (Oztok &
Darwichel 2014; |Choi et al., 2020; [Vergari et all [2021)) as the symbolic module, which compile the provided
rules into its structure (Darwichel 2011} Lagniez & Marquis| 2017; Muise et al., [2012). At inference time,
the VLM first recognizes object concepts, after which the circuit applies the compiled rules to derive the
final answer. By explicitly encoding the true reasoning function into the circuit, VL.C ensures interpretable
and robust reasoning and could allow for principled neuro-symbolic integration where constraints can be
embedded in the learning pipeline of deep learning architecture (Manhaeve et al.,|2018a; |Ahmed et al.| [2022;
[Chen et all [2025a)). For our purposes, and striving for simplicity, we adopt the two-stage prediction scenario
of |Chen et al.| (2025a)), where learning is decomposed into a first stage where the VLM is used to predict
object concepts and then the circuit is used to make predictions, essentially firing the symbolic rules based
on the observed concepts.

To evaluate different reasoning paradigms, we advocate going back to benchmarking simple visual deductive
reasoning tasks where generalization can be controlled in a rigorous way. Specifically, we use the rsbench
benchmark suite (Bortolotti et al.,2024) to generate datasets in which the perceptual input varies through the
number of objects in the image, while labels are produced by the same reasoning function, ¢.e., the covariate
shift setting (Shimodairaj 2000} [Sugiyama et al., 2007; [2008} Bickel et al.l [2009). We train on samples with
fewer objects and test on samples with more objects. In particular, we consider three distinct reasoning
functions: arithmetic addition, logical XOR, and a relational check, respectively. Note that these datasets
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differ from classic neuro-symbolic benchmarks, which often assume that each object is already perfectly
segmented and provided as a separate image, and typically do not provide concept annotations or explicit
rules specifying how object concepts map to the final label. Empirically, we find that even on these simple
tasks, end-to-end fine-tuned VLMs fail to generalize to OOD samples, suggesting that end-to-end fine-tuning
does not reliably learn the underlying reasoning function from data. In contrast, VLC consistently achieves
competitive accuracy across all datasets under covariate shifts, indicating that a simple neuro-symbolic
pipeline that explicitly encodes the reasoning function as an external symbolic program can in fact improve
robustness. In addition, we conduct a series of ablation studies. Notably, we find that scaling up model
size improves VLMs’ performance on concept recognition but does not necessarily enhance their reasoning
ability, which is consistent with findings in |Cherti et al.|(2023); |Al-Tahan et al.[(2024); Zhang et al.| (2024al).

Our main contributions are: (1) In Section [3] we propose a neuro-symbolic method for visual deductive
reasoning, VLC, that decomposes end-to-end reasoning into VLM-based concept recognition and circuit-
based symbolic reasoning. (2) In Section [5] we empirically demonstrate that VLMs do not learn to emulate
the underlying reasoning function through gradient-based fine-tuning. We further observe that fully-fledged
neuro-symbolic approaches, Prism and ViperGPT, which rely on black-box components to complete rea-
soning, can be unreliable and yield inconsistent robustness across visual deductive reasoning tasks. (3) In
Section [b] we demonstrate the consistently high robustness of VLC under covariate shifts across visual de-
ductive reasoning tasks with distinct reasoning functions, highlighting the benefit of decoupling perception
from reasoning and compiling the reasoning function into a symbolic program.

2 Visual Deductive Reasoning

Visual deductive reasoning tasks are designed to test whether a model can deduce the answer to a query from
objects present in an image and rules for prediction. A key feature of these tasks is that rules are explicitly
provided as part of the input. They differ from classical neuro-symbolic benchmarks (Bortolotti et al., 2024;
Manhaeve et al., 2018b; [Vermeulen et al., 2023]), where each object is often perfectly segmented and provided
as a separate image, and the rule specifying the reasoning function is typically not given. Consequently, the
model has to infer the reasoning function from data and encode it in the learned parameters. These tasks also
differ from standard visual question answering (VQA) benchmarks (Yiiksekgoniil et al., |2023a} Chen et al.,
2024a; [Hudson & Manning, [2019)), where the reasoning function is often sample-specific, highly abstract,
and not provided explicitly, e.g., a sample that contains a radiograph image and a query like “Which organ
appears abnormal in this radiograph?”. The distinctive feature of visual deductive reasoning tasks allows
us to investigate a focused question in this paper: FEven when the rule is explicitly available, can a model
capture and apply it reliably under covariate shifts, and what type of approach best supports this behavior?

Each sample from the task consists of three input components. First, the image contains multiple objects.
We construct splits where training and validation images contain fewer objects, while test images contain
more objects, creating a controlled covariate shift. Second, the task provides symbolic rules that concisely
and precisely specify how object concepts map to the label. As pretrained VLMs may not interpret symbolic
rules reliably, equivalent natural-language descriptions are also given. Third, a textual query asks for the
value of the label.

In particular, we consider the following visual deductive reasoning tasks with distinct reasoning functions.

MNAdd. Each image contains two rows of handwritten digits from the MNIST dataset (LeCun et al.,
2002)), representing two multi-digit numbers. The task requires the model to compute the sum of these two
numbers. The reasoning function is therefore the arithmetic addition, and the sum is used as the label y.
Suppose that each number can be represented using m bits, denoted as a,,—1 -..a9 and b,,—1 ... by, where
am—1 and b,,_1 are the most significant bits. The reasoning function is formulated as the following symbolic
rule:

z; = (a; A b)) V (ma; A by),

S; = (LCZ A\ _|Ci) V (_L’EZ' A\ Ci); (1)

Ci+1 = (ai A bz) \Y (.Tz A Ci),
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where i € {0,...,m — 1} and ¢y = 0. Here, z; denotes the XOR of a; and b;, s; denotes the resulting
sum bit, and ¢;11 denotes the carry bit to the next position. The output is an (m 4 1)-bit binary number
CmSm—1 - - - So, Which is then converted to a decimal value y. The equivalent natural-language description
is: “Image description: The image shows two rows of handwritten digits. FEach row represents a multi-digit
number. \nRule: y is the sum of these two numbers.\nQuery: What is y?”

MNLogic. Each image contains a sequence of handwritten binary digits from the MNIST dataset. The
task requires the model to compute the XOR of these digits. Suppose m binary digits are present in an

image, denoted as ny,...,n,;,. The reasoning function, logical XOR, is formulated as the following symbolic
rule:
21 = (’fll A —|n2) \Y (—\Tll A n2),
Zi = (zi—l /\ﬂniﬂ)\/(ﬂzi_l /\’I’Li_|_1)7 1€ {2,...,m— 1}, (2)
Y=Zm-1,

which corresponds to y = ny & ne @ - - - B n,,. The equivalent natural-language description would be: “Image
description: The image shows a sequence of handwritten binary digits.\nRule: y is the XOR of these binary
digits. \nQuery: What is y?”

