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Abstract. Analyzing whole-slide pathology images (WSIs) requires an
iterative, evidence-driven reasoning process that parallels how pathol-
ogists dynamically zoom, refocus, and self-correct while collecting ev-
idence. However, existing computational pipelines often lack this rea-
soning trajectory, resulting in opaque and unjustifiable predictions. To
bridge this gap, we present PathAgent, a training-free, large language
model (LLM)-based agent framework that emulates the reflective, step-
wise analytical approach of human experts. PathAgent can autonomously
explore WSIs, iteratively and precisely locating significant micro-regions
using the Navigator module, extracting morphological visual cues using
the Perceptor, and integrating these findings into the continuously evolv-
ing natural language trajectories in the Executor. The entire sequence
of observations and decisions forms a structured evidence trajectory,
yielding traceable and evidence-grounded analyses. Evaluated across five
challenging datasets spanning both whole-slide and patch-level settings,
PathAgent exhibits strong zero-shot generalization and achieves perfor-
mance comparable to human experts, surpassing task-specific baselines
across diverse pathology tasks, including molecular subtype classifica-
tion, histological grading and tumor type diagnosis. Human collaborative
evaluations demonstrate that PathAgent produces diagnostic decisions
highly consistent with expert-selected regions. These results demonstrate
that PathAgent enables interpretable and clinically grounded WSI analy-
sis. The code is available at https://github.com/G14nTDo4/PathAgent.

Keywords: Computational Pathology · Large Language Model · Visual
Question Answering · Agentic System

1 Introduction

Analyzing whole-slide pathology images (WSIs), which span up to 100k × 100k
pixels, poses a significant challenge in computational pathology (CPath). Ideal
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Fig. 1: Illustration of current multi-modal CPath models. (a) CLIP-style models are
bound by pre-defined captioning templates. (b) VLMs are constrained by a limited
receptive field. (c) Patch-aggregated LLMs lack traceable intermediate evidence. (d)
PathAgent emulates the reflective, stepwise thinking of pathologists while performing
analysis.

models must demonstrate three key abilities: identifying sparse diagnostic clues,
navigating gigapixel-scale images, and reasoning across a continuously shift-
ing field of view. Despite the emergence of numerous studies, these methods
[4, 6, 7, 22, 25, 38, 42–44, 48] struggle to handle all three aspects simultaneously
(Fig. 1). Specifically, CLIP-style visual-text alignment models [27, 33], such as
PLIP [15], CPath-CLIP [30], demonstrate proficiency in retrieving relevant slide
regions based on text queries; however, their dependency on static, pre-defined
templates inherently limits their scalability. Visual-language models (VLMs),
such as Patho-R1 [49] and PathReasoner-R1 [16], advance the field by generat-
ing open-ended descriptions. Yet, the vast pixel volume of WSIs rapidly saturates
VLM context windows, necessitating compromises such as low-resolution thumb-
nails or patches that sacrifice crucial global context [1, 12, 17, 21, 28, 46]. Large
language models (LLMs) possess exceptional capabilities for long-form reasoning
and report generation. Nevertheless, in the field of pathology, their effectiveness
is limited by an inherent lack of visual grounding, i.e., without direct access to
morphological features from images. Although systems like SlideChat [8] and
WSI-LLaVA [18] introduce a slide encoder to bridge visual inputs with LLM-
driven text generation, they suffer from the lack of traceable evidence to validate
their diagnostic reasoning. Moreover, despite exhibiting impressive task-specific
capabilities, the incompatible architectures and inference processes of these mod-
els hinder the synthesis of their respective advantages.

Pathological analysis is fundamentally a goal-driven, iterative reasoning pro-
cess. This workflow begins with a low-magnification survey of the WSI to retrieve
initial regions of interest (RoIs). Subsequent steps involve progressively refined
focus and targeted evidence retrieval at appropriate magnifications, guided by
the specific diagnostic query. This cycle continues until diagnostic sufficiency is
attained, allowing for the final biomedical conclusion. The distinctiveness of this
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workflow from existing monolithic computational models [6, 8, 18] underscores
the need for designing more scientifically rigorous and rational architectures.

