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Abstract

Modern vision-language models (VLMs) deliver impressive
predictive accuracy yet offer little insight into ‘why’ a de-
cision is reached, frequently hallucinating facts, particularly
when encountering out-of-distribution data. Neurosymbolic
frameworks address this by pairing black-box perception with
interpretable symbolic reasoning, but current methods extract
their symbols solely from task labels, leaving them weakly
grounded in the underlying visual data. In this paper, we in-
troduce a multi-agent system - Concept-RuleNet that rein-
states visual grounding while retaining transparent reason-
ing. Specifically, a multimodal concept generator first mines
discriminative visual concepts directly from a representative
subset of training images. Next, these visual concepts are uti-
lized to condition symbol discovery, anchoring the genera-
tions in real image statistics and mitigating label bias. Sub-
sequently, symbols are composed into executable first-order
rules by a large language model reasoner agent - yielding in-
terpretable neurosymbolic rules. Finally, during inference, a
vision verifier agent quantifies the degree of presence of each
symbol and triggers rule execution in tandem with outputs
of black-box neural models, predictions with explicit reason-
ing pathways. Experiments on five benchmarks, including
two challenging medical-imaging tasks and three underrep-
resented natural-image datasets, show that our system aug-
ments state-of-the-art neurosymbolic baselines by an aver-
age of 5% while also reducing the occurrence of hallucinated
symbols in rules by up to 50%. An extended version of the
paper can be found at https://arxiv.org/abs/2511.11751.

Introduction
With the increasing size and complexity of pre-trained
large-scale Vision Language Models (VLMs) achieving
widespread success in diverse vision tasks, it is tempting to
utilize them for diverse use cases. Usually, VLMs are pre-
trained on vast amounts of paired image-text data, which
makes their learned decision-making process increasingly
misaligned with the human thought process. Researchers re-
fer to such systems as System-1 due to their speed, scal-
ability, and unintuitive reasoning pathways behind a pre-
diction. On the other hand, the human thought process is
slower, more deliberate, and logical - often composing mul-
tiple semantics neurosymbolically to reach a more accurate
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and trustworthy decision - classified as System-2 (Nye et al.
2021). For example, consider the image in Figure 1, where
both VLMs and logical rules output the same prediction, but
System-2 reasoning is much more explainable and intuitive.
Most of the current research on alignment problem focuses
on inducing System-2 reasoning in System-1 reasoners dur-
ing pre-training, chain of thought (Wei et al. 2022), etc., with
limited success due to the fundamental assumptions geared
towards scalability and efficiency. However, human cogni-
tion naturally weaves together System-1 (fast, associative)
and System-2 (slow, deliberative) reasoning. Recognizing
this, recent research has begun combining both systems to
harness System-1’s efficiency while using System-2 mecha-
nisms to refine predictions and provide transparent, step-by-
step rationales - thus leveraging both System-1 and System-
2 in tandem.

Popular works that combine System-1 and System-2 rea-
soning often utilize meticulously curated symbols to form
neurosymbolic rules, and the prediction score of a rule is
computed using First-order Logic. For example, in (Yi et al.
2018), the authors utilize several visual classifiers to select
relevant functional tools that output the likelihood of a par-
ticular concept present in the image, which is then composed
using a curated logical rule. Although such approaches can
be an effective solution in a closed setting with limited rules
and a closed set of concepts (e.g., in (Yi et al. 2018), only
four types of objects are considered), they are often not
generalizable to large-scale complex datasets. As a conse-
quence, a relatively new line of research proposes utilizing
external knowledge from Large Language Models (LLMs)
to automatically generate symbols (Generation) and sub-
sequently construct logical rules using the generated sym-
bols through neurosymbolic composition (Reasoning). For
example, Symbol-LLM (Wu et al. 2024) utilizes an LLM
(GPT-3.5) first to extract all relevant symbols relating to hu-
man activity labels and then uses the same LLM as a rea-
soner for rules construction, overcoming expensive and slow
manual logical rule generation.

Even though approaches like (Wu et al. 2024) utilize
LLMs as agents, they implicitly make a strong assumption
that the parametric knowledge encoded in LLMs (during
pre-training) is sufficient for effective symbol and rule gen-
eration. Note that the symbol discovery process in such ap-
proaches is conditioned only on a single task label, with no
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“Rules for {Basophil}”
“Basophilic granules in 
leukocytes" AND 
"presence of basophilic 
staining”
"Dark-stained basophilic 
nuclei" AND "presence of 
basophilic granules”Basophil

“Rules for {Basophil}”
"Tissue inflammatory 
infiltrates" AND "presence 
of allergic response."
"Presence of cells 
associated with allergic 
reactions" AND "presence 
of an allergic stimulus."