KandLogic. Each image contains multiple geometric primitives with various shapes and colors. The task
requires the model to determine whether all objects of the same shape have the same color. The reasoning
function is therefore a relational check. Suppose there are m geometric primitives in an image. Let the shape
and color of the ¢-th primitive be denoted by s; and ¢;, respectively, for ¢ € 1,..., m. The reasoning function
is formulated as the following symbolic rule:

y= /\ (I(s; # Sj) VI(c; = Cj)) ) (3)

1<i<j<m

where I(s; # s;) indicates whether two primitives have different shapes and I(¢; = ¢;) indicates whether
they have the same color. This rule is equivalent to Vi # j, I(s; = s;) — I(¢; = ¢;). The corresponding
natural-language description is: “Image description: The image shows multiple geometric primitives, each
with a specific shape and color.\nRule: If all primitives with the same shape have the same color, then y is
True. Otherwise, y is False.\nQuery: What is y?”

3 A VLC: Decoupling Perception and Reasoning

Deep neural networks excel at perception. They can extract statistical patterns from raw data, but they
often struggle with structured, rule-based reasoning. In contrast, symbolic programs such as circuits excel
at reasoning. They can enforce a given logical rule exactly, but they are less flexible when operating on
raw, unstructured inputs (Manhaeve et al.| 2018a; |Ahmed et al) 2022} |Chen et al., |2025a)). Therefore, we
advocate a simple design for visual deductive reasoning that combines the strengths of both. Instead of
relying on a single deep model to perform end-to-end reasoning, we decompose the problem into perception
and reasoning. Specifically, we introduce a neuro-symbolic reasoning paradigm, VLC, which uses a VLM
for concept recognition and a circuit-based symbolic module to encode the rules (see Figure . Note that
this is the simplest neuro-symbolic integration possible, where rules are still explicit (Chen et al., |2025a).
While other more sophisticated pipelines and architectures are possible (Manhaeve et all 2018a; |Ahmed
et al.l [2022; |Calanzone et al.| 2025; [De Smet et al., |2023; [Kurscheidt et al.l [2025; [Lazzari et al.| |2026), as
we will show in our experiments, this simple strategy suffices when there is supervision over object concepts
(Marconato et al.| [2023} 2024; [2025)).

3.1 Phase I: VLM-based Concept Recognition

Leveraging recent advances in visual recognition capabilities of VLMs (Cooper et al., 2025a; |Al-Tahan et al.,
2024), we directly prompt a VLM to identify object concepts in an image. For each task, we design a
specific prompt instructing the VLM to recognize relevant object concepts (e.g., digits, colors, shapes).
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Figure 2: VLC consists of two phases: VLM-based concept recognition (yellow blocks) and circuit-based
symbolic reasoning (green blocks). We use the pySDD compiler to compile the symbolic rules into the circuit,
SDD in particular. During inference, the VLM is prompted to recognize object concepts in the input image.
The generated response is then extracted and processed as the binary inputs to the SDD. The SDD uses the
compiled rules to execute exact inference over the binary inputs and the output binary values are converted
to the final answer.

Taking this prompt and the image as input, the VLM then generates recognition results. To further improve
output consistency and facilitate result extraction, we employ in-context learning by incorporating few-shot
examples in the prompt. Prompts for each task are provided in Appendix [B] For instance, on the MNAdd
task, the VLM takes as input the few-shot examples, an image, and a prompt— “Image description: The
image shows two rows of handwritten digits. Each row represents a multi-digit number.\nQuery: What are
the two numbers?”, and generates a response such as “Answer: 640, 280"

3.2 Phase ll: Circuit-based Symbolic Reasoning

Symbolic Programs. In Phase II, we execute the provided rules using a symbolic program rather than
relying on a VLM to carry out end-to-end reasoning. A symbolic program is an explicit, executable repre-
sentation of a rule-based computation, such as a logical formula, a set of constraints, or a small program in
a domain-specific language. Given discrete inputs, a symbolic program computes the label by applying the
rule exactly. This differs from neural networks, which typically compute outputs from inputs via learned
approximations rather than exact rule execution.

Circuits. Among many instances of symbolic programs, we focus on Boolean circuits, which are compu-
tationally universal and can express any binary function over discrete variables (Arora & Barak, |2009). A
Boolean circuit is a directed acyclic graph composed of logical operators (e.g., A, V, and =) that computes
an output from binary inputs. While in knowledge compilation, one often considers circuit classes with
certain structural properties, such as decomposability (Darwiche, 2001a)), determinism (Darwichel 2001b)),
and smoothness (Darwiche, [2001b)), to enable tractable logical inference tasks like weighted model count-
ing (Chavira & Darwichel |2008), our setting does not strictly rely on them. In our setting, given a discrete
assignment to the input variables, the circuit deterministically evaluates the rule and outputs its binary
value, i.e., whether the assignment satisfies the rule. This value is then used to derive the answer to the
query. We obtain such circuits through knowledge compilation (Darwiche & Marquis, [2002; |Chavira & Dar-
wiche, [2005; |Darwiche, 2002; Pipatsrisawat & Darwiche, 2008)), which converts a symbolic specification of
the rule (e.g., a logical formula encoding the reasoning function) into an equivalent graphical structure that
supports efficient inference. The circuit representation mechanizes rule execution and can be run on GPUs
easily. In our experiments, we compile task-specific rules into circuits using the pySDD compiler (Meert &
Choil, [2017)), which produces sentential decision diagrams (SDDs) (Darwiche] 2011)), a class of Boolean cir-
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cuits in negation normal form (NNF)El Our framework is not tied to SDDs, and other compilers (e.g., those
producing d-DNNF circuits) could be substituted without changing the overall procedure.

Unlike many neuro-symbolic approaches (Ahmed et all, [2022} 2023; |Chen et al., [2025b} |Calanzone et al.l
2025)), where learning happens by fine-tuning the whole system end-to-end, i.e., by backpropagating through
symbolic solvers and circuits (van Krieken et all [2025) to improve task performance, we opt for the simpler
solution of using the circuits as a deterministic mapper in a two-stage architecture in which there is no global
fine-tuning. We show empirically that this suffices to achieve performance that is competitive or better than
non-neuro-symbolic VLM baselines. Furthermore, we note that we could have used other symbolic formalisms
to represent constraints (Michailidis et al., [2025). However, circuits have the benefit to have been extensively
used for neuro-symbolic integration, and therefore there is a rich literature and software infrastructure we
can exploit (Lazzari et al., 2026).