Inspired by the above analysis, we propose a training-free, LLM-based agent
framework, termed PathAgent, which is motivated by the iterative inspection
workflow of pathologists. Specifically, we design a Navigator for RoI selection,
a Perceptor for extracting morphological characteristics, and an Executor, the
core of PathAgent, to provide guidelines and analytic logic in each iteration
with Multi-Step Reasoning. The collaborative operation of these components
generates traceable decisions and interpretable results for WSI analysis. Our
contributions can be summarized in three aspects. (1) Dynamic Analytic Logic:
We replace single-step reasoning with Multi-Step Reasoning in the Executor.
This mechanism can construct analytic logic and dynamically provide guidelines
to retrieve task-relevant information. (2) Adaptive Magnification: PathAgent can
adaptively select an appropriate scale based on the analytic state, generating
more refined visual evidence. (3) Enhanced Evidence Retrieval: We improve the
accuracy of evidence capture by simplifying the query strategy of the Navigator.

We rigorously evaluated PathAgent on open-ended and closed-ended ques-
tions using five datasets. The experimental results demonstrate its superiority
over existing methods. Case studies further reveal that the Multi-Step Reason-
ing framework provides PathAgent with a logical and robust thought process
during analysis. Critically, by including pathologists in the reasoning process,
PathAgent achieves improved accuracy and efficiency, further highlighting its
scalability. In summary, PathAgent is the first training-free interactive agent
specifically designed for WSI analysis. By coordinating off-the-shelf pathology
models through an agent, it yields traceable decisions and competitive accuracy,
suggesting a pragmatic route of CPath.

2 Related Work

2.1 Multi-Modal Large Language Models in CPath

Recent advances in multi-modal large language models for CPath have demon-
strated significant potential in WSI analysis. CLIP-style models such as PLIP [15],
MUSK [42], CONCH [22], CPath-CLIP [30] and PathFLIP [20] excel at re-
trieving patches via visual-text alignment but lack generative capabilities for
traceable analytic logic. VLMs like Quilt-LLaVA [28] and Patho-R1 [49] address
this by integrating visual evidence into open-ended descriptions. However, con-
strained by limited context windows, these models can only process thumbnails
or local patches. To address this, SlideChat [8], WSI-LLaVA [18], and TITAN [9]
attempt patch-aggregated LLMs but still fall short in providing sufficient visu-
ally grounded reasoning and comprehensive diagnostic planning. Consequently,
while LLMs are increasingly adopted for holistic WSI analysis, their reasoning
remains grounded solely in textual data without direct visual evidence, limiting
trust and interpretability.
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Fig. 2: Overview of the proposed PathAgent. Given an input WSI, PathAgent iter-
atively collects visual evidence and aggregates key information to generate traceable
and evidence-grounded results. The process is completed by Navigator, Perceptor, and
Executor, where the Executor serves as the central module orchestrating all analytic
actions. “Mag” means magnification and “Loc” is the abbreviation for location.

2.2 Agentic Systems in CPath

To bridge this visual-grounding gap, the computer vision community has begun
exploring LLM-based agent systems that actively plan, observe, and reason over
visual inputs [10, 34, 37, 39–41, 50]. In CPath, early attempts integrate LLMs
with external tools for WSI analysis [11, 14, 23, 25, 29, 36, 44]. For instance, the
paradigm of Slideseek [5] and PathFinder [11] coordinates a Supervisor to plan
exploration, Explorers to scan suspicious regions, and a Reporter to synthe-
size findings into diagnostic reports, thereby enabling autonomous WSI analy-
sis. CPathAgent [31] mimics pathologists’ multi-scale analytic logic through a
three-stage training pipeline on navigation-reasoning instructions. Despite great
progress, existing CPath agents mostly rely on extensively curated training data
that is prohibitively expensive to acquire. Moreover, the majority of these ap-
proaches have not been open-sourced, which limits reproducibility and broader
adoption. PathAgent addresses these challenges as a training-free agent that
constructs a structured evidence trajectory, enabling traceable and evidence-
grounded WSI analysis.