Only LLM generated LLM w/ visual grounding 

“Rules for {Land pattern: 
Agriculture}”
“Grid-like pattern of fields" 
AND “field of uniform color”
"Rows of crops aligned” 
AND " presence of green 
areas indicating farming”

Land pattern: 
Agriculture

“Rules for {Land 
pattern: Agriculture}”
"Livestock grazing in a 
pasture AND livestock 
presence."
"Farm machinery, such 
as tractors AND visibility 
of crops or fields”

Only LLM generated LLM w/ visual grounding 

Non-Grounded Symbols (Hallucinated)

Non-Representative Symbols (Task Impertinent)

Figure 1: Examples sampled from the BloodMNIST (Yang
et al. 2023a) and UC-Merced Land Use (Yang and Newsam
2010) test datasets demonstrating a sample from the ‘Ba-
sophil’ and ‘Agriculture Land Pattern’ classes, respectively.
We list the top rules influencing the decision-making pro-
cess. (TOP) We observe that utilizing no images during
the symbolic rule generation process (Symbol-LLM) gen-
erates rules with non-grounded symbols, i.e., symbols NOT
present in test images (hallucinations). (BOTTOM) We ob-
serve that the generated rules are often somewhat semanti-
cally related to the task label but not representative of the
task. The highlighted symbols are most relevant for predic-
tion, with red symbols being hallucinated, green being ap-
propriate, and yellow being non-representative.

information from the actual training images in the dataset.
This presents a significant problem with datasets out-of-
distribution to LLM pre-training, where the LLM parametric
knowledge is lacking (Li et al. 2024, 2023b). Utilizing train-
ing images during the symbol generation and rule formation
process provides multiple benefits, namely, grounding and
representativeness as discussed below.
Grounding: Firstly, as LLMs are susceptible to hallucina-
tions on contexts with limited knowledge (Simhi et al. 2025;
Zhang et al. 2024a), the symbols and rules generated can
be adulterated with outright incorrect symbols that are never
encountered in the dataset. Consider the top example in Fig-
ure 1. Here, the symbols ‘presence of allergic response’ and
‘presence of allergic stimulus’ are encountered in neither the
training set nor the test set - implying the symbol is hal-
lucinated in context to this setting. However, conditioning
symbol generation on training images adds semantic con-
text during the generation process and is essential to ensure
grounding.
Representativeness: Secondly, one of the main reasons why
LLMs output irrelevant symbols for underrepresented tasks
and surprisingly accurate symbols for a select few tasks is
not due to their extensive parametric encoded knowledge,
but due to the well-known phenomenon of dataset leakage
during pretraining (Carlini et al. 2021) wherein LLMs are
overfitted on descriptions of commonly utilized benchmark

datasets. This phenomenon is subtle, but it is clear to ob-
serve in the results presented in (Wu et al. 2024) and the
similar work (Zhang et al. 2024b), where performance on
in-domain datasets is benchmarked, but on out-of-domain
data is lacking. Similarly, consider the symbols generated
for the ‘Land Pattern: Agriculture’ class in Figure 1 using
(Wu et al. 2024), where the symbols are relevant to the de-
scription of the class but are irrelevant for the task at hand,
i.e., recognizing land use patterns - making the symbols non-
representative of the task.

As a consequence, in this paper, we propose Concept-
RuleNet - a collaborative multi-agent framework which en-
forces grounding and representativeness in the neurosym-
bolic rule generation process. Concept-RuleNet - (i) ef-
fectively leverages a subset of training images to first ex-
tract grounded concepts using a Visual Concept Extrac-
tion agent, (ii) creates neurosymbolic symbols and com-
poses them into logical rules using a strong Symbol Ex-
ploration and Neurosymbolic agent, and (iii) further aug-
ments standard System-1 prediction with symbolic predic-
tions using a Verifier agent. With this three-agent system,
we achieve the desired symbol properties by conditioning
automatic symbol generation not only on the target labels
but also grounded descriptions extracted as visual concepts
from images in the training set. Subsequently, we demon-
strate the drawbacks of current label-conditioned symbols
and rule formation methods by empirically evaluating the
improved prediction performance and degree of grounding
compared to Concept-RuleNet. Lastly, we propose an exten-
sion, Concept-RuleNet++, which not only utilizes relevant
symbols but also utilizes counterfactual symbols as a com-
bination of conjunctive and disjunctive rule formation. More
objectively, our contributions are as follows:
• We propose Concept-RuleNet, a neuro-symbolic multi-

agent system that utilizes three distinct LLM and VLM
agents collaborating to extract grounded visual concepts
and create representative and grounded symbols.