Symbolic Reasoning. Here, we elaborate on how the circuit performs symbolic reasoning over the object
concepts recognized by the VLM. Assume we have compiled the task-specific rules into a circuit. As shown
in Figure [2] in Phase I, the VLM is prompted to recognize object concepts from the input image. Thanks
to its in-context learning ability, the VLM produces responses that follow the answer format shown in the
few-shot examples. This makes it feasible to extract the recognized concepts from the textual response
and convert them into binary values that serve as inputs to the circuit. Given this assignment, the circuit
deterministically evaluates the rule and produces binary outputs, which we then convert into the final answer
to the query.

We illustrate this procedure on the MNAdd task. Phase I produces a response such as “Answer: 640, 280
We parse the two recognized numbers and convert them into their binary representations, 1010000000 and
0100011000, yielding the corresponding input bits to the circuit. This circuit then evaluates the compiled
addition rules to produce the output bits, 1110011000, which is converted back to a decimal value 920 as
the predicted sum.

4 Related Work

Visual Deductive Reasoning Tasks. Natural-language deductive reasoning tasks have been widely
studied. A variety of benchmarks (Han et al., 2024ab; Parmar et al., 2024; Tafjord et al., 2021} Tian et al
[2021}; Kassner et al., 2021} |Saparov et al.|2023) have been established for these tasks, covering diverse types of
rules and reasoning patterns, and are used to evaluate the deductive reasoning capabilities of LLMs. Several
works (Chen et al., [2024b; |Li et al.l 2024a; Poesia et al. 2024; |Zhang et al., [2023) have further leveraged
these benchmarks to investigate specific research questions. In particular, Zhang et al. (2023) use these tasks
to examine whether a language model can be trained end-to-end to learn the underlying reasoning function.

However, these deductive reasoning tasks are primarily language-based, with facts, rules, and queries all
provided in text. Deductive reasoning tasks with visual inputs are comparatively underexplored, leaving
the deductive reasoning capabilities of VLMs less well studied. Existing reasoning benchmarks for VLMs,
including those adopted in neuro-symbolic approaches such as Prism and ViperGPT, primarily evaluate
performance on general multimodal understanding and reasoning (Chen et al., [2024al), commonsense reason-
ing (Suris et al., 2023; |Gupta & Kembhavi, 2023), abstract reasoning (Zhang et al., 2024b; [Hersche et al.
2024; [Yang et all [2023D)), relational or order understanding (Yiksekgoniil et al.) 2023a; |Al-Tahan et al.
2024; Hudson & Manning| 2019), and temporal reasoning (Xiao et al., |2021). The reasoning functions in
these tasks tend to be implicit and abstract. In contrast, visual deductive reasoning tasks feature reasoning
functions that are explicitly formulated and provided as rules in the input. This explicitness makes it easier
to generate datasets with the same reasoning function but varying patterns, providing an effective testbed
to study whether a VLM can genuinely learn a reasoning function and thereby achieve robust reasoning.

VLM-based Paradigms. Several works (Qiao et al.l 2024;|Cooper et al 2025b} Suris et al. 2023; |Gupta
[& Kembhavi, 2023) decompose the end-to-end reasoning process of VLMs to enhance their reasoning capabil-
ities. Specifically, Qiao et al.| (2024); |Cooper et al.| (2025b)) decompose the process into two phases—a VLM-

n NNF circuits, NOT gates are restricted to appearing only on input variables.
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based concept recognition phase and an LLM-based reasoning phase—and demonstrate that incorporating
an LLM can augment the VLM’s external knowledge and reasoning ability. Despite these improvements,
the LLM remains a black box, and it is unclear whether it truly encodes a reasoning function. |Suris et al.
(2023); |Gupta & Kembhavi (2023)); Kamali & Kordjamshidi (2025|) take a different approach by prompting
an LLM to generate a program that decomposes the query into a sequence of steps, which are executed
by calling various pretrained models, such as VLMs, to complete each step. These paradigms benefit from
introducing intermediate subqueries that are easier to solve; however, they depend heavily on the quality
of the generated program, and the reliance on multiple black-box pretrained models increases the risk of
propagating errors through incorrect intermediate results.

Beyond reasoning, VLMs have also been used to develop annotation-free concept bottleneck models (CBMs).
Traditional CBMs (Koh et al.| |2020)) consist of a concept recognition model, typically a CNN, and a sparse
linear layer. The concept recognition model outputs scores for different concepts in the input image, while
the sparse linear layer predicts the final class label based on the concept scores, making the predictions
interpretable in terms of the recognized concepts. However, training the concept recognition model requires
concept-level annotations, which are expensive to obtain. Recent approaches (Oikarinen et all 2023; [Yiik-
sekgoniil et al., 2023b} |Yang et all |2023a; [Debole et al.; 2025) eliminate this need by replacing the CNN
with a VLM, resulting in annotation-free CBMs. Given a predefined concept vocabulary, with each concept
paired with a textual description, the VLM is typically used in one of two ways: either directly prompted
to identify whether a concept is present in the image, or used as a feature encoder to generate embeddings
for both the image and the concepts, with their cosine similarity serving as concept scores. Overall, in these
approaches, the VLM functions as a concept extractor for the downstream classification task.

5 Experiments

5.1 Experimental Setup

Datasets. We perform evaluations on three visual deductive reasoning tasks as described in Section [2l To
test robustness under controlled covariate shifts, we use rsbench (Bortolotti et al., 2024]) to generate, for each
task, three datasets that differ only in the number of objects per image. Concretely, we vary this factor from
3 to 5 to 7, yielding the following dataset variants: MNAdd-3dgt, MNAdd-5dgt, MNAdd-"7dgt; MNLogic-3dgt,
MNLogic-5dgt, MNLogic-7dgt; and KandLogic-30bj, KandLogic-50bj, KandLogic-7obj. Examples of samples
are provided in Appendix

Baselines. We compare VLC against the following reasoning paradigms. End2end reasoning: It refers
to the original end-to-end reasoning process of pretrained VLMs. End2end fine-tuning: It refers to
fine-tuning the pretrained VLMs on datasets with the fewest objects, i.e., MNAdd-3dgt, MNLogic-3dgt,
and KandLogic-3obj, respectively. Prism (Qiao et al., [2024): Similar to our method, Prism adopts a
compositional reasoning paradigm which comprises a concept recognition phase and a reasoning phase.
Unlike ours, Prism uses an LLM instead of a symbolic module for the reasoning phase. ViperGPT (Suris
et al.l [2023)): ViperGPT prompts a code generation model to produce a program that breaks down a query
into sequential steps. A Python interpreter then executes the program by calling different pretrained models,
such as detection models or LLMs, to complete each step.