3 Methodology

We model the analytic process as a sequential, agentic workflow that mimics
pathologists. As shown in Fig. 2, the workflow involves four steps implemented
with three key components: (1) Navigator, a CLIP-based model, retrieves RoIs;
(2) Perceptor, a CPath VLM, generates morphological descriptions; (3) Execu-
tor, as the core of the system, uses an LLM to provide guidelines, i.e., adjusting
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Fig. 3: Inference details of the Executor in PathAgent. The Executor executes answer
prediction, self-reflection, and missing information exploration (if necessary) sequen-
tially, providing guidelines for the entire analysis process. The mean runtime for each
stage is shown in the red box below.

magnification for details or retrieving new RoIs using text queries (if necessary);
and (4) the Executor integrates accumulated evidence to produce traceable and
evidence-grounded analyses. Formally, the process is defined as a sequential tra-
jectory represented by the analytic states (St), actions (At), and question-related
visual findings (Xt): {(St, At, Xt)|1 ≤ t ≤ T}. Here, T denotes the maximum
iteration budget, and the actual number of iterations is determined by the Ex-
ecutor through self-reflection. The following parts introduce each step in detail.

3.1 Obtaining Initial Analytic State

Given an input WSI and the targeted question q, the image is first decomposed
into a set of downsampled patch instances X = {xi}Ni=1, where N denotes the
total number of patches. For a single-query analysis, providing the textual de-
scriptions of all the patches to the Executor at once is computationally and
functionally infeasible. This would exceed the maximum context length of the
Executor and bring redundant or interfering information. To address this, we de-
sign a Navigator module to filter and prioritize regions. Specifically, this module
calculates the relevance score, r1i , between the visual embedding of each patch
xi and the question q, enabling the selection of the most relevant regions in the
first analytic iteration. Based on the relevance scores given by the Navigator, we
can select the top k1 most relevant patches and define the initial question-related
visual findings X1:

X1 = {xi|i ∈ Topk1
({r1i }Ni=1)}. (1)

Next, each patch in X1 together with a prompt “Please describe the pathol-
ogy features in this image.” is fed into the Perceptor to generate an initial mor-
phological description Des(xi). Formally, the initial analytic state S1 can be
represented as follows:

S1 = {(M1, Loc(xi), Des(xi)) | xi ∈ X1}, (2)
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where M1 represents the magnification scale of patches in the initial analytic
iteration, Loc(xi) and Des(xi) indicate the coordinates (upper left corner) and
textual description of the patch xi, respectively. In addition, the Perceptor gen-
erates question-guided supplementary descriptions for the top 5 patches with the
highest relevance scores. Specifically, the prompt: “Please describe the pathology
features related to the question: [QUESTION] in this image.” is fed into the
Perceptor, where [QUESTION] is substituted with the targeted question. This
procedure highlights desired morphological clues when constructing the analytic
state.

3.2 Deciding the Next Analytic Action

After initializing the analytic state S1, the analytic process proceeds iteratively,
where each iteration follows the same reasoning structure. We therefore illustrate
the general iteration process starting from iteration t. Given the current analytic
state St that stores information from all previously examined patches, three
possible actions At are available for the next iteration:

- Action 1: Exploring for Additional Evidence (Sec. 3.3). If the cur-
rent analytic state St is insufficient to answer the question, and a reflection
suggests that merely increasing the magnification level will not resolve the
missing information, the Executor identifies what additional evidence is re-
quired to address the issue and explore for visual findings in other unchecked
patches.

- Action 2: Zooming in for Finer Details (Sec. 3.4). If the current
analytic state St indicates that higher magnification is required to answer the
question, PathAgent conducts further examination at a higher magnification
level to obtain supplementary evidence before making the final prediction.

- Action 3: Concluding the Analysis (Sec. 3.5). If the current analytic
state St is sufficient to answer the question, PathAgent answers the question,
provides an evidence-grounded rationale, and terminates the iteration.

To decide among the three actions, the Executor performs Multi-Step Rea-
soning. It first estimates the answer from the analytic state St and the question
q, while generating reasoning logic as supporting evidence for its decision. Next,
the Executor reflects on the question to evaluate whether the evidence is suffi-
cient to support the estimated answer. Finally, we choose the action based on
the response. This process is illustrated in Fig. 3.

