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Abstract

Although Vision Language Models (VLMs) have shown gen-
eralization in medical imaging, pathology presents unique
challenges due to ultra-high resolution, complex tissue struc-
tures, and nuanced semantics. These factors make pathology
VLMs prone to hallucinations, i.e., generating outputs incon-
sistent with visual evidence, which undermines clinical trust.
Existing RAG approaches in this domain largely depend on
text-based knowledge bases, limiting their ability to leverage
diagnostic visual cues. To address this, we propose Patho-
AgenticRAG, a multimodal RAG framework with a database
built on page-level embeddings from authoritative pathology
textbooks. Unlike traditional text-only retrieval systems, it
supports joint text—image search, enabling retrieval of text-
book pages that contain both the queried text and relevant
visual cues, thus avoiding the loss of critical image-based in-
formation. Patho-AgenticRAG also supports reasoning, task
decomposition, and multi-turn search interactions, improv-
ing accuracy in complex diagnostic scenarios. Experiments
show that Patho-AgenticRAG significantly outperforms ex-
isting multimodal models in complex pathology tasks like
multiple-choice diagnosis and visual question answering.

Code —
https://github.com/Wenchuan-Zhang/Patho- AgenticRAG

Extended version — https://arxiv.org/abs/2508.02258

1 Introduction

With the continuous development of large-scale vision-
language models (VLMs), multimodal learning has made
breakthrough progress in many fields such as natural im-
age understanding, image-text generation, and medical im-
age analysis. Compared with other medical images (such as
X-rays, CT, and MRI), pathological images, with their ultra-
high resolution, fine-grained structure, and complex seman-
tic relationships, have put forward higher requirements on
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the perception, reasoning, and factual consistency capabili-
ties of the model.

In recent years, many studies have introduced VLMs
into digital pathology tasks, such as diagnostic assistance
(Chen et al. 2025a), risk stratification (Liu et al. 2025),
and question-answering systems (Lu et al. 2024). However,
existing pathology VLMs face challenges like hallucina-
tions and lack of structured semantic control in retrieval
mechanisms, particularly in tasks requiring factual support
and traceable evidence. Building a reliable, multimodally
pathology VLM with consistency assurance is a key issue.
While Retrieval-Augmented Generation (RAG) has been ap-
plied to medical multimodal tasks to enhance the accuracy
and credibility of medical reasoning, limitations remain in
pathological image analysis. MMed-RAG proposed a gen-
eral multimodal medical RAG system (Xia et al. 2025), but
its image vector library lacks fine-grained annotation for or-
gan or tissue systems, categorizing only by imaging modal-
ity (e.g., CT, X-ray). Some studies rely solely on text re-
trieval, ignoring the crucial role of images in supporting
VLM reasoning, especially in image-text consistency and vi-
sual evidence scenarios (Jabal et al. 2024; Cheetirala et al.
2025). Methods such as MedRAG and Medical Graph RAG
introduce complex reasoning guided by knowledge graphs
but suffer from complicated design, lack of scalability, and
poor adaptation to clinical tasks (Zhao et al. 2025; Wu et al.
2024). The RAG module in Liu et al. also struggles with in-
sufficient instruction-following, hindering stable knowledge
extraction (Liu et al. 2023). This study aims to build an intel-
ligent retrieval augmented generation framework for pathol-
ogy VLMs, to improve the credibility and interpretability
of the model in complex question-answering and reasoning
tasks.