Models. We adopt the VLM, specifically Qwen2.5-VL-7B (Team, 2025), in both our methods and all
baselines. In addition, for Prism, we adopt Qwen2.5-7B (Team, 2024) as the LLM; for ViperGPT, we
employ GPT-40 (Achiam et al., 2023) as the code generation model and GroundingDINO (Liu et al., 2024)
as the detection model. More implementation details are provided in Appendix [C]

5.2 Main Results

Performance Comparison with Baselines. Table [I] reports the task accuracy of different reasoning
paradigms on the MNAdd, MNLogic, and KandLogic tasks under covariate shifts.
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Table 1: Performance comparison of different reasoning paradigms on the MNAdd, MNLogic, and KandLogic
tasks under covariate shifts. All paradigms adopt a 7B VLM. Results are averaged over 5 random seeds (mean
+ standard deviation). The best results are highlighted in bold, and the second-best results are underlined.

Task MNAdd MNLogic KandLogic

Paradigm 3dgt 5dgt 7dgt 3dgt 5dgt 7dgt 3obj 50bj 7obj
End2end RS | 26.99 & 0.13 6.95 £ 0.09 1.85 & 0.02 71.73 £ 0.16 49.51 £ 0.24 50.05 &+ 0.02 65.05 = 0.09 62.11 + 0.14 66.60 + 0.10
End2end FT | 79.65 + 0.04 2.53 £ 0.00 1.35 £ 0.02 99.83 + 0.00  46.55 = 0.09 51.95 + 0.13 | 99.97 + 0.00  64.28 + 0.02 57.76 + 0.03

Prism 50.22 + 0.13 46.21 £ 0.19 30.69 £ 0.13 51.06 + 0.18 50.19 + 0.40 50.53 &+ 0.43 58.30 £ 0.10 55.06 £ 0.11 56.35 = 0.10
ViperGPT 19.71 £+ 0.04 1.92 + 0.04 0.04 £ 0.02 85.66 + 0.11 45.36 + 0.17 42.74 £ 0.16 96.56 + 0.08  91.18 + 0.09  84.70 + 0.09
VLC 54.62 + 0.06 57.79 = 0.09 52.06 + 0.13 | 97.37 £ 0.04 72.78 £ 0.14 60.31 + 0.27 | 95.97 + 0.07 89.97 + 0.17  92.21 + 0.12

Compared to using pretrained VLMs for end-to-end reasoning, fine-tuning on datasets with the fewest
objects (i.e., the 3dgt/obj datasets) significantly improves the in-distribution performance, even achieving
near-perfect accuracy on MNLogic and KandLogic tasks. However, these fine-tuned models fail to generalize
since their task accuracy on datasets with more objects (i.e., the 5dgt/obj and 7dgt-obj datasets) remains
similar to or worse than that of the pretrained models. This suggests that end-to-end fine-tuning may only
learn some statistical features from the training data, and thus does not ensure that the VLMs learn the
correct reasoning function.

Prism adopts a compositional paradigm, with the reasoning phase delegated to a 7B LLM. We observe
that Prism effectively improves performance over end-to-end reasoning on the MNAdd task while degrading
accuracy on the MNLogic and KandLogic tasks. These results indicate that the LLM captures the arithmetic
reasoning function but struggles with logical reasoning functions. Therefore, delegating reasoning to a black-
box LLM cannot guarantee high performance across reasoning tasks, as it depends on the LLM’s inherently
unknown reasoning capabilities.

ViperGPT generates programs using a code-generation model and executes them by calling various pre-
trained models. We observe that it attains low accuracy on MNAdd, while demonstrating high accuracy
on KandLogic. Given that the generated programs are syntactically and logically correct, this discrepancy
in accuracy is likely due to the varying performance of the underlying pretrained models. For instance, as
shown in Appendix [E] the detection model performs well on KandLogic but fails to detect objects accurately
on MNAdd. This underscores a potential limitation of relying on multiple black-box models. Specifically,
while the final performance can be high when these models produce correct results, errors at any step may
propagate and substantially degrade overall performance.

Finally, we observe that VLC substantially improves the performance over end-to-end reasoning on all
datasets across different tasks. On average, they increase accuracy from 54.59% to 82.65% on the 3dgt/obj
dataset, from 39.52% to 73.51% on the 5dgt/obj dataset, and from 39.50% to 68.19% on the 7dgt/obj dataset.
These consistent gains suggest that structurally encoding the true reasoning function within a cir-
cuit and then incorporating this circuit within the overall architecture enable high-performing
and robust reasoning under covariate shifts.

Relationship with Concept Accuracy. For compositional reasoning paradigms, i.e., Prism and VLC,
we further examine the relationship between task accuracy and the accuracy of their VLMs in recognizing
object concepts, referred to as concept accuracy. Since Prism and VLC adopt the same VLM with the same
prompting strategy in their first (concept recognition) phase, they achieve very similar concept accuracy,
as shown in Figure Nevertheless, the task accuracy of Prism is consistently lower than its concept
accuracy across datasets, indicating that its reasoning performance is constrained not only by the VLM’s
recognition capability but also by the LLM’s reasoning ability. In contrast, the task accuracy of VLC closely
matches its concept accuracy. This suggests that the performance of VLC on reasoning tasks is
dependent solely on the VLM’s recognition capability, which is attributed to the fact that
VLC structurally encodes the true reasoning function within the circuit. Thus, the incorporation
of a circuit effectively improves the reliability of the overall pipeline.
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Figure 3: Comparison of concept accuracy and task accuracy for Prism and VLC across different datasets on
the MNAdd task. While Prism and VLC achieve similar concept accuracy, VLC maintains a much smaller
gap between concept accuracy and task accuracy, whereas this gap grows substantially for Prism as task
complexity increases. This suggests that VLC ensures more robust reasoning under covariate shift.

Table 2: Concept and task accuracies of VLC on the MNAdd, MNLogic, and KandLogic tasks under
covariate shifts. “Before ft” refers to VLC with a pretrained 7B VLM. “After ft” denotes VLC using a
7B VLM fine-tuned on the 3dgt/obj datasets for concept recognition. Results are averaged over 5 random
seeds (mean + standard deviation). The symbol 1 means that the corresponding accuracy is improved after
fine-tuning.

