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Abstract

Advances in Al have introduced several strong
models in computational pathology to usher it
into the era of multi-modal diagnosis, analy-
sis, and interpretation. However, the current
pathology-specific visual language models still
lack capacities in making diagnosis with rigor-
ous reasoning paths as well as handling diver-
gent tasks, and thus challenges of building Al
Copilots for real scenarios still exist. Here we
introduce TeamPath, an Al system powered by
reinforcement learning and router-enhanced so-
lutions based on large-scale histopathology mul-
timodal datasets, to work as a virtual assistant
for expert-level disease diagnosis, patch-level
information summarization, and cross-modality
generation to integrate transcriptomic informa-
tion for the clinical usage. We also collaborate
with pathologists from Yale School of Medicine
to demonstrate that TeamPath can assist them in
working more efficiently by identifying and cor-
recting expert conclusions and reasoning paths.
Overall, TeamPath can flexibly choose the best
settings according to the needs, and serve as an
innovative and reliable system for information
communication across different modalities and
experts.

1 Introduction

Pathological diagnosis is a complex yet essential
component of clinical decision-making. In this
manuscript, we present TeamPath, a framework that
augments VLMs with multi-modal reasoning and
a task-sensitive routing mechanism, enabling ro-
bust performance in several pathology-related tasks.
Our approach begins with the careful selection of
base models and the design of medical-specific
prompts to curate high-quality, reasoning-enriched
training data. Through comprehensive analyses,
we demonstrate both the necessity of equipping
VLMs with reasoning capabilities to address com-
plex pathology tasks and the importance of con-
structing high-quality datasets for model success.

We further showcase the effectiveness of TeamPath
across diverse downstream applications, including
multi-modal pathology visual question answering
(Pathology VQA) and caption summarization. By
leveraging an LLM-driven router, TeamPath dy-
namically selects the most suitable strategy to meet
task requirements, functioning as a reliable and
adaptive system. Importantly, we invite patholo-
gists to evaluate the model’s reasoning pathways,
thereby validating its practical utility as a medical
assistant. Finally, we introduce a new task, known
as spatial transcriptomic profiles generation, to as-
sess the cross-modality generative ability of Team-
Path. Overall, TeamPath provides a new avenue
for integrative analyses that combine molecular and
histopathological signatures.

2 Methods

Problem definition. In this manuscript, we aim
to construct a pathology-expert-level visual lan-
guage model M () which accepts text prompts 7'
and pathology image P as inputs. The outputs of
our model follow the instructions and information
provided in T and P. To train M(), we collect
a dataset D, = {(T1, P1), ..., (T, Py)}{ with n
items for training, and transfer the trained model to
various downstream applications.

Constructing TeamPath as a system. To en-
hance our system’s multitasking capabilities, we
adopted a method commonly used in current basic
model development, namely training a language
model-based router (R()) according to tasks and
requirements. This router accepts questions as in-
put data and outputs the model it selects to solve
specific problems. The advantage of this design
is to unify the TeamPath as a system for various
downstream applications in digital pathology, and
select the solution that best meets needs to save
costs and improve model capabilities. We mark the
best solution settings (one of the following choices:



Reinforcement Learning (RL) (Sheng et al., 2024),
Supervised FineTuning (SFT) (Zheng et al., 2024),
and test-time verification and correction (TTVC)
inspired by test-time scaling (TTS) (Snell et al.,
2025)) of each question, and train R with ques-
tions and choices. Here, RL is used for solving
questions that require reasoning, and SFT is used
for summarization and cross-modality generation.
Since Al Copilot needs interactions with physi-
cians, TTVC is used for tasks requiring human-
Al collaboration. Current base model of Team-
Path is Patho-R1-7B (Zhang et al., 2025), which
is selected after carefully comparing it with differ-
ent LMMs such as Qwen2.5VL-7B (Team, 2024),
Qwen2.5VL-3B (Team, 2024), MedVLThinker-
7B (Huang et al., 2025), PathGen-LLaVA-13B
(Sun et al.), InternVL3-8B (Zhu et al., 2025), and
MedGemma-4B (Sellergren et al., 2025).

Empowering TeamPath with reasoning capac-
ities. To enhance the reasoning capabilities of
TeamPath for complex pathological analysis, we
adopt Group Relative Policy Optimization (GRPO),
an efficient reinforcement learning algorithm that
forgoes the critic model used in traditional PPO
(Shao et al., 2024).

For each pathological query ¢, GRPO samples a
group of G outputs {01, 09, ..., 05} from the cur-
rent policy 7y and optimizes the GRPO objective,
where the key novelty lies in the group-relative ad-
vantage estimation:

- r; — mean(r)
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Here, r = {r1,r2,...,7c} represents the re-
ward scores for all outputs in the group, obtained
from a reward model trained on the quality of patho-
logical reasoning. This group-relative formulation
eliminates the need for a separate value function V/,
required in PPO, significantly reducing computa-
tional overhead while maintaining training stability.

For GRPO, the reward of question ¢ is:

1, is_equivalent (9, v;)

)

(2)
where ¢ and y represent the model outputs and
observed answers, respectively. is_equivalent() is a
function used to determine if the answer is correct
or not.

In our ablation studies, we also consider intro-
ducing open-ended questions to model training; in

ri =19, Yi) = {

0, otherwise

that case, we utilize the BLEU score as a reward.
The reward for closed-ended samples is the same,
but for open-ended sample j, the reward is:

r; = r(@,y;) = BLEU(G;,97). ()

The comparative nature of this approach aligns
naturally with pathological diagnosis workflows,
where medical experts simultaneously evaluate mul-
tiple diagnostic hypotheses. By learning from the
relative quality of responses within each group,
TeamPath develops more nuanced reasoning ca-
pabilities for tasks requiring differential diagnosis,
evidence synthesis, and step-by-step pathological
analysis.

In our ablation studies, we also consider Dy-
namic sAmpling Policy Optimization (DAPO) as
an alternative reinforcement learning algorithm.
DAPO removes the KL divergence and adjusts the
group-level normalization method.