Our method focuses on three dimensions: multimodal
knowledge retrieval, intelligent planning capabilities, and
adaptability to pathology scenarios. Unlike previous RAG
framework based on static prompts or text retrieval, Patho-
AgenticRAG introduces a multimodal image-text retrieval
module and an agent mechanism with planning capabili-
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Figure 1: Knowledge Base Construction and Agent Training Method in the Patho-AgenticRAG

ties, which enables the model to more effectively retrieve decision-making and reliable tool coordination.

target images and corresponding knowledge content from

the structured pathology knowledge base, and to reasonably 2 Related Work

integ'rate anfi reason. We also incorporate a reinforcement 2.1 Multimodal Agentic RAG

earning optimization strategy to make the agent more robust

and generalizable in the complex and uncertain question- Retrieval-Augmented Generation enhances large language

answering environment (see Figure 1). The main contribu- models by integrating external knowledge to improve com-

tions are summarized as follows: pleteness and factual accuracy (Lewis et al. 2020; Huang

. . et al. 2025). Traditional RAG systems—such as Na”ive

* We proposed a novel Multimodal Retrieval Mech- RAG (Zhai et al. 2023; Lee et A 2024) and Advanced

anism that combines multimodal (image-text) vector RAG (Yu et al. 2024; Cho et al. 2024)—follow a fixed

space modeling with a tissue-aware retrieval strategy.
This significantly improves the recall rate of the target
knowledge fragment while ensuring accuracy, provid-
ing a guarantee for fine-grained knowledge alignment in
pathology diagnosis tasks.

“retrieve-then-read” pipeline that works for simple queries
but falls short on tasks requiring multi-step reasoning, adap-
tive retrieval, or tool use (Singh et al. 2025). Agentic
RAG advances this paradigm by introducing autonomous
agents (Gao et al. 2023) that can plan retrieval (Joshi

e We built a planning-capable intelligent agent within et al. 2024), call tools (Chen et al. 2025b), refine outputs
the Agentic RAG system, which autonomously plans (Ravuru, Sakhinana, and Runkana 2024), and collaborate
multi-round retrieval and reasoning trajectories in re- across roles or modalities (Wang et al. 2025; Jin et al. 2025;
sponse to complex natural language pathology questions. Wu et al. 2025). However, in the medical domain, studies
It dynamically invokes relevant multimodal knowledge have largely centered on text or structured data (Thakrar,
and effectively supports long-term dependency modeling Basavatia, and Daftardar 2025; Zeggai et al. 2025), over-
and multi-hop reasoning in diagnostic tasks. looking the rich diagnostic information embedded in medi-

« We proposed a Tool-Integrated Reasoning training cal images—especially in visually driven fields like pathol-
paradigm tailored for medical diagnostics, built upon ogy, where tissue morphology, staining patterns, and spatial
GRPO. This paradigm enables the agent to make fine- structures are essential.

grained decisions, such as whether to invoke retrieval,
how to reformulate questions, and how to assign do-

2.2 Reinforcement Learning for Medical VLMs

mainspecific tools or classifiers within complex pathol- Reinforcement learning (RL) offers a promising way to align
ogy question answering scenarios. It addresses the high- VLM outputs with clinical accuracy requirements, particu-
stakes nature of medical reasoning by promoting robust larly in high-risk settings where hallucinations can be harm-
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ful (Zhang et al. 2025). A key challenge is maintaining fac-
tual consistency between visual evidence and textual out-
puts (Sun et al. 2025; Chen et al. 2024). Direct end-to-end
RL for large VLMs, however, is impractical due to lim-
ited high-quality physician-annotated rewards (Pham and
Ngo 2025), training instability, and poor interpretability of
learned behaviors (Zhu et al. 2025). Recent work instead
adopts agent-centric approaches, applying RL to external
agents rather than model parameters. These agents optimize
decision-making—such as formulating better queries, vali-
dating responses, or selecting external knowledge (Xia et al.
2025; Jin et al. 2025; Wu et al. 2025)—providing safer, more
transparent, and more controllable optimization.