Task MNAdd MNLogic KandLogic

Acc 3dgt 5dgt 7dgt 3dgt 5dgt 7dgt 3obj 50bj Tobj
Concept Acc (before ft) | 54.49 + 0.05 57.76 £ 0.09 52.06 £ 0.13 97.10 £ 0.03 64.50 £ 0.13 48.76 + 0.15 91.49 + 0.06 72.97 £ 0.13 62.43 + 0.31
Concept Acc (after ft) | 86.46 + 0.04 1 68.32 £ 0.05 1 53.07 + 0.10 7 | 99.80 + 0.00 + 88.39 = 0.03 1+ 74.90 & 0.08 1 | 99.97 £ 0.00 +  96.50 + 0.11 + 85.75 = 0.15 1
Task Acc (before ft) 54.62 £ 0.06 57.79 £ 0.09 52.06 £+ 0.13 97.37 £+ 0.04 72.78 £ 0.14 60.31 £ 0.27 95.97 £ 0.07 89.97 £ 0.17 92.21 £+ 0.12
Task Acc (after ft) 86.46 £ 0.04 T 68.32 £ 0.051 53.07 £ 0.10 1 | 99.80 £ 0.00 T 90.54 = 0.04 1+ 83.77 £ 0.06 T | 100.00 = 0.00 + 99.22 £ 0.05 T 97.37 = 0.08 1

5.3 Ablation Studies

Effect of Fine-tuning on Concept Recognition. It has been shown in previous sections that fine-
tuning VLMs on reasoning tasks does not guarantee high OOD performance. This raises a natural question:
What is the effect of fine-tuning on recognition tasks? More specifically, if we fine-tune VLMs to recognize
object concepts in the training data, can the fine-tuned models achieve high recognition performance on OOD
data?

To answer this, we fine-tune VLMs on datasets with the fewest objects, where each sample consists of an
image and the concept labels of all objects. We then replace the pretrained VLM in VLC with the fine-tuned
one, and evaluate both the concept accuracy and the task accuracy of the resulting model.

As shown in Table [2] unlike fine-tuning on reasoning tasks, fine-tuning on recognition tasks not
only yields high in-distribution concept accuracy but also effectively improves concept accuracy
on OOD datasets. We hypothesize that the features used in concept recognition are relatively stable across
distributions, compared with those used in reasoning. Thanks to this improvement, the task accuracy of
VLC also increases across all datasets, as it is inherently dependent on the concept accuracy. It turns out
that VLC with a fine-tuned VLM becomes the highest-performing model among all reasoning paradigms.

Effect of Scaling on Reasoning Capabilities of VLMs. Here, we aim to investigate the impact of
model size scaling on the reasoning capabilities of VLMs. To this end, we vary the size of VLMs and evaluate
their performance under the end-to-end reasoning paradigm. Figure [4a] presents the task accuracies of this
paradigm on the MNAdd-5dgt, MNLogic-5dgt, and KandLogic-50bj datasets. We observe that increasing the
model size improves reasoning performance on MNAdd-5dgt and KandLogic-50bj, while failing to improve
performance on MNLogic-5dgt, where the task accuracies remain around 50%. These results suggest that
scaling up the size of VLMs may not enhance reasoning for certain reasoning functions, sharing
similar views with [Al-Tahan et al| (2024)), which shows that scaling cannot aid relational reasoning.
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Figure 4: (a) Effect of scaling up VLM size in End2end reasoning. (b-c) Effect of scaling up VLM size in
VLC. (d) Effect of scaling up LLM size in Prism. Results are averaged over 5 random seeds, and error bars
represent standard deviations.

Effect of Scaling on Recognition Capabilities of VLMs. To explore the impact of model size scaling
on the recognition capabilities of VLMs, we apply VLC with varying VLM sizes and examine concept
accuracies of the resulting models on the MNAdd-5dgt, MNLogic-5dgt, and KandLogic-50bj datasets. As
shown in Figure an upward trend in concept accuracy is observed as the model size scales up, despite a
slight dip from 3B to 7B. Specifically, when increasing from 3B to 32B, concept accuracies improve by 13%,
19%, and 58% on the three datasets, respectively. These results suggest that scaling up the size of VLMs
effectively enhances their abilities in concept recognition, aligning with findings from [Cherti et al.|
(2023); |Al-Tahan et al.| (2024)); Zhang et al.| (2024a). Besides, due to the compositional nature of VLC, task
accuracies also gain improvement, as shown in Figure

Effect of Scaling on Reasoning Capabilities of LLMs. Here, we attempt to study the effect of model
size scaling on the reasoning capabilities of LLMs. To this end, we apply Prism with a fixed 7B VLM and
an LLM of varying size, and evaluate the resulting task accuracies on the MNAdd-5dgt, MNLogic-5dgt, and
KandLogic-50bj datasets, as shown in Figure [dd] We find that increasing the LLM size improves reasoning
performance on MNAdd-5dgt and KandLogic-50bj, but has little effect on MNLogic-5dgt, where the task
accuracy improves by only 2% despite a 29B increase in LLM size. These results suggest that, similar to our
findings on VLMs, scaling up the size of LLMs may not enhance reasoning for certain reasoning
functions.

6 Conclusions

In this paper, we study the problem of robust VLM reasoning and present a neuro-symbolic investigation.
We demonstrate that incorporating a symbolic program, a circuit specifically, with a VLM helps improve
its performance and robustness on visual deductive reasoning tasks. In contrast, we find that end-to-
end gradient-based fine-tuning and scaling up model size do not guarantee that VLMs capture the correct
reasoning functions.

10



Under review as submission to TMLR

We also discuss several limitations and promising directions for future work. First, our current paradigm
assumes access to symbolic rules, whereas in practice such rules are often expressed in natural language;
extending the paradigm to automatically extract symbolic rules from natural-language descriptions would
broaden its applicability. Second, the current symbolic module is task-specific, requiring a separate circuit
for each reasoning function; developing a more flexible symbolic module that can accommodate multiple
reasoning functions is a promising direction. Third, the overall performance of the proposed paradigm
remains dependent on the VLM’s recognition capability, suggesting the need for methods that reduce the
sensitivity of symbolic reasoning to imperfect visual concept recognition. A more detailed discussion of these
limitations and directions is provided in Appendix [A]
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A Discussions

In this section, we discuss the limitations of the proposed method and provide some potential solutions.

Extracting Symbolic Rules from Natural Language. In this paper, we assume access to symbolic
rules for visual deductive reasoning tasks. In practice, however, rules are often expressed in natural language.
This raises an important question: How can symbolic rules be extracted from natural-language descriptions?
One approach is to train a language model for this purpose. For example, Yang et al. (2024) present
LOGICLLAMA, a fine-tuned LLaMA-7B model that translates natural-language sentences into first-order
logic rules. In a similar manner, by fine-tuning an LLM on paired natural-language descriptions and symbolic
rules defined for visual deductive reasoning tasks, it becomes possible to automate the extraction of symbolic
rules from natural language.