3 Results

Dataset and Method Overview. The curation of
high-quality datasets is increasingly critical for ad-
vancing PFMs and VLMs, particularly in the era
of multimodal reasoning and summarization. At
the same time, careful attention must be paid to
preventing data leakage to ensure unbiased eval-
uation of model performance. To this end, and
leveraging prior data collection strategies, we dis-
tilled a subset of data from PathGen-1.6M (Sun
et al.), which is a large-scale resource comprising
nearly 10,000 WSIs and 1.6 million ROIs derived
from TCGA data (Weinstein et al., 2013), for the
usage in the finetuning stage with reinforcement
learning. Reasoning data were constructed using
COT templates generated based on the advanced
reasoning model o4-mini (OpenAl, 2025), with
subsequent quality validation performed by pathol-
ogists at Yale School of Medicine. Importantly,
this dataset does not overlap with the benchmark
testing set used for Pathology VQA evaluation (He
et al., 2020b), namely PathMMU (Sun et al., 2024),
which contains ROIs paired with questions across
five diagnostic categories and represents one of
the most advanced evaluation sources. In addition,
another subset distilled from PathGen-1.6M was cu-
rated as the testing dataset for the ROI summariza-
tion task. To assess performance in cross-modality
generation, we leveraged HEST-1K (Jaume et al.,
2024) and STImage1K4M (Chen et al., 2024), two
multi-omic histopathology collections to assess the



prediction of transcriptomic profiles as molecular
signatures from ROIs. These two datasets are used
to construct training, validation, and test sets. The
overall data preprocessing workflow and sample
sizes are summarized in Extended Data Figure 1.

The overall process of dataset curation and model
training is summarized in Figures 1 (a)-(d). Team-
Path emerges as a robust multimodal Al assis-
tant for both disease analysis and modality gen-
eration. To refine its reasoning capabilities, we em-
ploy Group Relative Policy Optimization (GRPO)
(Guo et al., 2025) to finetune the base model (the
default setting is Patho-R1-7B), thereby enhanc-
ing its ability to perform reasoning over pathology
images. With this capacity for structured reason-
ing, TeamPath demonstrates strong performance
in addressing Pathology VQA tasks, as shown in
our comprehensive benchmarking analysis. Impor-
tantly, the model also maintains high performance
on tasks where reasoning is less critical, such as
image summarization (known as caption genera-
tion) and cross-modality generation. This adapt-
ability enables TeamPath to support task-specific
optimization through either reinforcement learn-
ing or supervised finetuning. In collaboration with
expert pathologists, we further demonstrate that
TeamPath can function as a clinical copilot, assist-
ing in applications such as correcting inaccurate
conclusions and identifying flawed reasoning paths.
Taken together, TeamPath advances both biomedi-
cal research and clinical practice in histopathology
analysis. Finally, a comparative summary of task-
and metric-specific rankings, shown in Figure 1 (e),
demonstrates the superior performance of Team-
Path across multiple dimensions.

TeamPath improves the performance of ROI-
level assessment with reasoning ability. The in-
creasing complexity of histopathology image anal-
ysis presents significant challenges for developing
expert-level VLMs. One particularly demanding
setting is Pathology VQA, which requires mod-
els to correctly respond to questions grounded in
histopathology images. Unlike traditional clas-
sification tasks (e.g., disease-state classification
or cancer cell identification), Pathology VQA in-
volves a broader and more complex range of sce-
narios (He et al., 2020a) and demands higher ac-
curacy in answer production. To evaluate model
performances under this setting, we employ the
recently published PathMMU dataset, which in-
cludes VQA pairs spanning five categories, ranging
from expert-annotated questions to images from

social media. Importantly, PathMMU is excluded
from the training data of all evaluated models to
ensure fairness. Reflecting the real-world require-
ments faced by pathologists, we emphasize the
need for high-quality, fine-grained answers that
integrate multimodal information and contribute
meaningfully at the clinical level. Our baseline
comparisons encompass (1) general-domain VLMs,
including o4-mini, GPT-40 (Hurst et al., 2024),
Qwen2.5VL-3B, Qwen2.5VL-7B (Team, 2024),
and InternVL3-8B (Zhu et al., 2025); (2) medical-
domain VLMs, including MedGemma-4B (Seller-
gren et al., 2025) and MedVLThinker-7B (Huang
et al., 2025); (3) pathology-specific VLMs, includ-
ing PathGen-LLaVA-13B (Sun et al.) and Patho-
R1-7B (Zhang et al., 2025); and (4) a random-
answer baseline. Model performance is assessed
by computing accuracy relative to expert-generated
answers within PathMMU, enabling a rigorous and
fair benchmarking analysis. The comparison of
sample size used for training and testing is shown
in Extended Data Table 1, and we can see that the
amount of images used in testing is large enough to
support a general conclusion.

Figures 2 (a)-(c) show our benchmarking results
across different categories, including PubMed, So-
cialPath, Atlas, EduContent, and PathCLS. Path-
MMU also pre-defines different sample types, and
“overall" represents all testing samples in the se-
lected category, “tiny_test" represents testing sam-
ples used for expert evaluation, and “test” repre-
sents the rest of the samples. We find that Team-
Path outperforms all other baseline models, includ-
ing domain-expert VLMs with similar or larger
parameter size, such as Patho-R1-7B and PathGen-
LLaVA-13B, in nearly all evaluations. TeamPath
also performs better than strong general VLMs,
such as 04-mini and GPT-4o, further demonstrating
the strength of expert models in addressing medical
challenges. Moreover, 04-mini and GPT-4o still
perform better than most of the selected baselines,
indicating they possess a certain level of under-
standing of pathological knowledge. Other general
VLMs and medical VLMs performed poorly in this
task. We further visualize the comprehensive bench-
marking analysis, including ranking and accuracy
of each method with all samples in Figure 2 (d),
which shows that TeamPath also has the lowest rank
by considering all categories jointly. Therefore, our
experiment results show that introducing reasoning
capacities to build pathology-expert VLMs can en-
hance their ability in making diagnoses, and thus
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Figure 1: Landscape of TeamPath (a) Steps of dataset curation. We extract image-text pairs from a processed TCGA
dataset (PathGen-1.6M). (b) Word cloud visualization of ROI captions (upper) and questions (bottom). (c) The
core visual language model architecture of TeamPath. (d) TeamPath as a system with an LLM-enhanced router
(with over 80% accuracy in choosing the correct approach) and the corresponding capacities in various downstream
applications. The logo fire means that we need to adjust the parameters of models, and the logo snowflake means
that we do not change the parameters. (e) Overall ranking list of different methods across tasks and metrics.

TeamPath can serve as a strong performer for the
key feature identification and content understand-
ing of ROIs.

To examine the performance of TeamPath spe-
cific in disease diagnosis, we utilize GPT-5.2 to
extract the type of questions in PathMMU and se-
lect diagnosis-related questions to make compar-
ison. According to Extended Data Figures 2 (a)-
(b), TeamPath performs better than the second-best
baseline Patho-R1-7B as well as random guess-
ing in handling disease-diagnosis-related quires,
and the improvement is consistent across most of
the disease categories in both tiny group and large
group. Therefore, TeamPath can also improve diag-
nostic accuracy after training.