3.3 Exploring for Additional Evidence

When Action 1 is triggered, PathAgent collects new visual evidence to update
its analytic state St. The Executor is asked to provide guidelines on the required
information It. Since the evidence from previously analyzed regions is preserved
for the final analysis, the Navigator then retrieves missing information by com-
puting a relevance score rti for each patch xi in the unexamined regions, where
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Algorithm 1 PathAgent workflow
Require: Whole-slide image X, question q, Executor FE , Perceptor FP , Navigator

FN , max iteration T
Ensure: Prediction Ŷ , evidence-grounded rationale R, state-action-finding sequence
{(St, At, Xt)|1 ≤ t ≤ T}

1: X1 ← GuidedSample(FN , X, q)
2: S1 ← Describe(FP , X1)
3: for t = 1 to T do
4: Ŷt, R̂t ← PredictAnswer(FE , St, q)
5: C ← SelfReflect(FE , St, q, Ŷt, R̂t)
6: if C = Yes then
7: At = Action3
8: break
9: else

10: It, Z,Mt ← ExploreMissingInfo(FE , St, q)
11: if Z = Yes then
12: At = Action2
13: Xmag ← Magnify(Xt,Mt)
14: xmag ← GuidedSample(FN , Xmag, It)
15: St ← Merge(St,Describe(FP , xmag))
16: break
17: else
18: At = Action1
19: Xt+1 ← GuidedSample(FN , X, It)
20: St+1 ← Describe(FP , Xt+1)
21: end if
22: end if
23: end for
24: Ŷ , R← PredictAnswer(FE ,Merge(S1, . . . , St), q)
25: return Ŷ , R, {(St, At, Xt)|1 ≤ t ≤ T}

the relevance is measured between the visual embeddings and the instruction It.
After obtaining the relevance score rti , we can use the top kt relevant patches to
update the question-related visual findings Xt+1:

Xt+1 = {xi|i ∈ Topkt
({rti}xi∈X\

⋃t
k=1 Xk

)}. (3)

The coordinates of the selected patches and their corresponding descriptions are
utilized to update the analytic state:

St+1 = {(Mt+1, Loc(xi), Des(xi))|xi ∈ Xt+1}. (4)

3.4 Zooming in for Finer Details

When Action 2 is selected in iteration t, the patches Xt are further divided
according to the magnification level Mt specified by the Executor. Each region
is partitioned into non-overlapping finer patches, forming a new image set Xmag.

Considering that generating descriptions for all magnified patches at higher
magnification levels may introduce redundant information that interferes with
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Table 1: Zero-shot visual question answering comparisons between PathAgent and cur-
rent state-of-the-art methods on SlideBench-VQA (BCNB), WSI-VQA, and PathVQA
datasets. The best performance is in bold, while the second-best performance is
underlined. Differences from previous methods are in red by default.

Method (Input)
SlideBench-VQA (BCNB) WSI-VQA PathVQA

Tumor
Type

Receptor
Status

HER2
Expression

Histological
Grading

Molecular
Subtype Accuracy Accuracy Accuracy

General domain VLMs
Qwen3-VL (Thumbnail) 41.48 50.63 19.37 25.95 11.03 30.70 21.84 -
Qwen3-VL (Patch) 43.96 53.26 21.35 29.74 16.04 38.22 23.47 44.82
GPT-4o (Thumbnail) 0.00 0.00 0.00 0.00 0.00 0.00 11.05 -
GPT-4o (Patch) 34.69 59.32 23.95 28.63 23.15 38.94 27.57 46.59

Medical domain VLMs
LLaVA-Med (Thumbnail) 0.01 0.01 0.00 0.00 0.00 0.01 13.20 -
LLaVA-Med (Patch) 23.95 42.52 23.72 18.99 15.05 30.10 21.55 27.78
MedDr (Thumbnail) 28.92 48.08 20.65 29.96 23.88 35.48 43.69 -
MedDr (Patch) 45.46 40.44 22.73 30.28 15.49 33.67 45.42 29.35
Quilt-LLaVA (Thumbnail) 67.41 55.33 15.97 22.89 16.27 41.55 27.53 -
Quilt-LLaVA (Patch) 77.14 56.46 23.18 18.23 19.82 44.43 30.17 20.76

Patch-aggregated Methods
WSI-VQA (Slide) 3.90 40.82 10.53 30.00 0.00 23.35 46.90 33.59
SlideChat (Slide) 90.17 73.09 25.05 23.11 17.49 54.14 - 55.03
WSI-LLaVA (Slide) 85.32 60.89 24.75 46.28 29.20 52.68 54.63 54.97