• We benchmark Concept-RuleNet across 5 challenging
datasets on 4 modern VLMs and empirically demonstrate
Concept-RuleNet’s superior performance as compared to
the state of the art (SOTA) approaches.

• We show that Concept-RuleNet produces grounded and
representative symbols for more accurate rule genera-
tion and reduced hallucinations of LLM.

• We propose an extension - Concept-RuleNet++, which
augments propositional rule generation in System-2 rea-
soning systems by leveraging counterfactual symbols
for even higher prediction performance.

Related Work
Neurosymbolic Reasoning. Neurosymbolic reasoning
seeks to bridge the gap between the high-dimensional, often
opaque representations learned by deep neural networks
and the discrete, interpretable symbols fundamental to
human reasoning (Besold et al. 2021). Early works in this
area utilized specialized architectures and regularization
techniques to explain deep neural networks (DNNs) via
propositional logic (Riegel et al. 2020; Dong et al. 2019;
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Garcez and Lamb 2023; Sinha, Xiong, and Zhang 2025a).
Building on these foundations and informed by taxonomical
frameworks such as that proposed by Nye et al. (2021),
recent research has increasingly aimed to integrate fast,
intuitive System-1 processes with slower, deliberative
System-2 reasoning (Saha et al. 2024; Wu et al. 2024; Mao
et al. 2019). Moreover, studies combining concept-based
explanations with neurosymbolic approaches have enhanced
both interpretability and robustness (Barbiero et al. 2023;
Sinha et al. 2023).

Utilizing Agents to Augment Black-box Models. Multiple
recent approaches leverage the extensive semantic knowl-
edge encoded in large language models (LLMs) to directly
generate meaningful symbolic representations and enhance
the reasoning capabilities of VLMs and supplement their
limited linguistic understanding (Chen et al. 2023). For ex-
ample, methods such as those in (Oikarinen et al. 2023)
leverage the inherent language understanding of LLMs to
extract meaningful symbols, while other works (Moayeri
et al. 2023; Yang et al. 2023b) not only generate these
concepts but also align them with visual data (VLMs). By
harnessing both pre-training knowledge and the in-context
learning capabilities of LLMs, these approaches are able to
generate semantically rich symbols that serve as a bridge
between raw visual inputs and higher-level reasoning tasks
(Wu et al. 2024; Zhang et al. 2024b). Approaches such as
(Cho et al. 2023; Hu et al. 2023; Sinha, Xiong, and Zhang
2025b) incorporate rich language cues into VLM inference
through mechanisms like scene graphs or language priors,
while other work (Zhou et al. 2023) directly feeds LLM out-
puts into the visual understanding process.

Comparisons to Related Work. Our approach can be di-
rectly compared against agentic neurosymbolic systems,
which leverage LLMs as symbol extractors and logical rule
generators. We compare against Symbol-LLM (Wu et al.
2024), which relies solely on task labels as conditioning for
generating symbols and rules, whereas our framework lever-
ages visual concepts to induce grounding and representative-
ness. Even though Symbol-LLM achieves benchmark per-
formance on HICO and Stanford datasets, the methodology
is not generalizable to underrepresented or out-of-domain
datasets.

Methodology
In this section, we discuss the proposed Concept-RuleNet
approach. We first begin by detailing the problem setting and
formalizing notations. Next, we discuss the three primary
stages of Concept-RuleNet, namely, Image-conditioned Vi-
sual Concept Extraction, Context-dependent Conditional
Symbol Exploration and Rule Formation, and Neurosym-
bolic Rule-based Predictions. Finally, we discuss an ex-
tension to Concept-RuleNet - Concept-RuleNet++, which
leverages counterfactual symbols to augment the neurosym-
bolic reasoning process. A schematic diagram of Concept-
RuleNet is depicted in Figure 2. The subsequent inference
process is depicted in Figure 3.