To obtain a more intuitive understanding of the
key contributions of TeamPath following reinforce-
ment learning training, we selected two case studies
where TeamPath provided the correct answer while
other models failed to make accurate judgments.

Figure 3 highlights the importance of precise
morphological criteria in recognizing lipoblasts.
While several models incorrectly selected option
C, describing large, clear vacuoles displacing the
nucleus to the periphery, a hallmark of mature

adipocytes. We found that TeamPath correctly iden-
tified option B as the defining feature of lipoblasts
(Hisaoka, 2014). Lipoblasts are diagnostically rec-
ognized by the presence of moderately sized cy-
toplasmic fat vacuoles that indent or scallop the
nucleus, a distinction that separates them from both
mature adipocytes and other stromal features. By
emphasizing nuclear indentation rather than dis-
placement, TeamPath demonstrated accurate patho-
logical reasoning aligned with standard diagnostic
criteria. This correctness not only underscores the
reliability of TeamPath in differentiating subtle his-
tologic features but also highlights the critical nu-
ance needed in distinguishing malignant lipoblastic
cells from benign adipocytic processes. Moreover,
Extended Data Figure 3 demonstrates that Team-
Path correctly identified synaptophysin as the tar-
geted marker in the immunohistochemical stain of
section A. The brown, cytoplasmic staining pattern
observed is a hallmark of synaptophysin, which
is widely used as a marker of neuroendocrine dif-
ferentiation. While other models misclassified the
stain as estrogen receptor or S100 protein, Team-
Path distinguished the subtle morphological and
staining features that separate synaptophysin from
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Figure 2: Benchmarking results with PathMMU for the
pathology VQA task. We note that since we did not have
information about the testing setting of PathGen-LLaVA-
13B, we used results reported by the model creators in
(Sun et al.). (a) Accuracy across different categories
of all selected methods with all samples. (b) Accuracy
across different categories of all selected methods with
samples from a tiny set. (c) Accuracy across different
categories of all selected methods with samples from
a large set. (d) Joint visualization with accuracy and
ranking information for all selected methods. The darker
the bubble color, the higher the model score; The larger
the bubble shape, the lower the model ranking.

nuclear markers like estrogen receptor or more dif-
fuse proteins such as S100. This highlights both the
accuracy and interpretive strength of TeamPath in
immunohistochemistry tasks, particularly in recog-
nizing marker-specific staining patterns and avoid-
ing common pitfalls that lead to misclassification.
We also note that previous pathology expert models
have obvious shortcomings, such as Patho-R1-7B’s
garbled output and PathGen-LLaVA’s lack of inter-
pretable diagnostic outputs. Instead, TeamPath can
make correct identification supported by compre-
hensive explanations, explained in the information
provided by the reasoning paths.

We also explored the contributions of different
training strategies and highlighted the importance
of selecting base models based on a set of ablation
studies, discussed in Appendix G and Extended
Data Figures 4 (a)-(d), as well as in Appendix H
and Extended Data Figure 5 for the data ablation
study.

TeamPath acts as a Copilot in the pathologists-
Al collaboration system. Beyond demonstrat-
ing the capacity of TeamPath in handling VQA
sets as a pathology expert, we further explore its
potential as an Al-assisted collaborator (Mialon
et al., 2023; Liu et al., 2025a). An effective copi-
lot should not only provide accurate responses to
user queries but also reduce the effort required to
resolve them, thereby saving both time and cost.
To this end, we designed an algorithm in TeamPath
with test-time verification and correction (TTVC)
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Figure 3: Case study (topic: synaptophysin, which is a
precursor cell that develops into an adipocyte (fat cell))
based on the outputs from different models. We high-
light the correct information with green text and incor-
rect information with red text. For the models with
errors, we consider two cases. The first case is a wrong
answer, and the second case is a confused reasoning
path.

(Snell et al., 2025; Liu et al., 2025a) and engaged
expert pathologists from Yale School of Medicine
(YSM) to collaborate with TeamPath in analyzing
histopathology images and generating answers on
demand. Specifically, we randomly subsampled 10
question—image pairs from each category within
the PathMMU “tiny_test” set and examined two
capacities: (1) the ability of TeamPath to act as an
auto-verifier or auto-corrector for incorrect expert
assessments, and (2) the ability of TeamPath to re-
vise and correct reasoning pathways when human
experts fail to provide accurate answers. When
performing the TTVC, we prepared the inputs as
the images, questions, and reasoning from experts,
and performed verification and correction based
on TeamPath. The overall paradigm for these two
tasks is summarized in Figure 4 (a). Through this
study, we aim to establish future paradigms of hu-
man—AlI collaboration in biomedical research and
clinical practice, highlighting the role of TeamPath
as a reliable and strong copilot.

We jointly compared the expert-provided results
with those corrected by TeamPath and visualized
the corresponding accuracies in Figure 4 (b). Our
analysis shows that TeamPath significantly im-
proves accuracy across all PathMMU categories
(p-value = 0.004), demonstrating that its corrective
contribution is consistent and robust regardless of
the source of pathology ROIs or questions. Notably,



even in categories where expert performance is rel-
atively low, such as PubMed, TeamPath achieves
substantial gains. These improvements demonstrate
the effectiveness of TeamPath as a corrector, as re-
flected by the observed accuracy differences. To fur-
ther illustrate this capability, we conducted a case
study (Figure 4 (c)) in which the expert provided
an incorrect answer, whereas TeamPath generated
the correct response with an improved reasoning
path. In this example, the task involved identify-
ing characteristic nuclear features within the image.
The expert’s reasoning correctly accounted for cell
size but overlooked nucleolar details, leading to
an erroneous conclusion. In contrast, TeamPath
integrated multiple features, including nuclear size,
shape, staining depth, and prior knowledge of the
cancer cell line, to eliminate incorrect options and
arrive at the correct decision. Moreover, Team-
Path was also able to revise flawed reasoning paths
when experts could not provide an answer (e.g., “I
do not know"), as shown in Extended Data Figure
6. In summary, through collaborative evaluation
with pathologists, we demonstrate the capacity of
TeamPath to not only fix erroneous answers but
also provide explicit reasoning steps, thereby en-
hancing both the transparency and interpretability
of model-assisted pathology analysis.