Improving Flexibility of the Symbolic Module. In this paper, a distinct SDD is constructed for
each reasoning function. In other words, switching to a different reasoning function in the visual deductive
reasoning task requires replacing the SDD in the symbolic module. This raises a question: Is it possible to
design a more flexible symbolic module that can accommodate multiple reasoning functions? One promising
direction is to design the symbolic module as an ensemble of SDDs, each corresponding to a specific reasoning
function. Subsequently, reinforcement learning (RL) (Ouyang et al., [2022) can be employed to adaptively
select the appropriate SDD according to the input. The selected SDD is then used to perform the reasoning
phase.

Reducing Dependence on Recognition Capabilities of VLMs. As shown in our ablation studies,
the reasoning performance of VLC is dependent on the recognition capabilities of the VLM. Specifically,
strong concept recognition by the VLM leads to high performance of VLC on visual deductive reasoning
tasks. Conversely, if the VLM fails to recognize certain object concepts, the reasoning performance of VLC is
negatively impacted. To avoid such entanglement, is it possible to reduce the dependence of VLC on the
VLM’s recognition capabilities? This also remains an open challenge in the field of neuro-symbolic learning.
Addressing this could significantly improve the reliability and robustness of the overall pipeline.

B Prompt Design

Figure [5| presents the prompts designed for the end-to-end reasoning paradigm on the MNAdd, MNLogic,
and KandLogic tasks, respectively. We use them to prompt VLMs to generate the reasoning results.

Figure [6] presents the prompts designed for VLC on the MNAdd, MNLogic, and KandLogic tasks, respec-
tively. We use them, in the first phase, to prompt VLMs to generate the concept recognition results.

Figure [7] presents the prompts designed for Prism on the MNAdd, MNLogic, and KandLogic tasks, respec-
tively. We use the prompts shown in the top row, in the first phase, to prompt VLMs to generate the concept
recognition results, while using the prompts shown in the bottom row, in the second phase, to prompt LLMs
to generate the reasoning results.

For ViperGPT, we use the provided templates to prompt the code generation model, replacing the placeholder
string “INSERT QUERY HERE” with the prompts shown in Figure [f]

C Implementation Details

Here, we elaborate on the implementation details for all baselines as well as our proposed method. All
trainings and evaluations are conducted on a single NVIDIA A100-SXM4 GPU with 80 GB of memory.
Specifically, each evaluation under the same setting is repeated five times using random seeds 0, 1, 2, 3, and
4.
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MNAdd-3dgt MNLogic-3dgt KandLogic-30bj
## Image description:
## Image description: s The 1mage e 3 geometric
. ## Image description: primitives, each with a specific
The image shows two rows of . . . .
. .. The image shows 3 handwritten |shape (square, triangle, circle)
handwritten digits. Each row . o
. binary digits. and color (red, blue, yellow).
represents a 3-digit number. le: le:
# Rule: #H Rl'l e: ' ## Rul e .
$Y$ is the sum of these two $Y$ is the XOR of these binary |If all primitives with the same
numbers digits. shapt.: have the same .color, th@n
. ## Query: $Y8$ is True. Otherwise, $Y$ is
## Query: What is $Y$? Fal
What is $Y$? LIS ST ase.
## Query:
What is $Y$?

Figure 5: Prompts designed for the end-to-end reasoning paradigm across different tasks. These prompts
are used to prompt VLMs to generate the reasoning results.

MNAdd-3dgt MNLogic-3dgt KandLogic-30bj

s ## Image description:
o I’T’age description: ## Image description: The image shows 3 geometric
The image shows two rows of . . R . .

. o The image shows 3 handwritten |primitives, each with a specific

handwritten digits. Each row . ° . .

. binary digits. shape (square, triangle, circle)
represents a 3-digit number. ## Query: d color (red, bl low)
o Qe uery: and color (red, blue, yellow).

What are these binary digits?  |## Query:
What are the shape and color of
each primitive?

What are the two numbers?

Figure 6: Prompts designed for VLC across different tasks. These prompts are used in the first phase to
prompt VLMs to generate the concept recognition results.

MNAdd-3dgt MNLogic-3dgt KandLogic-3obj

## Image description: Ry S

. ## Image description: The image shows 3 geometric
The image shows two rows of . . s . .

. o The image shows 3 handwritten |primitives, each with a specific
handwritten digits. Each row . i . .
represents a 3-digit number. binary digits. shape (square, triangle, circle)

P & ## Query: and color (red, blue, yellow).

## Query:

What are the two numbers? What are these binary digits?  |## Query:

What are the shape and color of

each primitive?

## Rule:
## Rule: ## Rule: If all primitives with the same
$Y$ is the sum of these two $YS$ is the XOR of these binary |shape have the same color, then
numbers. digits. $YS$ is True. Otherwise, $Y$ is
## Query: ## Query: False.
What is $Y$? Please output the |What is $Y$? Please output ## Query:
value of $Y$ only. Do not 'True' or 'False' only. Do not What is $Y$? Please output
provide explanations. provide explanations. 'True' or 'False' only. Do not

provide explanations.

Figure 7: Prompts designed for Prism across different tasks. The prompts in the top row are used in the
first phase to prompt VLMs to generate the concept recognition results; the prompts in the bottom row are
used in the second phase to prompt LLMs to generate the reasoning results.
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MNAdd-3dgt

Input variables: a00, a01, a02, a03, a04, a05, a06, a07, a08, a09, b00, b01, b02, b03, b04, b05, b06, b07, b08, b09

Constant variables: c00 = False

Hidden variables: c01, c02, c03, c04, c05, c06, c07, c08, c09, x00, x01, x02, x03, x04, x05, x06, x07, x08, x09