Preliminaries and Problem Setting
System-1: Let X be the space of input images and Y be the
set of corresponding class labels. A typical System-1 model
for image classification can be mathematically defined as a
function mapping Fsys1 : X → Y such that,

y = Fsys1(x) ∀ (x, y) ∈ {(X ,Y)}

The function Fsys1 can be modeled as a neural network. Note
that in this work, we primarily consider a zero-shot setting
where the System-1 model is used off the shelf, as fine-
tuning large System-1 models is extremely expensive.
System-2. As opposed to learning a single function Fsys1, a
System-2 model can be thought of as a composition of three
separate functions Fconcept, Fneurosymbolic, and Fverify

such that Fsys2 = Fverify ◦ Fneurosymbolic ◦ Fconcept. Note
that ◦ represents function composition, i.e., Fneurosymbolic ◦
Fconcept represents the output of Fconcept is input to
Fneurosymbolic. More precisely, the function Fconcept maps
X → P(C), where P(C) represents the power set of C, a
set consisting of relevant, human-understandable descriptive
concepts. Mathematically,

c = Fconcept(x), s.t., c ⊆ C (1)

Note that concepts C represent human-understandable de-
scriptions of the images. Next, the function Fneurosymbolic

utilizes these visual concepts to explore task-relevant sym-
bols, which are further composed into logical rules. For-
mally, Fneurosymbolic : P(C) → P(L). Let S be the vo-
cabulary of binary atomic symbols. A logical rule l ∈ L is
formed by composing multiple symbols si ∈ S . Mathemat-
ically,

l = Fneurosymbolic(c), s.t., l ⊆ L (2)
where each li ∈ l is of the form li =

∧
si∈s si. Finally,

the function Fverify maps P(L) → Y by implicitly scoring
each symbol in a rule and then aggregating the scores into
an entailment confidence, and returning the rule’s prediction.
Mathematically,

Fsys2 = Fverify(l),where l = Fneurosymbolic◦Fconcept(x)
(3)

To leverage both System-1 and System-2 reasoning to-
gether in prediction, the final composite prediction is ex-
pressed by a weighted sum of System-1 and System-2 rea-
soning models:

ŷ = (1− λ)Fsys1(x) + λFsys2(x) (4)

where λ controls the influence of System-2 model’s pre-
diction to the final prediction. In practice, all the individ-
ual functions of Fsys2, i.e., Fconcept, Fneurosymbolic and
Fverify are implemented using agents as discussed below.

Image-conditioned Visual Concept Extraction
As discussed, a System-2 reasoning model requires the gen-
eration of logical rules to emulate the human reasoning pro-
cess. As discussed in Sec , the first stage is represented as the
function Fconcept and generates a set of grounded and repre-
sentative visual concepts. We utilize the VLM agent (AV ) to
first extract visual concepts present in each training image.
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Figure 2: Schematic figure of Concept-RuleNet approach. Concept-RuleNet operates in three sequential stages - (i) Grounded
Visual Concept Extraction: outputs visual concepts grounded in representative training images, (ii) Conditional Symbol Gen-
eration and Neurosymbolic Rule-based Predictions: explores relevant symbols and composes them into logical rules, and (iii)
Neurosymbolic Rule-based Predictions: verifies the presence of each symbol in the rule to provide final predictions.

Recent research has found that VLMs are extremely effec-
tive in identifying attributes in the images but less effective
in identifying complex relationships between the discovered
attributes, and hence act better as ‘Bag-of-visual attributes’
than extracting complex relationships (Doveh et al. 2023;
Herzig et al. 2023). Hence, we extract low-level visual con-
cepts cy ∈ P(C) for each training image x ∈ Xtrain in the
dataset, conditioned also on the task label y. Mathematically,

cy =
⋃

AV(xi, y,M), ∀ xi ∈ X train
y (5)

where AV is a function characterized by the task label y and
a number of concepts M , and X train

y is the training subset of
X with labels y. The visual concepts for randomly selected
images belonging to a particular label y in the training set
are extracted and appended to a set, discarding duplicates.
Finally, we get a set cy of observed visual concepts for each
task label y ∈ Y .

Context-dependent Symbol Exploration and Rule
Formation
In the next stage, the function Fneurosymbolic generates sym-
bols and logical rules conditioned on the visual concepts.
This stage has two distinct components - exploration and
rule-formation, discussed below.
Exploration. To form grounded and representative symbols,
we utilize a strong linguistic agent depicted by AL. The pro-
cess of symbol discovery is conditioned on both the task la-
bels y and the generated concepts cy in the last stage. To
begin, we initialize the symbol set with dataset-specific sym-
bols generated using an Initialization Symbol function (IS),
which is characterized by the task label y and the number of
initial symbols K. Mathematically, the symbol set is initial-
ized as:

S = AL(IS(y,K)) (6)
Subsequently, we begin iterative rule exploration using

both the initial symbols and the concepts associated with
each label, as collected in the last stage. The visual concepts
provide grounded context to AL during exploration to mini-
mize hallucinations. We utilize an Explore-Symbol function

(ES) characterized by the task label y with context cy . Math-
ematically,

S = S
⋃

AL(ES(cy, y)) (7)

where the set S collects all explored symbols following cer-
tain constraints as discussed in the next section.
Rule Formation. The next stage composes the symbols
generated during the Exploration stage into logical neuro-
symbolic rules through the linguistic agent AL and an entail-
ment function EN . To construct a rule, we utilize the initial-
ized symbol set S as input, and each new symbol discovered
during the explore stage is evaluated in the form of a rule in
the Disjunctive Normal Form (DNF). Mathematically, a set
of rules l∗ can be formed as:

l∗ = {
∧

si → y},where si ∈ S and y ∈ Y (8)

To ascertain the soundness of each rule in l∗, we utilize AL
to calculate entailment. Mathematically, it can be written as:

l = { li ∈ l∗ | AL(EN (cy, li)) > ϵ} (9)

where AL calculates the entailment for a rule li and ϵ is the
entailment threshold signifying if the rule is plausible. Note
that the rule scoring is dependent not just on the labels y, but
also on the visual concepts extracted in the previous stage.

Based on the scoring mechanism, only the rules above a
pre-defined threshold (ϵ) are considered for System-2 rea-
soning. We limit the length of each rule to N symbols, pre-
venting overfitting a particular rule to the task. We point out
that the functions IS , ES , and EN are modeled as prompt
templates, which are detailed in the extended version.

Neurosymbolic Rule-based Predictions
For the final System-2 prediction, the process is decomposed
into two steps: (i) computing scores for individual symbols
using the verifier agent (FV ), and (ii) aggregating symbol
scores to evaluate confidence of a rule.

For a neuro symbolic rule li of the form li = si1 ∧ si2 ∧
· · · ∧ sik , where {si1 , si2 , . . . , sik} ∈ P(S) and a test image
x ∈ X test, the overall score is then computed by taking the
minimum of the scores of the individual symbols:
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Fverify(l) = max
i∈{1,..,|l|}

{min{FV(x, si1)..,FV(x, sik)}}.

(10)
where FV is a VLM, and the final System-2 prediction over
all rules in L.
Sample Inference Process. An example of an inference
procedure is demonstrated in Figure 3. During inference,
the image is passed through the System-1 model to in-
fer the probability of each class label. (Basophil=0.48 and
Eosinophil=0.52). In parallel, the Verifier Agent predicts the
likelihood of each symbol for all neurosymbolic rules. For
each class, the most likely rule is calculated using Equa-
tion 10. The final class prediction is performed through a
weighted sum of System-1 (Basophil=0.48) and neurosym-
bolic output (Basophil=0.95). As can be seen, neurosym-
bolic output ‘corrects’ System-1 output to instill higher trust.

Figure 3: Inference process for a sample from the ‘Basophil’
class from BloodMNIST dataset. VLM inference output as-
signs a probability score of 0.48 to correct class.

Concept-RuleNet++
Recent work has underscored the value of counterfactual
reasoning in enhancing the interpretability of neurosymbolic
systems. Counterfactual symbols serve as a complement to
relevant symbols, for clearer decision boundaries and to re-
duce the impact of spurious correlations. Approaches like
(Wachter, Mittelstadt, and Russell 2017; Dandekar et al.
2023) empirically demonstrate that incorporating counter-
factual symbols leads to improved generalization. We pro-
pose an extension to the standard Concept-RuleNet setup -
Concept-RuleNet++ which augments reasoning with coun-
terfactual symbols. We utilize symbols present in rules from
other classes with inverse verification, i.e., the probability of
not being present. Mathematically, the new logical rules are
formed as,

l = {
∧

{
∨

{s̃i, si}} → y}, (11)

where si, s̃i ∈ S and y ∈ Y . s̃i represents counterfactual
symbols discovered. Note that Concept-RuleNet++ expands
the rule structure to be a combination of both DNF and Con-
junctive Normal Forms (CNF), forming a Mixed Normal
Form structure of System-2 reasoning.

Experiments
Dataset and Model Description
Dataset Description. We utilize 5 medical and real-world
datasets. MedMNIST (Yang et al. 2023a) - BloodMNIST
and DermaMNIST are designed for blood cell and skin ab-
normality classification, respectively. UC-Merced Satellite
Land Use (Yang and Newsam 2010) and WHU (Xia et al.
2010) are large-scale satellite image-based remote sensing
datasets with high-resolution images for categorizing the
land-use pattern. iNaturalist-21 (Van Horn et al. 2018) con-
sists of 13 classes referring to various biological species.