Here we provided more detailed analyses for
understanding the case that TeamPath’s discrepan-
cies arising in correcting the feedback from differ-
ent pathologists. We first compared the Pearson
Correlation Coefficients (PCCs) among the three
pathologists’ accuracy. Extended Data Figure 7 (a)
shows that the decision-making of our two pathol-
ogists is relatively consistent, while their accuracy
rates on specific datasets also differ. Therefore, we
can ensure a certain degree of diversity in expert
selection used for human-AlI collaboration exper-
iment. Moreover, we also compared the number
of corrected samples made by TeamPath for dif-
ferent pathologists, and Extended Data Figure 7
(b) shows that the number of corrections made by
different experts is relatively similar across most
datasets, with the sole exception being the Social-
Path dataset. Since this dataset is primarily sourced
from social media, the complex data pattern can
pose challenges to our designed system. Our exper-
iments demonstrate that TeamPath contributes to
improving the performance across different pathol-
ogists, thereby exhibiting relatively broad applica-
bility.

We have also performed ablation studies for the
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Figure 4: Results of using TeamPath as the answer cor-
rector/reason corrector. TeamPath can work with pathol-
ogists together to improve the decision accuracy and
provide explainable reasons to support the decision. (a)
The illustration of self-verification/correction steps for
both answers and reasoning paths. (b) Accuracy before
and after correction based on selected samples from
PathMMU. We report the average scores and standard
deviation across three experts. The test is a one-sided
Wilcoxon Rank-sum test. (c) A case study to demon-
strate the power of TeamPath as an Al assistant.

verifier with three different choices (using the cor-
rector, 03 (OpenAl, 2025), and 04-mini). Extended
Data Figure 8 shows that using 04-mini can achieve
the best performance on average, while it can also
reduce the cost compared with using 03 or a more
advanced model, and thus 04-mini is selected here
to perform verification.

TeamPath performs better in summarizing
the key information from histopathology images.
In practical applications, pathology image analysis
often extends beyond generating correct answers
and reasoning steps to encompass the extraction
of important image features for macroscopic or
high-level descriptions. To evaluate this capability,
we designed experiments aimed at summarizing
histopathology information from different ROIs,
thereby assessing the capacity of TeamPath to cap-
ture and convey high-level image content. For
this purpose, we constructed a testing dataset by
subsampling 3,000 images and their correspond-
ing captions from PathGen-1.6M. In their setting,
the original image caption is enhanced by multi-
agent (GPT-4V as backbone) collaboration. These
captions were further annotated to include tissue-
and disease-state information based on prompting
Deepseek-R1 (Guo et al., 2025) to extract the an-
swer from the input caption. To support train-
ing, we curated a separate dataset of 50,000 im-
ages, ensuring no overlap with the testing set. For
benchmarking, we employed the same set of base-
line models used in the Pathology VQA experi-



ments. Model performance was evaluated using
multiple similarity metrics between generated sum-
maries and reference captions, including BLEU
(Papineni et al., 2002), ROUGE-1/2/L (Lin, 2004),
BERTScore (Zhang et al.), and MEDCON (Sol-
daini and Goharian, 2016). All metrics were scaled
to a 0-100 range, with higher values indicating
better performance.

Figure 5 (a) compares the performance of Team-
Path with other VLMs across all selected metrics on
the testing set. TeamPath consistently outperforms
the baselines across every metric, demonstrating its
strength in generating summaries that align closely
with reference annotations in both content and struc-
ture. To provide a holistic assessment, we further vi-
sualized the aggregated rankings and average scores
of all methods in Figure 5 (b), which highlights
the leading performance of TeamPath across the
joint set of evaluation metrics. Recognizing that
performance may vary by sample source, we also
examined model performance across specific tissue
and disease contexts. We first analyze the produced
categories in the testing dataset and illustrate the
distribution of top 10 categories in Extended Data
Figure 9. Among these labels, we select the top 1
label in each class, including adenocarcinoma and
breast tissue, for further investigation. Figure 5 (c)
reports ROUGE-L and BERT scores for samples
from patients with adenocarcinoma, while Figure 5
(d) shows results for breast tissue samples. In both
cases, TeamPath maintains superior performance
compared with competing baselines. As an illustra-
tive case study, Figure 5 (e) presents an example
output from TeamPath, which accurately captures
key organizational and pathological features—such
as elongated spindle-shaped cells with eosinophilic
cytoplasm and elongated nuclei, characteristic of
smooth muscle cells. By contrast, outputs from
baseline models (Extended Data Figure 10) contain
less precise descriptions and, in some cases, incor-
rect content, further underscoring the advantages
of TeamPath in summarization tasks.

Therefore, we conclude that TeamPath demon-
strates as a strong performer in providing the high-
level interpretations with pathology features of as-
signed ROIs.
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Figure 5: Benchmarking results of the caption summary
task. (a) Performances of different methods for sum-
marizing the caption based on ROI-level information
across all metrics. We report the average scores and
scaled standard deviation (0.1*sd) with all samples in
the testing set. (b) Joint visualization with metric scores
and ranking information for all selected methods. The
darker the bubble color, the higher the model score; The
larger the bubble shape, the lower the model ranking.

(c) ROUGE-L and BERT scores based on samples
from the selected disease across all methods. (d)
ROUGE-L and BERT scores based on samples
from the selected tissue across all methods. (e) A
case study of caption summary generation based
on TeamPath.

TeamPath introduces new modalities with a
cross-modality generation pipeline. Building on
our previous research and the existing literature,
we observe that current histopathology image anal-
yses primarily rely on textual and visual interpre-
tations. However, given the breadth of biological
signatures that can contribute to disease modeling
and diagnosis, there is a clear opportunity to de-
sign new pipelines that integrate molecular infor-
mation with histopathology features. Such integra-
tion can enable the generation of new modalities
and provide deeper insights into cellular hetero-
geneity, lineage tracing, and disease mechanisms
(Chen et al., 2025b; Song et al., 2024). Therefore,
we finetune TeamPath using paired histopathology
images and transcriptomic profiles generated with
the Visium technology (Genomics), a platform for
spatial transcriptomics (ST). Each ST spot includes



a histopathology image as background and a cor-
responding gene expression profile. Inspired by
Cell2Sentence (Levine et al., 2024) and Loki (Chen
et al., 2025b), we convert gene expression profiles
into ranked gene lists, ordering genes from highest
to lowest expression. The task is then to gener-
ate these “spot sentences” and map them back into
the transcriptomic space. For training and evalu-
ation, we use two of the largest public datasets:
HEST-1K (invasive ductal carcinoma, IDC) and
STImage1K4M (brain tissue). HEST-1K includes
a broad range of cancer datasets, whereas STim-
age1K4M contains samples from both disease and
normal tissues, thereby enhancing the modeling of
ST data. Baseline models for this task include the
same VLMs evaluated in the Pathology VQA set-
ting, supplemented with Cell2Sentence-1B. Model
performance is assessed using Spot-level Pearson
Correlation Coefficient (SPCC), Gene-level Pear-
son Correlation Coefficient (GPCC), and mean
squared error (MSE). For SPCC and GPCC, higher
values indicate better performance, whereas lower
MSE values reflect higher accuracy.