3 Methodology
3.1 Overall Framework

The overall architecture adopts a modular design and con-
tains four main components. 1. Multimodal pathology
knowledge base: This is a specialized vector database con-
taining a rich collection of pathology textbook pages. It
acts as an external storage for agent queries to collect rel-
evant evidence, such as images of similar cases and their
corresponding diagnostic descriptions; 2. Intelligent agentic
router: This is the central processing unit of our framework.
It accepts the initial diagnosis query, decomposes it into log-
ically sequential subtasks, and plans; 3. VRAG Agent (Chen
et al. 2025b): This module supports multi-turn retrieval and
summarization. It interacts with the knowledge base and dis-
tills the returned textbook images into concise, useful in-
formation. 4. Core vision language model (inference en-
gine) (Zhang et al. 2025): We use the pretrained pathol-
ogy VLM as the basic inference engine. With the contextual
summaries provided by the VRAG agent, it performs infer-
ence to address the diagnostic query.

3.2 Construction of a Multimodal Pathology
Knowledge Base

To support retrieval-augmented reasoning in pathology, we
construct a high-quality multimodal knowledge base that
integrates authoritative textual and visual information. We
curated a large corpus by collecting over 600 authoritative
pathology textbooks—approximately 300,000 pages in to-
tal and, after removing irrelevant content, retained more
than 200,000 high-quality pages, which were converted into
image-based samples for diagnostic relevance. Using the
ColQwen2 model (Faysse et al. 2025), we embed image-
text pairs into a unified vector space that captures both
visual and semantic signals. The embeddings are indexed
with the HNSW algorithm (Malkov and Yashunin 2018) and
stored in Milvus (Wang et al. 2021) to support efficient high-
dimensional retrieval during reasoning. Full construction de-
tails are provided in Appendix A.

3.3 Multimodal Fusion

Method Let S, € RV:*Na denote the text—document sim-
ilarity matrix and S, € RV»>*¥¢ the image—document simi-
larity matrix, where NV, is the number of text tokens, N, the
number of image patches, and /N4 the number of document
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tokens. These two modalities are fused by the following ex-
pression:

std(std(S;[i,])) x [mean(k(Sy[i, :]))]?

. ) 1
xmean (r(S,[4,:])) + mean(max(S[i,:])),

where k(S¢[4, :]) denotes the kurtosis of the similarity scores
between all document tokens and text token ¢, and x(.S,[Z, :])
denotes the kurtosis of the similarity scores between all doc-
ument tokens and image patch ¢. The first term captures how
the standard deviation std(-) and kurtosis (-) reflect the
variation of similarity scores across tokens or image patches
with respect to the database document, represented as rows
in S; or S,. This encourages the retrieval results to have dif-
ferent importance for various tokens in the document, in-
dexed by 7 = 1,..., N4. The reason for this is, in practice,
only a portion of a page is typically relevant to the database
document, meaning only some j-th elements in S;[i, j] or
Syi, j] contribute meaningfully. When all parts of a docu-
ment exhibit high responsiveness, resulting in a low standard
deviation, this may indicate a noisy document with problem-
atic embeddings, which should be deprioritized. The sec-
ond term, mean(max(Sy[i,:])), as in CoPaLi (Faysse et al.
2025), quantifies the maximum relevance max(S[i,:]) of
each token to any token in the document.

It is important to note that the similarity matrix of the
image modality with respect to the document embedding,
ie, S, € RY*Na_ s used only to calculate the kurto-
sis k(Syi,:]), and the average similarity information from
the image modality, such as mean(S,[i, :]), is not incorpo-
rated. This design emphasizes attention to the most relevant
portions of a page, identified via large values of k(S,,:]).
When a token or patch shows high similarity to all parts of
a document, it is treated as a noisy retrieval result and is as-
signed a lower score during re-ranking.