System-1 Models. We benchmark our approach on 3
open-source VLMs - InstructBLIP-XXL (Dai et al. 2023),
LLaVA-1.5 (Liu et al. 2023), and LLaVA-1.6 (Team 2024).
For MedMNIST, we also utilize a medical VLM - LLaVA-
Med (Li et al. 2023a).
Visual Concept Extraction and Symbol-Generation
Models. For the MedMNIST family of datasets, we utilize
LLaVA-Med as a visual concept extractor agent (AV ) while
for real-world datasets, we utilize LLaVA-1.6. The sym-
bol exploration and rule formation agents are chosen to be
strong LLMs with large-scale pre-training. We utilize GPT-
4o-mini by OpenAI (OpenAI 2024) - a SOTA LLM with
advanced reasoning capabilities.

Hyperparameter Settings
Visual Concept Extraction. We utilize LLaVA-Med for
extracting visual concepts in the MedMNIST dataset and
LLaVA-1.6 for the other datasets with temperature 0.2.
Symbol Generation. We utilize 5 initial premise symbols
(N ) followed by a maximum rule length of 3. To reduce
overfitting, the rules on the visual context, we ensure max-
imum entailment (ϵ) scores greater than 0.7 for a rule to be
relevant. Increasing rule sizes beyond 3 provides diminish-
ing returns. We run recursive symbol exploration and rule
composition for 10 and 7 iterations, respectively, for MedM-
NIST and other datasets. The temperature is set at 0.7 for
exploration and 0 for entailment.
Dataset Specific. We utilize λ = 0.5 for the Blood and
Derma datasets while λ = 0.7, 0.5, 0.7 for Satellite, WHU,
and iNaturalist datasets respectively, based on tuning on the
validation set.

Implementation Details
Baseline Replication. We recreate the Symbol-LLM base-
line (Wu et al. 2024) by adapting it to different datasets. Note
that Symbol-LLM is exclusively tested on Human Activity
Recognition (HOI) datasets (which, as discussed before, is
in-domain to LLM pre-training), hence its efficacy on the
selected datasets is unknown. We utilize the implementation
with minor changes in prompts by changing task labels cor-
responding to the datasets used in this paper. We limit the
rule lengths to 3 symbols each, with a lowered minimum en-
tailment value of 0.7 (to achieve speed up). As demonstrated
in (Wu et al. 2024), rules with at most 3 symbols are func-
tionally equivalent to longer rules.
Verification. Although VLMs are adept at generating natu-
ral language descriptions of input images, the actual token
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BloodMNIST DermaMNIST UCMerced-Satellite WHU iNaturalist
S1 S-LLM CRN S1 S-LLM CRN S1 S-LLM CRN S1 S-LLM CRN S1 S-LLM CRN

Verifier: Same as System-1
InstructBLIP 11.55 13.56 18.09 5.05 5.05 8.54 41.33 48.0 57.33 14.28 14.28 20.40 52.13 52.65 53.21

LLaVA-1.5 11.55 10.05 14.57 9.54 30.15 47.73 65.33 64.00 69.33 18.36 18.36 19.22 58.12 60.24 60.24
LLaVA-1.6 10.05 9.67 19.35 36.68 38.19 48.74 38.66 49.33 50.66 27.27 28.43 28.43 61.30 61.30 63.45

Table 1: Comparison between prediction accuracy on BloodMNIST, DermaMNIST, UCMerced-Satellite, WHU, and iNaturalist
datasets across multiple VLMs. The columns under each dataset indicate System-1 (S1), S1 augmented with Symbol-LLM (S-
LLM) and Concept-RuleNet (CRN), respectively.

BloodMNIST DermaMNIST

Model S1 S-LLM CRN S1 S-LLM CRN

InstructBLIP 11.55 11.55 13.56 5.05 5.05 7.86
LLaVA-1.5 11.55 13.56 13.56 9.54 30.15 34.21
LLaVA-1.6 10.05 9.54 13.21 36.68 48.25 66.33

LLaVA-Med 11.05 11.05 12.06 4.81 2.77 12.56

Table 2: Prediction accuracy for BloodMNIST and Der-
maMNIST datasets with a medical verifier agent - LLaVA-
Med. We observe that LLaVA-Med boosts performance sig-
nificantly on the DermaMNIST dataset.

predictions are underexplored. We augment VQAScore (Lin
et al. 2025) scoring strategy by reformatting the visual de-
scription into a binary ‘Yes/No’ question. Mathematically,
for a given x ∈ X test, the prediction probability of a sym-
bol s for a VLM (FV ) with logit outputs (F̂V ),

P (“yes”|x, s) = eF̂V [“yes”]/(eF̂V [“yes”] + eF̂V [“no”]) (12)

The probability of the token ‘Yes’ is taken as the proxy for
the confidence of prediction.