Figures 6 (a) and (b) demonstrate that TeamPath
outperforms all baseline methods when evaluated
by both SPCC and MSE across datasets from dif-
ferent sources, underscoring its ability to generate
spot-level gene expression profiles that closely re-
semble measured results. Extended Data Figures
11 (a) and (b) further confirm TeamPath’s better
performance in GPCC, highlighting its capacity
to preserve gene-level heterogeneity across spatial
spots. To examine the impact of base model se-
lection on cross-modality generation, we finetuned
Qwen2.5VL-7B for the same task and compared it
with TeamPath. As shown in Extended Data Fig-
ures 11 (¢) and (d), TeamPath, which was built
on a pathology-knowledge-enhanced VLM, outper-
formed the finetuned Qwen-series model. We also
emphasize the importance of task-specific finetun-
ing, supported by the clear performance gap be-
tween the unadapted base model and TeamPath in
generating high-quality expression profiles. UMAP
visualizations of the generated profiles (Figures
6 (c) and (d)) show that outputs from TeamPath
are more structured and closely aligned with ref-
erence profiles compared to those from the base
model. This observation is further validated by
cluster-level heatmaps of gene expression patterns
in brain (Figure 6 (e)) and IDC (Figure 6 (f))
datasets, where TeamPath more accurately recapitu-
lates the biological signal present in the ground
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Figure 6: Evaluation of model performances for tran-
scriptomic profile generation. (a) SPCC (higher is better)
and MSE (lower is better) scores across different meth-
ods for the brain tissue. We report the average scores
and scaled standard deviation (0.1*sd) for better visu-
alization. (b) SPCC and MSE scores across different
methods for the IDC samples. We report the average
scores and scaled standard deviation (0.1*sd) for better
visualization. (¢) UMAP visualization from the testing
set of brain to compare the generated results between
Patho-R1 (base) and TeamPath colored by data sources.
(d) UMAP visualization from the testing set of IDC to
compare the generated results between Patho-R1 (base)
and TeamPath colored by data sources. (¢) Comparison
of expression profiles between generated data and real
data based on the brain tissue. (f) Comparison of expres-
sion profiles between generated data and real data based
on the IDC samples.

truth data. Collectively, these findings demon-
strate that the effectiveness of TeamPath in cross-
modality generation arises from both the choice
of a pathology-informed base model and targeted
task-specific finetuning. With these advantages,
TeamPath represents a promising approach for gen-
erating in-silico or unseen expression profiles di-
rectly from histopathology images, thereby pro-
viding molecular-level insights into disease pheno-

types.
4 Discussion

Here we present TeamPath, an advanced Al copilot
to advance research in computational pathology
and disease diagnosis by formulating a multi-task
Al assistant, which supports various tasks with an
automatic router for solution selection. TeamPath
demonstrates as a strong method in working with
physicians in addressing key pathology challenges.
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A Method Details

Ablation studies of training framework. To
demonstrate the efficiency and optimization of our
training framework for this system, we have consid-
ered several training strategies, including 1. Super-
vised finetuning (SFT), which collects paired data
with images and queries as inputs and answers as
outputs; 2. Reinforcement Learning (RL), which
utilizes the same input and output data, but we train
TeamPath with GRPO (Shao et al., 2024) or DAPO
(Yu et al., 2025) to tackle the reasoning capacity of
selected base models; 3. SFT+RL, which utilizes
the paired data with images, queries, and reason-
ing paths as inputs and answers as outputs, to train
TeamPath with SFT and then with RL. The first step
of SFT training ensures the model acquires knowl-
edge in relevant pathological domains, while the
second step of RL training enhances the model’s
generalization capabilities. Our base models used
for ablation studies include Qwen2.5VL-7B and
Patho-R1-7B.

Using TeamPath as an AI Copilot to help
pathologists. To formalize our method as an Al
Assistant, we consider two case studies inspired
by the Path VQA experiments with pathologists.
We invite the pathologists to answer 50 questions
extracted from PathMMU from the five categories,
and record their answers as well as reasoning steps.
Our first case is a verifier-corrector pipeline, which
can detect the incorrect answers made by patholo-
gists and generate the correct answers. Our pipeline
utilizes one verifier (a VLM, default as 04-mini)
to verify whether the answers and questions pro-
posed by pathologists are correct or not. If it is
justified as wrong, we will call the corrector (also
a VLM, default as TeamPath used for Pathology
VQA) to fix it. Otherwise, the correct answer will
be returned. We have a specific threshold to limit
the number of epochs in this loop. Our algorithm is
summarized in Algorithm 1. We define the success
of a self-verification/correction system as follows:
if the expert answer is correct, or the expert answer
is wrong but the answer produced by this system is
correct.

The second case is a reasoning-correction
pipeline. Here we have a reasoning corrector, which
takes the wrong answers and reasoning paths from
pathologists, and generates the correct reasoning
path with the correct answer. To improve efficiency,
we consider an offline version, that is, by collecting
pathologists’ reasons and answers first, we then uti-
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lize TeamPath to check or correct these questions.
This pipeline can detect the wrong information pro-
vided in the reasoning process and generate the cor-
rect thinking steps. These two components focus
on different aspects and work together as a proto-
type for building an Al Copilot that can work with
pathologists and be deployed in the medical system.
We have provided an example of correction in the
main text. Our prompts used in these two pipelines
are summarized in Appendix F.