Agentic Systems
GIANT (Slide) 57.37 42.55 14.79 48.52 26.63 44.97 47.05 -
PathAgent-offline 87.52 61.33 25.34 55.95 30.21 55.72 56.32 58.36
PathAgent-online 91.31(+1.14) 75.87(+2.78) 27.26(+2.21) 56.21(+9.93) 35.88(+6.68) 59.31(+5.17) 60.74(+6.11) 62.23(+7.20)

the final prediction, we utilize the Navigator for patch selection among Xmag.
Next, the Perceptor is applied to the selected patch xmag at the location Loc(xmag)
to generate a supplementary description Des(xmag). The above processes enable
PathAgent to collect question-relevant information. The analytic state St can be
updated as follows:

St = St ∪ {(Mt, Loc(xmag), Des(xmag))}, (5)

which is then fed into the Executor, where Action 3 produces the final answer.

3.5 Concluding the Analysis

When Action 3 is selected in iteration t, the Executor integrates the analytic
states from all iterations (S1, . . . , St−1) together with the accumulated reasoning
traces. Before generating the final answer, the Executor summarizes the accumu-
lated analytic states when the textual context becomes excessively long, retain-
ing only question-relevant diagnostic evidence, including morphological findings,
cellular patterns, tissue organization and intermediate reasoning conclusions. By
jointly analyzing aggregated evidence with the question q, PathAgent performs
a comprehensive synthesis that unifies textual descriptions and prior inferences
across different magnification levels. This procedure enables PathAgent to gen-
erate a coherent analytic conclusion accompanied by a detailed reasoning expla-
nation, providing an evidence-grounded rationale that supports the final answer.
The overall procedure of PathAgent is summarized in Algorithm 1.
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Table 2: Comparison of zero-shot visual question answering between our PathAgent
and current state-of-the-art methods on the PathMMU dataset. The best performance
is in bold, while the second-best performance is underlined.

Method PathMMU

PubMed SocialPath EduContent Atlas PathCLS Accuracy

Random Choice 22.13 25.48 25.49 19.66 15.31 22.14
Expert performance 72.85 71.46 68.95 68.32 78.85 71.82

General domain VLMs
Qwen3-VL [1] 44.63 49.12 44.31 45.88 27.67 45.82
GPT-4o [46] 50.54 53.64 50.12 55.29 23.47 49.31

Medical domain VLMs
LLaVA-Med [17] 27.69 27.36 27.18 30.73 20.31 26.25
MedDr [12] 21.37 25.34 32.95 31.45 22.17 28.33
Quilt-LLaVA [28] 42.63 46.68 45.31 42.79 29.28 41.54

Patch-aggregated Methods
WSI-VQA [6] 32.69 35.93 34.63 50.37 21.38 33.64
SlideChat [8] 50.49 55.64 50.33 56.97 25.31 50.82
WSI-LLaVA [18] 47.35 53.26 47.22 53.81 24.87 49.57

Agentic Systems
PathAgent-offline 51.26 57.71 51.46 59.39 48.53 53.19
PathAgent-online 73.88(+23.34) 71.53(+15.89) 75.29(+24.96) 76.22(+19.25) 68.27(+38.99) 72.54(+21.72)

4 Experiments

4.1 Implementation Details

In the experiments, we use the Trident [24, 35, 47] tool to crop the input WSI.
Each WSI is decomposed into non-overlapping patches of size 512×512 at the 5×
magnification level, which also serves as the initial analytic magnification scale
M1. The maximum number of iterations T is set to 5 as a safe computational
budget, and the numbers of patches selected by the Navigator in the first itera-
tion and subsequent iterations are k1 = ⌈0.1N⌉ and kt = ⌈0.05N⌉, respectively.
In PathAgent-offline, PLIP [15], Patho-R1 [49], and Qwen3-4B [45] are employed
as the Navigator, Perceptor, and Executor, respectively, if not specifically noted.
For PathAgent-online, the Executor is replaced with Qwen3-235B-A22B [45] us-
ing the Qwen API.