Output variables: Y00, Y01, Y02, Y03, Y04, Y05, Y06, Y07, Y08, Y09, Y10

Formulas: x00 = (200 AND NOTb00) OR (NOTa00 AND b00), Y00 = (x00 AND NOTc00) OR (NOTx00 AND c00), c01 =
(a00 AND b00) OR (x00 AND c00), x01 = (a01 AND NOTb01) OR (NOTa01 AND b01), YO1 = (x01 AND NOTc01) OR
(NOTx01 AND c01), c02 = (a01 AND b01) OR (x01 AND c01), x02 = (a02 AND NOTb02) OR (NOTa02 AND b02), Y02
= (x02 AND NOTc02) OR (NOTx02 AND c02), c03 = (a02 AND b02) OR (x02 AND c02), x03 = (a03 AND NOTb03) OR
(NOTa03 AND b03), Y03 = (x03 AND NOTc03) OR (NOTx03 AND c03), c04 = (203 AND b03) OR (x03 AND c03), x04
= (a04 AND NOTb04) OR (NOTa04 AND b04), Y04 = (x04 AND NOTc04) OR (NOTx04 AND c04), c05 = (a04 AND
b04) OR (x04 AND c04), x05 = (a05 AND NOTb05) OR (NOTa05 AND b05), Y05 = (x05 AND NOTc05) OR (NOTx05
AND c05), c06 = (a05 AND b05) OR (x05 AND c05), x06 = (a06 AND NOTb06) OR (NOTa06 AND b06), Y06 = (x06
AND NOTc06) OR (NOTx06 AND c06), c07 = (a06 AND b06) OR (x06 AND c06), x07 = (a07 AND NOTb07) OR
(NOTa07 AND b07), Y07 = (x07 AND NOTc07) OR (NOTx07 AND c07), c08 = (a07 AND b07) OR (x07 AND c07), x08
= (a08 AND NOTb08) OR (NOTa08 AND b08), Y08 = (x08 AND NOTc08) OR (NOTx08 AND c08), c09 = (a08 AND
b08) OR (x08 AND ¢08), x09 = (a09 AND NOTb09) OR (NOTa09 AND b09), Y09 = (x09 AND NOTc09) OR (NOTx09
AND c09), Y10 = (209 AND b09) OR (x09 AND c09)

MNLogic-3dgt

Input variables: n01, n02, n03

Constant variables: None

Hidden variables: z01

Output variables: Y

Formulas: z01 = (n01 AND NOTn02) OR (NOTn01 AND n02), Y = (z01 AND NOTn03) OR (NOTz01 AND n03)

KandLogic-3obj

Input variables: s1_ne s2,cl _eq c2,sl ne s3,cl eq c3,s2 ne s3,c2 eq c3

Constant variables: None

Hidden variables: None

Output variables: Y

Formulas: Y= (s1 _ne s2 OR cl _eq c2) AND (sl _ne s3 ORcl _eq c3) AND (s2 ne s3 OR c2 eq c3)

Figure 8: Symbolic rules from different visual deductive reasoning tasks.

End2end Reasoning. In the end2end reasoning paradigm, we select Qwen2.5-VL-7B-Instruct as the
VLM. We prompt this model using the prompt shown in Figure [f] along with 5 few-shot examples. The
batch size in the data loader is set to 128.

End2end Fine-tuning. In the end2end fine-tuning paradigm, we select Qwen2.5-VL-7B-Instruct as the
pretrained VLM. We fine-tune the model on the training samples for 5 epochs with a batch size of 4,
accumulating gradients over 8 steps. We employ the AdamW optimizer with a fixed learning rate of 2 x 1074,
a constant schedule, a warmup ratio of 0.03, and gradient clipping at a maximum norm of 0.3. Evaluation
on validation samples is conducted every 100 steps, and the best model, determined by minimum evaluation
loss, is restored after training. After fine-tuning, we evaluate the fine-tuned model in the zero-shot setting
using the prompt shown in Figure [l The batch size in the data loader is set to 128.

Prism. In Prism, we select Qwen2.5-VL-7B-Instruct as the VLM and Qwen2.5-7B-Instruct as the LLM.
We prompt the VLM using the prompt shown in Figure [7| (top row) along with 5 few-shot examples, and
prompt the LLM using the prompt shown in Figure m (bottom row) in the zero-shot setting. The batch size
in the data loader is set to 128.

ViperGPT. In ViperGPT, GPT-40 generates a program for each task based on the templates provided
in Suris et al.| (2023). Once generated, the same program is applied to all test samples for that task. The
generated programs frequently invoke both a detection model and a VLM. Specifically, we use Grounding-
DINO-Base as the detection model and Qwen2.5-VL-7B-Instruct as the VLM.

VLC. The batch size in the data loader of VLC is set to 128. In the first phase of VLC, we prompt
Qwen2.5-VL-7B-Instruct using the prompt shown in Figure [ along with 5 few-shot examples. In the second
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Figure 9: Samples from the MNAdd-3dgt (top), MNLogic-3dgt (middle), and KandLogic-30bj (bottom)
datasets.

phase, the SDD follows the hierarchy of a randomly initialized vtree to compile the symbolic rules shown in
Figure

D Dataset Construction

In this section, we describe the construction of the datasets. Specifically, we use the rsbench benchmark to
create datasets for various visual deductive reasoning tasks.

MNAdd. Datasets for the MNAdd task consist of images depicting two multi-digit numbers, with labels
corresponding to the sum of these numbers. Taking the MNAdd-3dgt dataset as an instance, each image
contains two rows, where each row comprises three horizontally arranged digit images randomly sampled
from MNIST (LeCun et al., [2002). The label is the sum of the two three-digit numbers represented by the
rows. We generate a total of 10000 training samples, 3000 test samples, and 2000 validation samples. Sample
examples are provided in Figure @] (top).

MNLogic. Datasets for the MNLogic task consist of images depicting a binary sequence, with labels
corresponding to the XOR of the bits. For example, in the MNLogic-3dgt dataset, each image contains
three horizontally arranged digit images, each being a 0 or 1, randomly sampled from MNIST (LeCun et al.|
2002). The label is the XOR of the three bits represented in the image. We generate a total of 10000
training samples, 3000 test samples, and 2000 validation samples. Sample examples are provided in Figure
[9] (middle).

KandLogic. Datasets for the KandLogic task consist of images depicting several geometric primitives,
with labels indicating the result of a relational check between the shapes and colors of the primitives. Taking
the KandLogic-3obj dataset as an example, each image contains three geometric primitives, whose shapes
are randomly chosen from {circle, square, triangle} and colors randomly chosen from {red, yellow, blue}.
The label indicates whether all primitives with the same shape have the same color. We generate a total of
10000 training samples, 3000 test samples, and 2000 validation samples. Sample examples are provided in
Figure [9] (bottom).

20



Under review as submission to TMLR

E Performance Analysis of ViperGPT

Effect of the Detection Model. In the main experiments, we observe that ViperGPT (Suris et al., |2023])
achieves competitive performance with the end-to-end reasoning paradigm on the MNLogic and KandLogic
tasks, while exhibiting much lower task accuracy on the MNAdd task. Here, we investigate the cause of this
inferior performance.

According to the program generated by GPT-40 (Yang et al., |2023b]) for solving the MNAdd task (see Figure
(top row)), the first step in ViperGPT’s pipeline is to invoke a detection model, GroundingDINO (Liu
et al., [2024) in particular, to detect the digits in the input image. As shown in Figure the detection
model fails to correctly detect each digit, leading to errors that propagate through subsequent steps and
ultimately result in incorrect answers. In contrast, as shown in Figures and the detection model
successfully detects all digits or geometric primitives on the MNLogic and KandLogic tasks, which accounts
for ViperGPT’s high performance on these tasks.