Algorithm 1 Verifier-Corrector Pipeline in Team-
Path.
Input: Question (), pathology image g, hu-
man answer O 4, reasoning path Og, verify
prompt Ty, correct prompt Tz, number of iter-
ation V.
Helper Models: Verifier M, (An advanced
LMM, such as O4-mini), corrector M, (An
pathology-specific LMM, such as TeamPath
with RL finetuning), concatenation function
-
Output: Corrected outputs O¢
: INIT: initialize all parameters.
if My(Tv, Qu||OR||OA4, Is) is True then
Oc =04
Return O¢
end if
: for i in N steps do
Oi, Ry = Mc(Tc,Qum||Or||Oa, Is)
if M, (Tv, Q|| Ri||O;, Is) is True then
Oc = 0;
Return O¢
else
Or = R;
Oa=0;
14: end if
15: end for
16: Oc = Oy
17: Return O¢

R A A S e

,_
=4

11:
12:

Adapting TeamPath for image summarization
and cross-modality generation. To summarize the
concepts in histopathology images and further gen-
erate image caption, we finetune our base model
based on the paired image-caption dataset with the
corresponding training set, and we also prepare
3000 samples which are only used for testing, and
we utilize Deepseek-R1 (Guo et al., 2025) to ex-
tract the disease state and tissue source of the test-
ing samples based on their captions. Our finetuning
step follows the setting in Instruction-Tuning imple-



mented in Llama-factory. We construct 10 different
prompts to ask TeamPath for generating the image
captions to reduce the bias of prompt information
in the training process.

To perform the cross-modality generation task,
we also finetune our base model based on the
paired image-transcriptomic profile dataset with
the corresponding training datasets. We select se-
quence data that comes from different batches and
resources, but the same tissue/disease, to build a
testing dataset. To transfer the information in gene
expression space to text space, we first rank the
genes of each spot based on their expression pro-
files and select the top 100 genes to formulate them
in natural language. We then train a linear regres-
sor that takes the natural language information as
inputs and original gene expression profiles as out-
puts based on the training dataset, which finally
gives us a method to decode the language informa-
tion back to gene expression levels. We finetune
our base model with the same approach used in
image summarization and also construct 10 differ-
ent prompts to ask TeamPath for generating gene
expression profiles.

The prompts used in this section can also be
found in Appendix F.

Evaluations. In this manuscript, we consider
task-specific evaluation (Pedregosa et al., 2011;
Virtanen et al., 2020) and follow the settings from
previous works with shared tasks.

For the evaluation of Path VQA and Human-AI
collaboration tasks, we utilize accuracy as a metric.
The generated answer should be precisely matched
with the provided answer. A higher accuracy repre-
sents a better method.

For the evaluation of the image caption summa-
rization task, we utilize several metrics that can
measure the similarity between the generated text
and the provided text. These metrics include BLEU,
ROUGE-1, ROUGE-2, ROUGE-L, BERT score,
and MEDCON (Papineni et al., 2002; Lin, 2004;
Zhang et al.; Jain et al.; Yim et al., 2023), supported
by a recent publication (Van Veen et al., 2024). We
also consider the average score across these metrics.
Here are the descriptions:

* BLEU: The BiLingual Evaluation Understudy
(BLEU) score evaluates the quality of gener-
ated text by breaking both the generated out-
put and the reference text into n-grams, then
comparing the overlap between the two sets.
The score ranges from O to 1 and is typically
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scaled to a range of 0 to 100, with higher val-
ues indicating better model performance.

ROUGE: The Recall-Oriented Understudy for
Gisting Evaluation (ROUGE) score assesses
text quality by computing the F1 score from n-
gram overlaps between the generated text and
the reference text. In this framework, n-grams
from the generated text are treated as predic-
tions, while those from the reference text serve
as labels. Precision, recall, and the F1 score
are calculated using the counts of matching n-
grams and their lengths. ROUGE-1 measures
unigram overlap, ROUGE-2 measures bigram
overlap, and ROUGE-L measures the longest
common subsequence. The score ranges from
0 to 1 and is typically scaled to a range of 0
to 100, with higher values indicating better
model performance.

BERT: The Bidirectional Encoder Represen-
tations from Transformers (BERT) model is
pre-trained on large-scale text corpora for lan-
guage understanding and excels at producing
rich text representations. The BERTScore met-
ric leverages this capability by measuring the
similarity between embeddings of the gener-
ated text and the reference text. The score
ranges from 0 to 1 and is typically scaled to a
range of 0 to 100, with higher values indicat-
ing better model performance.

MEDCON: MEDCON limits the recognized
concepts and entities to the semantic groups
defined in QuickUMLS (Soldaini and Gohar-
ian, 2016), including Anatomy, Chemicals,
Drugs, Device, Disorders, Genes, Molecu-
lar Sequences, Phenomena, and Physiology.
These concepts are extracted from both the
generated text and the reference text, and the
F1 score is calculated based on the overlap
between the two sets. The score ranges from
0 to 1 and is typically scaled to a range of 0
to 100, with higher values indicating better
model performance.

A higher score of these metrics represents a bet-
ter method.

For the evaluation of the cross-modality genera-
tion task, we consider spot-level Pearson Correla-
tion Coefficient (SPCC), gene-level PCC (GPCC),
and Mean Squared Error (MSE) as metrics. Higher
SPCC and GPCC scores represent a better method,



while a lower MSE score represents a better method.
These metrics are computed between generated
gene expression profiles and observed gene expres-
sion profiles.

Baselines. Our baseline methods cover current
state-of-the-art (SOTA) open-source LMMs based
on the open source movement in scientific research
and the powerful influence of open source mod-
els. Moreover, there are a few powerful closed-
source models focusing on digital histopathology.
We apply the access to PathChat (Lu et al., 2024)
but have not received the authorization. These
models include MedGemma-4B, Qwen2.5VL-3B,
Qwen2.5VL-7B, MedVLThinker-7B, InternVL3-
8B, PathGen-LLaVA-13B, and Patho-R1 (7B).
MedGemma-4B is an open-source VLM released
by Google based on finetuning Gemma with
multimodal medical data. Qwen2.5VL-3B and
Qwen2.5VL-7B are open-source VLMs from the
Qwen team, Alibaba Cloud. They are trained
with multimodal data in the general domain.
InternVL3-8B is an open-source VLM released by
OpenGVLab, and it is also trained with multimodal
data from the general domain. For pathology-
specific models, we consider PathGen-LLaVA-
13B (Sun et al.), which is finetuned based on
LLAVA 13B (Liu et al., 2023) with instruction data
from PathGen; as well as Patho-R1, which has a
pathology-specific image encoder and is finetuned
based on Qwen2.5VL-3B with reasoning data.

For the cross-modality generation task, we
also consider a task-specific baseline method,
known as Cell2Sentence (1B) (Levine et al., 2024).
Cell2Sentence is finetuned with instructions and
single-cell transcriptomic data from atlas-level
datasets based on Pythia. This model can generate
cells based on instructions.

B Code and Data Availability

We utilize NCSA, YCRC, and TokyoU HPC plat-
forms to perform experiments. To train Team-
Path, we utilize 32 NVIDIA H100 cores and 8
NVIDIA H200 cores for 24 hours. The CPU
memory upper bound is 80GB. The codes can be
found in https://github.com/HelloWorldLTY/
TeamPath, and the license is the MIT license.