Explanation To intuitively understand how Equation (1)
influences the re-ranking process, we present the similar-
ity matrices of the first- and second-ranked documents with
respect to the query text embedding and image embed-
ding in Figure 3. As shown in Figure 3, the second-ranked
document exhibits a more uniform similarity, or attention,
across the tokens of the document embedding. In contrast,
the first-ranked document demonstrates more concentrated
and higher similarity on fewer tokens of the document em-
bedding. In this case, the high similarity of the first-ranked
document to the query is meaningful, as it is caused by fo-
cused attention on the most informative tokens. On the other
hand, the high similarity of the second-ranked document to
the query results from more diffuse attention, likely caused
by noise. Thus, although the second-ranked feature initially
has the highest text similarity in the retrieval process, after
re-ranking by the fusion formula, it drops to second place,
while the original second-ranked document is promoted to
the top rank due to its combination of high similarity and
concentrated attention.
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Figure 2: An illustration of the multi-turn retrieval and summarization process.

3.4 Agentic Diagnostic Workflow with the expected similarity to a ground-truth decision path Py
Multimodal Evidence Tracing maxEp. o,y [Rinal (P, Pat)] @)

Our system employs a multi-agent workflow that trans- T

forms diagnostic queries into evidence-based conclusions. The hierarchical reward Rg,, compares the generated path

The Agentic Router module parses the query, breaks it to the target path step by step (see Algorithm 1). The agent

down into sub-tasks for each diagnostic candidate, and cre- performs a sequence of decisions to construct the path:

ates a high-level retrieval plan. It delegates the retrieval and « Decision 1: Whether to invoke RAG?

evidence aggregation to the VRAG Agent, which performs
a multi-turn retrieval process on the multimodal knowl-
edge base. Initially, it conducts text-based retrieval with
candidate-specific keywords, then re-ranks the results based
on image-text similarity. Through iterative evidence refine-

— Path A (No RAG Invocation): If the agent decides
False, the decision process terminates. This is for
simple queries that can be answered without external
knowledge. Final path: {rag : False}

ment, as shown in Figure 2, the agent constructs a structured — Path B (Invoke RAG): If True, proceed to the next

prompt containing the top visual evidence for each candi- decision.

date. This prompt is passed to a vision-language model, * Decision 2: How to decompose the task? (Only applies

which performs contrastive reasoning to generate a diagno- if RAG is invoked)

sis and evidence-supported report. Further details are in Ap- The agent may choose to rewrite the query one or more

pendix B. times to better surface its core semantics and improve
retrieval quality. This is not a mechanical rewriting pro-

3.5 Tool Integrated RL for Agentic Router cess, but a targeted transformation to better align with the

retrieval engine.

* Decision 3: Whether to use a tissue-specific classifier?
(Only applies if RAG is invoked)
The agent decides whether to enable a classifier to restrict
retrieval to a relevant knowledge partition.

Traditional RAG systems are static and don’t adapt to query
complexity. To address this, we introduce a reinforcement
learning framework that allows an agent to learn dynamic
routing strategies (Qian et al. 2025). The agent’s task is to
generate a decision path specifying whether and how to call
the RAG system. Formally, given an input query Qorg, the — Path B.1 (Global Retrieval): If False, RAG
agent’s policy 7 outputs a path P, optimized to maximize retrieves documents from the full corpus. Fi-
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Figure 3: Illustration of the reranking process utilizing
modality fusion.

nal path: {rag True, rewrite_count
n,classifier:False}

— Path B.2 (Classifier-Based Retrieval): If True, pro-
ceed to the next decision.

* Decision 4: Whether the classifier assigns the query

to the correct partition? (Only applies if a classifier is
enabled)
The agent selects a classifier from the available set
{C1,...,Cy} and attempts to assign the query to
the correct partition. The effectiveness of this deci-
sion depends on both the selection of the classifier
and the correctness of the classification. Final path:
{rag : True,rewrite_count : n,classifier :
True,partition:Cj}

RL Training with GRPO We use the GRPO algo-
rithm (Shao et al. 2024) to train the policy 7. For each query
Qorig» the agent generates multiple decision paths:

GQ :{(Pl,’l"1),(P2,T2),...,(Pn,’l"n>} (3)

where each P; is a complete decision path and r; is its corre-
sponding reward score r; € [0,4] based on the hierarchical