Experiment-1: Prediction Performance
Choice of Verifier. As the verifier (AV ) is one of the most
important aspects of System-2 models, we consider 2 real-
world settings - one where all the symbols and rules are pre-
computed ante-hoc and only the rules and test-images are
available. In this case, the System-1 model can act as a ver-
ifier with minor modifications. The next setting is where we
are provided both test images and an inference only verifier.
In this case, to provide more confident symbol probabilities,
we can utilize a domain-specific verifier. We chose LLaVA-
Med, a strong medical VLM, as a verifier.
Medical Datasets. We report the prediction performance
of Concept-RuleNet as compared to baseline Symbol-LLM
and only without any System-2 integrations (S1) in Ta-
ble 1. We observe that Concept-RuleNet consistently outper-
forms System-1 only and Symbol-LLM baselines on most
datasets. For the BloodMNIST dataset and DermaMNIST
datasets, Concept-RuleNet beats Symbol-LLM by an aver-
age of about 5% across all model settings.
Real-world Datasets. Here, we observe that System-1 mod-
els demonstrate good performance out of the box on the
Satellite datasets - UCMerced and WHU as they share re-
semble with types of images encountered in the pre-training
setup of VLMs. We observe that Concept-RuleNet outper-
forms Symbol-LLM by a considerable margin of about 5%
on most models, with the highest improvement being on

the Instruct-BLIP-XXL model of 9.33% on the UCMerced
dataset, while an average of 2-4% on the WHU dataset, pos-
sibly due to the more challenging nature of the images. Fi-
nally, the prediction performance of Concept-RuleNet is su-
perior to Symbol-LLM on the iNaturalist dataset on all mod-
els. The results are a testament to our approach, as it im-
proves prediction performance on underrepresented, out-of-
distribution datasets.
Utilizing domain-specific verifiers. Next, we observe that
using a medical verifier improves performance in both med-
ical datasets in Table 2, making a strong case to consider
designing even more powerful medical VLMs as verifiers in
the future. Lastly, in Row-4, we conduct an interesting ex-
periment where we utilize LLaVA-Med as both a System-1
model and a verifier, which interestingly does not give good
results. This is an important insight - implying that models
like LLaVA-Med do not have a deep understanding of the
images (weak reasoning) but can be good verifiers.
Improvements using Concept-RuleNet++. Next in Ta-
ble 3, we report the performance improvement using
Concept-RuleNet++. Note as Concept-RuleNet++ utilizes
counterfactual symbols, it is not directly comparable to
Symbol-LLM but rather an approach similar to combining
Symbol-LLM with counterfactual symbols which is out of
scope for this work. We observe Concept-RuleNet++ out-
performs Concept-RuleNet by an average of 1-2%, making
it ideal for use cases that are performance-sensitive.

Dataset Concept-RuleNet Concept-RuleNet++
BloodMNIST 18.09 21.43
DermaMNIST 8.54 14.23

Satellite 57.33 58.12
WHU 20.40 21.52

iNaturalist 53.21 54.15

Table 3: Prediction performance improvements for Concept-
RuleNet++ over Concept-RuleNet. We observe a consistent
improvement in prediction performance over all datasets ex-
cept iNaturalist, possibly due to the extreme diversity in the
training samples, as the occurrence of a counterfactual sym-
bol is still pretty high. (All datasets tested on InstructBLIP)

Experiment-2: Symbol Quality
Quantitative Grounding Measures. To validate if the sym-
bols generated by Concept-RuleNet are better grounded, we
compute the average likelihood of each symbol in the gen-
erated rules being present in both the train and test images
using a VLM as shown in Figure 4. We observe that symbols
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Initialization Exploration Entailment Prediction
✗ ✗ ✗ 48.00
✔ ✗ ✗ 49.50
✔ ✔ ✗ 55.10
✔ ✔ ✔ 57.33

Table 4: Ablation study for presence of visual context in
each stage. First row corresponds to Symbol-LLM setting.

generated by Concept-RuleNet are more likely to be present
in both the Train and Test sets than those by Symbol-LLM.
For Satellite and WHU datasets, the difference is even more
stark, where Symbol-LLM’s symbol occurrence rate is less
than 0.5 - highlighting the need for Concept-RuleNet in un-
derrepresented domains.