The information on the datasets used in this
manuscript can be found in Supplementary File
1. To access TCGA data, an authorized account is
required. To protect personal privacy, we will not
release experts’ answers.
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F Prompt list
The prompt used for the Pathology VQA is:

Your task: 1. Think through the question
step by step, enclose your reasoning process in
<think>...</think> tags. 2. Then provide the cor-
rect single-letter choice (A, B, C, D,...) inside
<answer>...</answer> tags. 3. No extra informa-
tion or text outside of these tags.

The prompt used for the self-verifier is:

You are an expert in pathology. You are given
a QUESTION and a PROPOSED SOLUTION.
Your job is to: 1. Break down each component
of the proposed solution. 2. Think step by step
to verify if the proposed solution is correct given
the question and the figure. 3. Write a line of the
form ""The proposed solution is correct' or '"The
proposed solution is incorrect' at the end of your
response based on your analysis. QUESTION:
question. PROPOSED SOLUTION: solution.
The prompt used for the self-corrector is:

You are also given a question and an analysis
for the question. Your job is to outline your
step-by-step thought process for deriving a cor-
rect solution and also write down the correct
solution. Using this format: <think> Your step-
by-step reasoning of the question and solution
</think><answer> Your final answer </answer>
Question: question Solution: out_verifier.

The prompt used for the reason corrector is:

You are given QUESTION, REASON, and SO-
LUTION. Your task is to correct the REASON
and SOLUTION. QUESTION: question. SO-
LUTION: solution. REASON: reason The REA-
SON is WRONG. Your solution:


https://github.com/HelloWorldLTY/TeamPath
https://github.com/HelloWorldLTY/TeamPath
https://github.com/HelloWorldLTY/TeamPath

The prompts used for training TeamPath for caption
summary include:

Provide a concise pathological summary of the
tissue shown in this histopathology image, high-
lighting any abnormal cellular or structural fea-
tures in one paragraph. Based on the visual char-
acteristics in this image, summarize the likely
histological diagnosis and key indicators lead-
ing to it in one paragraph. Describe the main
histopathological patterns visible in this image
and summarize what they suggest about the tis-
sue state in one paragraph. Summarize the key
morphological findings in this histopathology
image, including any signs of malignancy, in-
flammation, or necrosis in one paragraph. Gen-
erate a pathology report-style summary based
solely on this histological section, mentioning
tissue type, grade, and diagnostic clues in one
paragraph. Briefly summarize the clinical im-
plications of the abnormalities visible in this
histopathology image in one paragraph. From
this histopathology image, extract and summa-
rize the most diagnostically relevant features
in one paragraph. Identify and summarize any
histopathological hallmarks (e.g., mitotic figures,
glandular formation, stromal invasion) present
in the image in one paragraph. Write a sum-
mary suitable for a pathology trainee explain-
ing what this histopathology image represents
and why in one paragraph. Provide an expert-
level summary of the pathological findings in
this histopathology image, including your confi-
dence in the assessment in one paragraph.

The prompts used for training TeamPath for cross-
modality generation (using IDC as an example)
include:

Generate a list of 100 genes in order of de-
scending expression from one spot shown in
the histopathology image in IDC disease. Cell
sentence:, Produce a list of 100 gene names in
descending order of expression which represent
the expressed genes from one spot shown in
the histopathology image in IDC disease. Cell
sentence:, Create a ranked list of 100 genes
in decreasing order of expression from one
spot shown in the histopathology image in
IDC disease. Cell sentence:, List the top 100
expressed genes from one spot shown in the
histopathology image in IDC disease. Cell
sentence:, Identify the highest expressed 100
genes in decreasing order of expression from
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one spot shown in the histopathology image in
IDC disease. Cell sentence:, Enumerate a list
of 100 genes in descending order of expression
from one spot shown in the histopathology
image in IDC disease. Cell sentence:, Compile
a descending order list of 100 expressed genes
from one spot shown in the histopathology
image in IDC disease. Cell sentence:, Present
a sequence of 100 genes ordered by decreasing
expression level from one spot shown in the
histopathology image in IDC disease. Cell
sentence:, Generate an ordered list of 100 genes
by decreasing expression level from one spot
shown in the histopathology image in IDC
disease. Cell sentence:, Assemble a list of 100
genes from highest to lowest expression from
one spot shown in the histopathology image in
IDC disease. Cell sentence:

G SFT vs RL: Comparison for training

strategies.

How to train a mature reasoning model has always
been a controversial topic, as there exist several dif-
ferent strategies and their performances and ranks
might vary under different task settings or experi-
ment settings (Chu et al., 2025; Wang et al., 2025;
Liu et al., 2025b). Meanwhile, this kind of discus-
sion has not been investigated in training a large
reasoning model for histopathology analysis, and
thus, we consider several different approaches to
provide an empirical analysis to select and interpret
the best combination, which might inspire future
directions or different researchers.

We conduct these experiments based on differ-
ent base models as well as training strategies. Our
base models include Qwen2.5VL-7B, which does
not contain domain-specific knowledge and Patho-
R1-7B, which contains domain-specific knowl-
edge. We also consider different training strate-
gies, including RL (GRPO), RL (DAPO), SFT, and
SFT+RL (GRPO). Extended Data Figures 4 (a)
and (b) show that GRPO can achieve a more obvi-
ous score improvement while DAPO cannot make
an improvement, which implies that a mixture of
tricks does not contribute to training a multi-modal
pathology reasoning model. Extended Data Figures
4 (c) and (d) show that it is important to select a
base model with domain knowledge for training,
and performing SFT4+RL or direct SFT settings
does not benefit this task. Therefore, our optimal



choice to build TeamPath for pathology VQA is
Patho-R1-7B+RL (GRPO).

In conclusion, our results showcase that it is im-
portant to select a good model with domain knowl-
edge to perform training, and for LMMs that can
already possess domain knowledge, directly train-
ing them using RL policies can enhance their gener-
alization capabilities without requiring specialized
SFT training (also known as cold-start training).
Our important findings also align with relevant re-
search across different fields (Chen et al., 2025a;
Zhang et al., 2026), which indirectly validates the
reliability of our conclusions.

H Studies for training data ablation.