4.2 Datasets and Metrics

We evaluate PathAgent on five visual question answering (VQA) benchmarks:
SlideBench-VQA [8] is a slide-level dataset with closed-ended questions; WSI-
VQA [6] and WSI-Bench [18] (we evaluate the morphological analysis and di-
agnosis subsets) are two slide-level datasets with both close- and open-ended
questions; PathMMU [32] and PathVQA [13] are two RoI-level datasets with
closed-ended and open-ended questions, respectively. For the closed-ended vi-
sual question answering task, accuracy is used as the evaluation metric, while
for the open-ended visual question answering task, BLEU [26], METEOR [2], and
ROUGE [19] are adopted. Following [18], we additionally report WSI-Precision
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Fig. 4: Case study of a closed-ended question from WSI-VQA. PathAgent progressively
retrieves task relevant patches and identifies key evidence for the diagnosis. Yellow
highlights indicate the critical cues discovered during the reasoning process.

and WSI-Relevance to account for synonymous diagnostic expressions that may
not exactly match the ground-truth. All metrics are presented in percentages
in the experiments. Dataset statistics and evaluation details are provided in the
Supplementary Materials.

4.3 Quantitative Evaluation

We compare PathAgent with nine advanced models in zero-shot VQA scenarios,
including VLMs (Qwen3-VL [1], MedDr [12], GPT-4o [46], LLaVA-Med [17],
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Table 3: Ablation study on the Executor and Perceptor in PathAgent-offline. Here,
the WSI-VQA dataset includes both open- and closed-ended questions. The best per-
formance is in bold, while the second-best performance is underlined.

Executor Perceptor WSI-VQA SlideBench-VQA (BCNB)

BLEU-1 BLEU-4 METEOR Accuracy Accuracy

WSI-VQA method 34.21 19.65 21.12 46.90 23.35

Qwen3-4B
Quilt-LLaVA 44.53 43.46 25.03 52.95 49.33
Patho-R1-3B 48.17 46.79 29.61 53.67 51.43
Patho-R1-7B 52.89 49.69 31.29 56.32 54.72

Qwen3-32B
Quilt-LLaVA 45.35 44.41 25.70 51.58 50.47
Patho-R1-3B 52.46 50.47 31.50 54.77 53.26
Patho-R1-7B 55.58 52.76 34.10 57.29 55.02

TCGA-D8-A27M-01Z

Microscope

… … …

Select Patches

 in the 1 Round

Final Answer: “Nottingham histological Grade III.”

Sufficient: “Yes.”

Reason: “Morphology descriptions illustrate that …”

PathAgent

GPT-4o Thumbnail & Question
Response:  “I can describe the visible tissue structures 

and general morphology, but l can‘t make or confirm a 

medical or histological diagnosis from an image …”

Thumbnail & Our Selected Patches & Question
Response: “Nottingham Histologic Grade … is used to assess 

breast cancer … So, the assigned slide corresponds to a 

Nottingham Histologic Grade III invasive carcinoma …”

SlideChat: “The slide present … Thus, the histological grading for the slide is 2.”WSI-VQA: “9.”

Question: What is the Nottingham histological grade for the assigned slide? Ground Truth: (NHG III)

Fig. 5: Case study of an open-ended question in WSI-VQA. PathAgent retrieves task-
relevant RoIs and answers correctly, while WSI-VQA and SlideChat fail. Providing the
selected patches also enables GPT-4o to produce the correct response.

Quilt-LLaVA [28]), patch-aggregated methods (WSI-VQA [6], WSI-LLaVA [18],
SlideChat [8]), and GIANT [3]. Since VLMs have constraints on image scale, we
evaluate them using the following strategies [5, 8]: (1) “Thumbnail” adjusts the
size of the WSI to 1024×1024 as input. (2) “Patch” randomly selects 30 patches
from each WSI at 20× and aggregates predictions via majority voting. Tab. 1 and
Tab. 2 list the quantitative results, showing that PathAgent achieves the best
average performance across the four zero-shot VQA datasets, indicating that
PathAgent has advantages over the slide-based models and the general-purpose
VLMs. Results on WSI-Bench are provided in the Supplementary Materials.

On the SlideBench-VQA (BCNB), general-purpose VLMs like Qwen3-VL
and GPT-4o demonstrate impressive zero-shot performance but remain inferior
to WSI-specific methods (SlideChat and WSI-LLaVA). This gap reflects the chal-
lenge of capturing fine-grained spatial and morphological information from WSIs
using standard VLM pipelines. In contrast, PathAgent retrieves task-relevant
RoIs and achieves 55.72% overall accuracy in the PathAgent-offline setting, out-
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Table 4: Ablation study on Multi-Step Reasoning and Navigator use on the
SlideBench-VQA (BCNB) dataset. The best performance is in bold, while the second-
best performance is underlined.