Algorithm 1: Hierarchical Reward Computation

Require: Agent path P, Ground Truth Py

I: Rfpa <0

2: if P.rag # Py.rag then

3: return R, > Incorrect Decision 1

4: end if

5: if Py.rag = False then

6: Rppa <+ 4 > Correct Decision 1 (Path A)

7: else

8: Rppa < 1 > Correct Decision 1 (Path B)

9: if Prewrite_count = PFPy.rewrite_count
then

10: Rpnal < Rfina + 1 > Correct Decision 2

11: end if

12: if Pclassifier = Py.classifier then

13: if P.classifier = False then

14: Rnal < Rfina + 2 > Correct Decision 3
(Path B.1)

15: else

16: Renal + Rpna + 1 > Correct Decision 3
(Path B.2)

17: if Ppartition = Py.partition then

18: Rgna ¢ Rfina + 1 > Correct Decision 4

19: end if

20: end if

21: end if

22: end if

23: return R,

reward function. We normalize the rewards within the group
to compute the advantage function A;(P; | Q):

i HQ
AP Q) =Tt @
where (1o and o¢ are the mean and standard deviation of
rewards within group G, and 7 is a small constant for nu-
merical stability.

To update the policy, we apply the GRPO objective, which
extends PPO by group-wise normalized advantages and KL
regularization with a reference model. Specifically, for each
group of outputs {0; }$_;, from the same query, we optimize:

[oi]

1 1
Jareo(0) = By p(@), {0}, ~ra,, (Ola) [G Z Tod]

=1 t=1

. ( 770(0i,t | Q70i,<t) 2

min it
T O01a (Ol}t | q, Oi,<t)

clip( 70(0it | Q,Oi,<t))71 e +€> flu)

T4 (Ol}t | q,0i,<t

Tret(0it | q;Oi,<t)):| )

Here, Ai,t is the advantage at step ¢ within each output,
computed relative to other outputs for the same query. This
group-wise comparison helps the agent learn from relative
improvements, leading to more effective decision-making in
complex reasoning paths. See Appendix C for details.

— BDkL (We(oz‘,t ‘ q, 0i,<t)



Method Rec@l Rec@5 MRR@I MRR@5 MRR@20 NDCG@I NDCG@5 NDCG@20
CoPaLi (Text) 0.640 (2) 0.900 (1) 0.640 (2) 0.734(2) 0.736(2) 0.740(2) 0.804(2) _ 0.796 (2)
CoPaLi (Image) 0.060 (3) 0.220 (3) 0.060(3) 0.112(3) 0.170(3) 0.080(3) 0.174(3)  0.359 (3)
WeiMoCIR 0.060 (3) 0.200 (4) 0.060(3) 0.102(4) 0.158(4) 0.080(3) 0.163(4)  0.342 (4)
Patho-Fusion (ours) 0.720 (1) 0.880(2) 0.720 (1) 0.777(1) 0.784(1) 0.820(1) 0.824(1)  0.827 (1)

Table 1: Comparison of retrieval methods. Numbers in parentheses denote rank.

4 Experiments
4.1 Multimodal Fusion

Baseline Methods For baseline comparisons, we evaluate
the proposed method against CoPaLi (Faysse et al. 2025)
and Weighted Modality Fusion and Similarity for Composed
Image Retrieval (WeiMoCIR) (Wu, Lin, and Yang 2024).

* For CoPaLi (Faysse et al. 2025), which supports only a
single modality, we apply retrieval separately for each
modality. The scoring function is

<EQ(z)a Ed(])>7 (6)

ooy NG

where E, is either E; or EJ, so Ny = Ny or N, = N,,,
and (-, -) denotes the inner product. Each query embed-
ding E, () is matched to the most relevant document em-
bedding F4(j), where j = 1, ..., Ny, and the results are
aggregated over all query tokens or patches.