These findings highlight that ViperGPT’s reliance on the detection model enables high task accuracy when
detection succeeds but also introduces the risk of cumulative errors that can degrade overall performance.

Figure 10: ViperGPT’s detection results on three samples from the MNAdd-3dgt dataset. The detection
model fails to detect each digit correctly.

Figure 11: ViperGPT’s detection results on three samples from the MNLogic-3dgt dataset. The detection
model is able to detect each digit correctly.

A

Figure 12: ViperGPT’s detection results on three samples from the KandLogic-3obj dataset. The detection
model is able to detect each geometric primitive correctly.

Effect of the Code Generation Model. In ViperGPT, the decomposition of the end-to-end reasoning
process is primarily achieved through a program generated by a code generation model. Therefore, the quality
of the generated program is of vital importance to the performance of ViperGPT. Here, we investigate the
impact of the code generation model on ViperGPT’s performance. In main experiments, we select GPT-
40 (Yang et al., 2023b)) as the code generation model. Figure (top row) shows the programs generated
by GPT-4o for different tasks. These programs are both syntactically and logically correct, thus enabling
effective reasoning by breaking it down into a sequence of simpler steps.
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We then choose CodeLlama-13B (Roziere et al., [2023)) as the code generation model and examine the per-

formance of ViperGPT. Figure (bottom row) shows the programs generated for different tasks, among
which those for the MNAdd and KandLogic tasks are logically incorrect. Thus, the reasoning process is
decomposed into incorrect steps. Consequently, as shown in Figure [I3] we observe a significant drop in task
accuracy for these tasks. In particular, the incorrect program results in almost 0% accuracy on the MNAdd

task.

These findings highlight the importance of selecting a code generation model that produces syntactically and
logically correct programs, as errors in this step can critically undermine the overall reasoning process.

100
BN GPT-4o
I CodeLlama-13B
80
S
260
9
£
=
5]
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2 40
Z
&
19.71
20
0
MNAdd-3dgt

96.56

0.60

KandLogic-30bj

Figure 13: Comparison of ViperGPT’s task accuracies with programs generated by GPT-40 and Codel.lama-

13B.

MNAdd-3dgt

def execute_command(image):
image_patch = ImagePatch(image)

# Find all digits in the image
digit_patches = image_patch.find("digit")

# Sort top 3 digits (smaller vertical_center), then left to right

top_digits = sorted(
[p for p in digit_patches if p.vertical_center < image_patch.vertical_center],
key=lambda p: p.horizontal center

)

# Sort bottom 3 digits (larger vertical_center), then left to right

bottom_digits = sorted(
[p for p in digit_patches if p.vertical center >=image_patch.vertical_center],
key=lambda p: p.horizontal _center

)

# Read digits
top_number = int("" join(p.simple_query("What digit is this?") for p in top_digits))

GPT-40

bottom_number = int("" join(p.simple_query("What digit is this?") for p in bottom_digits))

# Compute sum
return top_number + bottom_number

def execute_command(image):
image_patch = ImagePatch(image)
digit_patches = image_patch.find("digit")
digit_patches.sort(key=lambda x: x.vertical_center)
top_digit_patches = digit_patches[:3]
bottom_digit_patches = digit_patches[3:]
top_digit_patches.sort(key=lambda x: x.horizontal_center)
bottom_digit_patches.sort(key=lambda x: x.horizontal_center)

CodeLlama-13B

digit_patch in top_digit_patches]

bottom_digit_values = [int(digit_patch.simple_query("What is the value of this digit?")) for

digit_patch in bottom_digit_patches]
return str(sum(top_digit_values) + sum(bottom_digit_values))

v

top_digit_values = [int(digit_patch.simple query("What is the value of this digit?")) for

X

MNLogic-3dgt
def execute_command(image):
image_patch = ImagePatch(image)

# Step 1: Find the handwritten digits
digit_patches = image_patch.find("digit")

# Step 2: Sort them from left to right based on horizontal position

digit_patches.sort(key=lambda x: x.horizontal _center)

# Step 3: Read each digit as text (assume output is string like '0' or '1")

digits =[]
for patch in digit_patches:
digit_str = patch.simple_query("What digit is this?")
if digit_str.strip() not in {"0", "1"}:
raise ValueError(f'Invalid binary digit: {digit_str}")
digits.append(int(digit_str.strip()))

# Step 4: Compute XOR
y = digits[0] ~ digits[1] * digits[2]

return str(y)

def execute_command(image):
image_patch = ImagePatch(image)
binary_digit_patches = image_patch.find("binary digit")

binary_digit_patches.sort(key=lambda x: x.horizontal_center)

binary_digit_patch_0 = binary_digit_patches[0]
binary_digit_patch_1 = binary_digit_patches[1]
binary_digit_patch_2 = binary_digit_patches[2]

binary_digit_0 = binary_digit_patch_0.simple_query("What is the

value of the binary digit?")

binary_digit 1 =binary digit patch_1.simple_query("What is the

value of the binary digit?")

binary digit 2 =binary_digit patch_2.simple_query("What is the

value of the binary digit?")
return str(int(binary_digit_0, 2) ~ int(binary_digit 1, 2) *
int(binary_digit 2, 2))

KandLogic-30bj

def execute_command(image):
image_patch = ImagePatch(image)
object_patches = image_patch.find("object")

# Dictionary to track color consistency for each shape
shape_to_colors = {}

for patch in object_patches:
shape = patch.simple_query("What is the shape?")
color = patch.simple_query("What is the color?")
if shape not in shape_to_colors:
shape_to_colors[shape] = set()
shape_to_colors[shape].add(color)

# Check if any shape has more than one color
for colors in shape_to_colors.values():
if len(colors) > 1:
return "False"

return "True"

def execute_command(image):
image_patch = ImagePatch(image)
object_patches = image_patch.find("object")
object_patches.sort(key=lambda x:
x.horizontal _center)
object_patch_1 = object_patches[0]
object_patch_2 = object_patches[1]
object_patch_3 = object_patches[2]
if object_patch_1.verify_property("object”, "color")
= object_patch_2.verify_property("object", "color") ==
object_patch_3.verify_property("object”, "color"):
return "True"
else:

return "False" x

Figure 14: Programs generated by GPT-40 (top row) and CodeLlama-13B (bottom row) across different
tasks. These programs are used by ViperGPT to decompose the visual deductive reasoning tasks. v and X
indicate the correctness of the generated programs.
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