Multi-Step Reasoning Navigator
SlideBench-VQA (BCNB)

Tumor
Type

Receptor
Status

HER2
Expression

Histological
Grading

Molecular
Subtype Accuracy Average

Iterations

38.46 52.38 20.35 39.42 20.19 41.62 1.83
✓ 52.43 53.89 23.13 44.16 26.28 44.97 1.59

✓ 78.88 58.27 23.40 45.46 27.42 50.68 1.32
✓ ✓ 87.52 61.33 25.34 55.95 30.21 55.72 1.21

(b) (c)(a)

PathAgent

Pathologist

Robot assistant

Select

Regions

Inject 

Knowledge

Question: What is the diagnosis 

result for the provided WSI?

Check 

Evidence

Output

WSI

or or

VLM LLM PLIPPLIP

Fig. 6: Human collaborative experiment. (a) Pathologists can intervene during the
reasoning process. (b, c) Effect of the number of human interventions on the average
iterations per case and overall accuracy on WSI-VQA.

performing all baseline methods. With a stronger Executor, PathAgent-online
further improves the overall accuracy to 59.31%. However, improvements are
limited on HER2 Expression and Histological Grading. This observation is ex-
pected, as these tasks in clinical practice often require immunohistochemical
testing rather than relying solely on morphological features.

On the PathMMU dataset, the performance gap among general-purpose
VLMs, medical domain VLMs, and patch-aggregated methods becomes smaller
because the dataset provides patch-level inputs rather than gigapixel WSIs. Un-
der this setting, models can directly access local diagnostic information without
severe resolution compression. Despite this, PathAgent still achieves the best
performance. PathAgent-offline reaches 53.19% overall accuracy, outperforming
SlideChat (50.82%) and GPT-4o (49.31%). PathAgent-online further improves
the accuracy to 72.54%, surpassing the expert-level performance of 71.82%. At
the task level, PathAgent-online achieves the highest scores on most subsets.
The only exception occurs in PathCLS, where the limitation mainly arises from
the Navigator module rather than the Executor.

4.4 Qualitative Evaluation

Fig. 4 illustrates the reasoning process of PathAgent on a WSI-VQA case. In
iteration 1, the patch description at 5× magnification captures only the duct
structure and carcinoma location, without providing sufficient evidence about
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the cancer type. PathAgent therefore determines that the current information is
insufficient. Based on the missing-information analysis, the Navigator is guided
to potential cancer regions, and the model requests higher magnification to ex-
amine invasive growth and cellular atypia. In iteration 2, PathAgent retrieves a
stromal region showing inflammation and fibrosis, which provides key evidence
supporting the diagnosis of invasive ductal carcinoma and leads to the answer.

As shown in Fig. 5, for an open-ended question, PathAgent correctly an-
swers in the first iteration using the selected RoIs. In contrast, WSI-VQA and
SlideChat produce incorrect predictions. GPT-4o also generates the correct an-
swer when provided with the patches selected by PathAgent, suggesting that
PathAgent effectively selects question-relevant RoIs and can enhance the perfor-
mance of general-purpose VLMs.

4.5 Ablation Study

As shown in Tab. 3, the performance of PathAgent-offline improves consistently
when stronger foundation models are adopted. The combination of Qwen3-32B
and Patho-R1-7B achieves the best results, reaching an accuracy of 57.29%
on WSI-VQA. These results demonstrate that PathAgent effectively leverages
stronger foundation models to improve reasoning and prediction accuracy. Ad-
ditional ablation on the Navigator is provided in the Supplementary Materials.

We evaluate the effects of the Multi-Step Reasoning Executor and the Nav-
igator. The baseline replaces Multi-Step Reasoning with single-step reasoning
and substitutes the Navigator with uniform random patch sampling. As shown
in Tab. 4, removing both modules yields 41.62% overall accuracy with 1.83 aver-
age iterations. Adding Multi-Step Reasoning alone increases accuracy to 44.97%
and reduces the average iterations to 1.59. Using the Navigator alone further
improves accuracy to 50.68% and reduces the average iterations to 1.32, indicat-
ing that the Navigator mainly contributes to efficient RoI retrieval. Task-level
results further reveal the roles of each component. The Navigator yields notable
improvements on Receptor Status, raising the accuracy from 52.38% to 58.27%,
suggesting that effective RoI selection helps capture discriminative regions. In
comparison, Multi-Step Reasoning shows greater benefits for Molecular Subtype,
where the accuracy increases from 20.19% to 26.28%. This task often depends on
implicit morphological patterns and their associated clinical knowledge, making
Multi-Step Reasoning more effective than single-step inference. The best per-
formance is achieved when both modules are combined, reaching 55.72% overall
accuracy with 1.21 average iterations.