In WeiMoClIR, the query embedding is computed as
(7N

where e, = mean(E,(7,:)) is the average vision em-
bedding over all patches ¢ = 1,...,N,, and e,
mean(E,(7,:)) is the average text embedding over all to-
kens i = 1,..., NV;. The parameter o« = 0.1 represents
the weighting coefficient for the text modality. The final
similarity score between the query and a database docu-
ment is computed using the inner product as

q=(1-a) e, +a-e

Na

> (a, eay),

j=1

1

N, ®)

where eg ; is the j-th token embedding of the document.

Dataset and Evaluation Protocol The dataset consists of
100 pairs of images, questions, and answers curated by do-
main experts. We randomly split the dataset, using 50% for
training and 50% for testing. The modality fusion function
is optimized only on the training data to prevent potential
data leakage. All modality fusion methods are evaluated on
the test set, and recall, mean reciprocal rank (MRR), and
normalized discounted cumulative gain (NDCG) metrics are
reported.

Experimental Results The experimental results are
shown in Table 1. Recall@20 is omitted since there are only
20 results in the re-ranking stage and the Recall @20 is iden-
tical for all algorithms. The results demonstrate a clear ad-
vantage for the proposed modality fusion method over the
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baseline approaches. While using only the text modality
for retrieval can already achieve good performance, the re-
trieval results remain suboptimal without the proposed fu-
sion strategy in Equation (1). Methods using only the image
modality or WeiMoCIR perform worse than the proposed fu-
sion by a significant margin. This is primarily because both
heavily rely on the image modality for retrieval, whereas
pathology images require strong domain expertise to inter-
pret and general-purpose embedding methods may not pro-
vide optimal representations for this task. Although WeiMo-
CIR achieves strong results on general retrieval benchmarks,
it underperforms in the medical multimodal retrieval setting.
Overall, these findings demonstrate that general multimodal
fusion strategies are not sufficient for the pathology domain
and the specifically designed fusion mechanism proposed
here offers superior effectiveness.

4.2 Patho-AgenticRAG Evaluation Results

Ablation Analysis We conducted three main ablation
studies to investigate the necessity and data proportion of
SFT before GRPO. The results show that skipping SFT
leads to poor convergence during GRPO. However, perform-
ing SFT with a large amount of data causes the model to
lack generalizable capabilities and exhibit rigid output pat-
terns. Therefore, using a small amount of SFT data as a
cold start before GRPO is the optimal strategy. Notably,
adopting a lightweight SFT phase (e.g., SFT400) before
GRPO achieves the best overall balance. This setting con-
sistently outperforms both the "no-SFT” and large-SFT”
baselines across multiple datasets. For example, on the Path-
VQA benchmark, using SFT400+GRPO4k improves per-
formance from 77.51% (GRPO4k only) to 80.34%. Simi-
larly, on the Quilt-VQA dataset, performance improves from
60.93% (GRPO4k) to 75.80%, a +14.87% increase, indi-
cating that a small amount of supervised guidance before
preference optimization significantly enhances model capa-
bility. These results suggest that SFT400 provides an effec-
tive “cold start” that guides the policy initialization without
compromising flexibility or generalization, as shown by Fig-
ure 4.

Close-Ended Benchmarks Results Closed-ended ques-
tions play a crucial role in pathology-related tasks, partic-
ularly in diagnostic classification. To evaluate model perfor-
mance on such tasks, we consider two types of close-ended
question datasets: (1) Yes/No questions, selected from Path-
VQA and Quilt-VQA; and (2) multiple-choice questions,
sourced from PathMMU (Sun et al. 2024), MedXpertQA
(Zuo et al. 2025), and OmniMedVQA (Hu et al. 2024).