Figure 4: Degree of grounding on symbols generated by
Concept-RuleNet (CRN) and Symbol-LLM (S-LLM) using
the InstructBLIP model.

Representativeness of Symbols. Similarly, to evaluate the
representativeness of generated symbols we format them as
a question, ‘How likely are {symbol1, symbol2,..} in pre-
dicting {class} for a {task}?’ and pass them through an ad-
vanced reasoning model. We find that the average likelihood
outputted for symbols generated by Concept-RuleNet is 0.54
as compared to 0.49 for Symbol-LLM (Refer to the extended
version for experiment design). Figure 5 shows concepts and
symbols generated using Concet-RuleNet and Symbol-LLM
on the UCMerced Satellite dataset.

Ablation Study
Impact of Visual Concepts. We conduct an extensive abla-
tion study by providing visual concepts as a context in each
stage of the symbol generation and entailment process. Vi-
sual context improves each stage of Concept-RuleNet for the
UC-Merced dataset, highlighting its usefulness.
Impact of hyperparameters. We further report the impact
of λ, which controls the impact of System-2 reasoning on the
final output and the initial number of images used for visual
concept extraction in Table 5. We observe that too high or
too low λ degrades performance. Similarly, considering too
many images is detrimental due to overfitting on obscure,
irrelevant concepts.

Method λ # of images
0.3 0.7 0.9 50 90

Symbol-LLM 44.00 48.00 38.66 48.00* 48.00*
Concept-RuleNet 49.33 57.33 48.00 57.33 56.28

Table 5: Ablation Study on the impact of hyperparameter λ
and number of images used for visual concept extraction. (*)
implies no training images are utilized.

Complexity analysis. The time complexity of visual con-
cept extraction depends on the number of images selected.
Assuming the number of images is n and the number of
classes is c, the time complexity is given as O(nc). No other
change in complexity between CRN and S-LLM.

Visual Concepts:
1. Grid-like pattern of buildings: 
satellite view of a residential area, 
and one of the most prominent 
features is grid-like pattern. 
2. Shadows cast by the buildings. 

Symbols:
"Multiple cars parked on street": 0,
"Rows of closely spaced houses":1,
"Shared sidewalks/pathways": 2,
"houses are built on small lots.": 3,

Rules:
1. "Rows of close space houses", 

"small lots.":0.95
2. "Small front yards with minimal 

space", "urban environ.":0.93
3. "Shared sidewalk paths","urban 

environment.": 0.93

Concept-RuleNet Symbol-LLM
Symbols:
 "Close-packed apartments": 0,
"Multiple parked cars on the street": 1,
"Nearby playground or community 
area": 2,
"Sidewalks lined with pedestrians": 3,
"Small yards with limited space": 4,
"presence of multiple houses 
apartment buildings": 5,
"high demand for housing.": 6,
"high urban population.": 7,
  
Rules:
1. {"Close-packed apartment 

buildings",  "high urban 
population} : 0.95

2. { "Multiple parked cars on the 
street", "streets are lined with 
homes."} : 0.95

3. {"high demand for housing.",  
"high urban population."}: 0.95

Figure 5: (LEFT) Concept-RuleNet generated visual con-
cepts, symbols, and rules. (RIGHT) Symbol-LLM gener-
ated symbols and rules for the ‘denseresidential’ class in
the satellite dataset. We observe that Symbol-LLM outputs
multiple symbols with high probability of being presented
(represented as bold numbers in the rules), but which are
non-representative of the task - classifying ‘denseresiden-
tial’. E.g. ‘high-demand for housing’ is irrelevant.

Conclusion
In this paper, we propose Concept-RuleNet, a novel image-
conditioned neurosymbolic reasoning framework designed
to improve image classification performance. By lever-
aging both target labels and training images to generate
grounded and representative symbols, our approach effec-
tively mitigates the issues of hallucination and dataset leak-
age that have limited prior methods relying solely on label-
conditioned symbol generation. The empirical evaluations
across a diverse set of benchmark datasets demonstrate
Concept-RuleNet’s superior performance. Furthermore, we
introduced Concept-RuleNet++, an extension that incorpo-
rates counterfactual symbols into the logical rule formation
process. Overall, our work underscores the importance of
integrating visual context into the neurosymbolic reasoning
process and opens up promising avenues for future research.
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