We further analyze the effect of the number of patches provided to the Per-
ceptor. Fig. 8 shows that increasing the number of patches provided to the
Perceptor does not consistently improve performance. The accuracy peaks at a
10% patch sampling ratio and then gradually declines, as redundant information
interferes with the decision process. This observation highlights the importance
of the Navigator in selecting informative regions efficiently. Therefore, we use
10% of patches in the initial iteration.
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Fig. 7: Visual Turing test on SlideChat-VQA (BCNB).
The dashed line marks the ideal indistinguishable level.
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Fig. 8: Initial patch propor-
tion test on WSI-VQA.

4.6 Diagnosis in Collaboration with Pathologists

Acknowledging the heterogeneity of diseases, the responses of the agent system
are inevitably limited. Timely human intervention helps promptly correct the
diagnostic reasoning and improve the prediction accuracy. We therefore conduct
a human collaborative experiment with two pathologists, each with 5 years of
experience, on 80 questions. As shown in Fig. 6 (a), the entire analytic process
of PathAgent is fully transparent to pathologists, allowing them to intervene at
any inference step, including selecting RoIs manually, reviewing VLM descrip-
tions, supplementing missing information, or adjusting image magnification. Ex-
perimental results (Fig. 6 (b, c)) show that increasing interventions improve
accuracy while reducing the average number of examined iterations. To further
quantify this effect, we group the cases into no intervention (0) and intervention
(≥1). The Mann–Whitney U test compares the distributions of iteration counts,
and Fisher’s exact test evaluates differences in accuracy. The results statistically
confirm that human intervention significantly enhances both diagnostic accu-
racy and decision efficiency, showcasing the strong potential of PathAgent in
interactive clinical scenarios.

We conduct a visual Turing test on the RoIs selected by PathAgent involving
22 human judges. In each trial, judges identify which of two RoI sets is selected
by the machine. As shown in Fig. 7, the identification accuracy for the random vs
pathologist condition reaches 85.1%, indicating that randomly selected RoIs can
be easily recognized by human judges. In contrast, the accuracies for PathAgent
vs pathologist and pathologist vs pathologist are 48.3% and 51.4%, respectively,
both close to the ideal level of 50.0%. These results suggest that the RoIs selected
by PathAgent are largely indistinguishable from those selected by pathologists.

4.7 Task Complexity and Reasoning Mechanism Analysis

To further analyze the reasoning mechanism of PathAgent, we examine the aver-
age number of iterations required for different question types. As shown in Fig. 9,
the average number of iterations generally increases with the clinical task diffi-
culty, indicating that more complex problems require additional rounds of ev-
idence gathering and reasoning, consistent with clinical practice. An exception
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Fig. 9: Average attempts and task complexity across task types on WSI-Bench.

is observed in grading tasks: although tumor grading is clinically challenging,
the model typically requires fewer iterations. This is because grading decisions
mainly rely on localized morphological features, such as nuclear atypia and mi-
totic figures, which typically require lower recognition cost.

5 Conclusion

In this work, we introduce PathAgent, a training-free large language model-based
agent that mirrors the reflective, stepwise thinking of human experts in compu-
tational pathology. Through iterative analysis, PathAgent retrieves RoIs and ag-
gregates visual evidence for accurate and interpretable WSI analysis. Extensive
experiments across multiple datasets demonstrate strong reasoning capability
and remarkable generalization. Ablation studies and the human collaborative
experiment highlight that PathAgent is an evolving intelligent agent with broad
clinical applications. Moreover, reasoning mechanism analysis and the visual
Turing test show that the RoIs selected by PathAgent are visually indistinguish-
able from those of pathologists, and that the required reasoning iterations across
tasks follow the difficulty of clinical diagnosis, indicating strong alignment with
expert diagnostic behavior.
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