The results on close-ended benchmarks are summa-
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Figure 4: Ablation study results across multiple medical QA datasets.
Model PathMMU-test PathMMU-test-tiny
Atlas EduContent PathCLS PubMed SocialPath Atlas EduContent PathCLS PubMed SocialPath
InternVL2-8B 43.68 44.86 2377  44.56 4540 46.63 50.59 21.47 49.11 51.38
InternVL2.5-8B 50.06 50.62 32.84  50.02 50.87 51.44 50.59 29.38 55.87 57.80
InternVL3-8B 54.07 50.80 39.09 54.04 53.32  58.17 54.90 42.94 57.65 60.55
Llama-3.2-11B-VI 41.05 37.49 26.72 38.82 39.21 45.19 38.04 29.38 39.50 41.74
Llama-3.2V-11B-cot 51.81 4545 30.76  48.15 46.10 49.04  47.06 29.94 53.38 45.41
LLaVA-Onevision-7B 21.65 21.27 12.01 27.77 21.25 31.25 21.18 13.56 31.32 18.35
Qwen2.5VL-7B 41.18 43.20 24.82  42.77 39.67 44.23 49.41 24.86  44.84 40.83
Patho-R1-7B 75.34 66.43 4540  66.06 67.93 81.73 75.29 44.63 72.24 67.89
Patho-AgenticRAG  78.32 70.96 53.16 69.69 71.06 79.33 76.47 5722 72.24 74.70

Table 2: Comparison of model performance across multiple tasks. The left group shows results on PathMMU-test, and the
right group on PathMMU-test-tiny. Best and second-best performances are bolded and underlined respectively.

Model YorN  MedXpert OmniMed
Quilt Path Path Bright
InternVL2-8B 60.56 61.36  10.00 40.56
InternVL2.5-8B 60.06 64.78  22.22 49.78
InternVL3-8B 33.82 18.56  15.56 65.28
Llama-3.2-11B-VI ~ 63.27 63.50 13.33 47.08
Llama-3.2V-11B-cot 54.81 56.42 21.11 54.83
LLaVA-Onevision-7B 24.20 52.38  16.67 31.46
Qwen2.5VL-7B 52.19 41.82 1222 43.60
Patho-R1-7B 64.72 46.97  22.00 70.79
Patho-AgenticRAG 75.80 80.34  60.00 90.11

Table 3: Performance comparison on Quilt-VQA,
Path-VQA, MedXpert, and OmniMed.

rized in Tables 2 and 3. Patho-AgenticRAG achieves the
best overall performance across most tasks, significantly
outperforming both general-purpose vision-language mod-
els (e.g., InternVL3, Qwen2.5VL) and domain-specialized
baselines such as Patho-R1-7B (Zhang et al. 2025). Specif-
ically, Patho-AgenticRAG achieves +13.37% improvement
on Quilt-VQA (75.80% vs. 64.72%) and +38.00% on
MedXpertQA (60.00% vs. 22.00%) over Patho-R1. The
largest margin appears on MedXpertQA, highlighting the
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importance of retrieval-augmented reasoning in knowledge-
intensive tasks. On OmniMedVQA Bright Challenge, the
model improves from 70.79% (Patho-R1) to 90.11%, a
+19.32% increase, demonstrating substantial gains in both
generalization and diagnostic precision. Details are in Ap-
pendix D.

5 Conclusion

We proposed Patho-AgenticRAG, a novel multimodal
retrieval-augmented generation framework tailored for
pathology diagnosis. By leveraging intelligent agents for dy-
namic querying of image-based vector databases, as well
as employing task decomposition, query planning, and ev-
idence aggregation, our approach significantly enhances the
reasoning capabilities of vision-language models in pathol-
ogy tasks. Our framework addresses the critical issue of
hallucination in pathology diagnosis by promoting knowl-
edge alignment, supporting evidence-based reasoning, and
improving factual consistency in generated outputs. Patho-
AgenticRAG demonstrates significant improvements over
existing state-of-the-art multimodal models in key metrics,
including answer precision and evidence traceability, rep-
resenting a notable advancement in the integration of image
content and reasoning for real-world pathology applications.
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