We also investigate if incorporating more diverse
data could help TeamPath for generating a better
reasoning path or not. To examine it, we compare
the results between only using multi-choice VQA
(mc VQA) data and using both multi-choice VQA
and open-ended VQA (full VQA) data. Based on
our evaluation results shown in Extended Data Fig-
ure 5 with validation from the PathMMU dataset,
using full VQA data cannot boost TeamPath’s per-
formances in generalizing the results for solving
questions in the PathMMU dataset. Therefore, our
optimal setting only takes mc VQA for RL training.
Details of the reward design for these two different
types of data are explained in the Method section.
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I Supplementary figures

Extract ROl with 224
radius from the IDC
dataset: 44,974

Download whole-slide
histopathology images
from TCGA: 9,568

|

Match the images with
annotation from PathGen
1.6M: 5,650

|

Process the dataset to
extract ROI: 1,620,876

|

Match the ROI with paired
question-answer sets:
200,899

Pair radius with
transcriptomic data after
filtering: 35, 536

Spatial Transcriptomic Generation

Extract ROl with 224
radius from the Brain
dataset: 47,443

Reasoning-driven Summary

Pair ROI with
transcriptomic data after
filtering: 47,443

Reasoning-driven VQA

A e ovstion Spatial Transcriptomic Generation

Extended Data Fig. 1: A flowchart of data-preprocessing
used to train TeamPath.
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Extended Data Fig. 2: Accuracy of diagnosis-related
questions in PathMMU. (a) Results reported based on
the tiny_test dataset. (b) Results reported based on the
large_test dataset.
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Green means right info. Red means wrong info.

Question: Based on the i I stain of section A, which marker is most likely
 targeted given the pattern and color of staining?

ptions: (A) Estrogen Receptor, (B) S100 protein, (C) Synaptophysin, (D) CD34.

answer: (C)

N

((Based on the image, the immunohistochemical stai
shows a pattern of intense red staining, likely

to a strong positive signal. This

pattern is characteristic of **(A) Estrogen

Receptor*”... Therefore, the answer is **(A)

Estrogen Receptor**.

MedGemma-4B

Think: Section A shows a strong cytoplasmic
staining pattern in brown color, which is
characteristic of immunohistochemical staining
targeting specific markers. To determine the
correct marker, it's important to note that the
staining intensity and localization seen here
align...Answer: C

]

Think: The image shows a strong brown n
immunohistochemical stain in the tumor cells...S100

protein (B) is a ic marker associated with

melanoma or neural tumors, which are not supported

by the clinical context. Synaptophysin (C) is a

neuroendocrine marker, and CD34 (D) is a

vascular/stromal marker, neither of which match the
qsewed staining pattern. Answer: A|

To determine which marker is most kel targeted )
by the immunohistochemical stain in section A, we
need to analyze the pattern and color of the
staining. **Estrogen Receptor (ER)" typically stains
with a brownish color and is often used to identify
breast cancer cells that express ER...The correct

answer is: (A) Estrogen Receptor
Qwen2.5\/L—7B
Q

The staining is cytoplasmic and brown. The
pattern follows neural crest-like cells, indicating a
neuroendocrine or melanocytic marker... This
matches the description of the staining pattern
and cell type (neural crest-like cells).

P

Think: The immunohistochemical stain in image A strong, distinct in positivity,
which aligns with the description of a characteristic brown staining pattern. Mammaglobin is a marker
typically used to confirm breast carcinoma as the primary source in metastatic cases. Estrogen Receptor
(A) and $100 (B) are relevant but not directly supported by the image description. CD34 (D) is a vascular
marker and unrelated to breast lesions. The brown chromogen in inset A directly correlates with
mammaglobin staining, making (C) the correct choice. Answer: C.

B: $100 protein.

InternVL3-8B

PathGen-LLaVA

Extended Data Fig. 3: Case study (topic: lipoblast,
which is a protein found in the presynaptic vesicles of
neurons and neuroendocrine cells that plays a role in
synaptic transmission) based on the outputs from differ-
ent models. We highlight the correct information with
green text and incorrect information with red text. For
the models with errors, we consider two cases. The first
case is a wrong answer, the second case is a confused
reasoning path.



Extended Data Fig. 4: Training strategies optimization
with different settings. The results are evaluated based
on the PathMMU dataset. (a) Accuracy across different
categories based on the base model and different RL
strategies. (b) Accuracy and rank across different cate-
gories based on the base model and different RL strate-
gies. (¢) Accuracy across different categories based on
different base models and different RL/SFT strategies.
(d) Accuracy and rank across different categories based
on different base models and different RL/SFT strate-
gies.

17

80 Comparisons between data used for RL training
75
70
65
60
55
50
45

40
PubMed  SocialPath Atlas EduContent PathCLS Avg

mcVQA = full VQA

Extended Data Fig. 5: Comparisons for the PathMMU
VQA question set with different training data. The met-
ric is accuracy.
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Extended Data Fig. 6: An example of using TeamPath
to correct the reasoning path from pathologists.

18



Overall SocialPath

b Amount of corrected questions

8
7

6

5 wid1
4 mid2
3 mig3
2

~ i1

0

PubMed SocialPath EduContent PathCLS Atlas

Number

Extended Data Fig. 7: Results of expert feedback and
TeamPath-corrected information. (a) The PCCs based
on the accuracy of pathologists across different question
categories in PathMMU. (b) The number of corrected
samples for each pathologist made by TeamPath.
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Ablation studies for the choices of verifier
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Extended Data Fig. 8: Ablation studies of using different
models as verifiers.
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Top 10 Most Frequent Labels

Top 10 Most Frequent Labels

Extended Data Fig. 9: Distribution of image categories
used for the testing of summarization performance. (a)
Top 10 disease categories and their number. (b) Top 10
tissue categories and their number.
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Extended Data Fig. 10: Examples of model outputs for
caption summary tasks. We highlight both correct and
incorrect information.
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Extended Data Fig. 11: Extended analyses of spatial
transcriptomic generation. (a) GPCC across different
methods based on the brain tissue. (b) GPCC across
different methods based on the IDC sample. (c) Com-
parison between finetuned Qwen2.5VL-7B and Team-
Path based on the brain tissue. (d) Comparison between
finetuned Qwen2.5VL-7B and TeamPath based on the
IDC sample.
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W Green means right info. Red means wrong info.
S Question: What type of epithelial lining is present in the cystic structure visible in the image? |

Options: (A) Stratified squamous epithelium, (B) Simple ciliated columnar epithelium, (C) Simple
. cuboidal epithelium, (D) Transitional epithelium
|

Annotated answer: (B) Simple ciliated columnar epithelium. Y,

Think: The image shows a serous cystadenoma, a benign epithelial tumor of the ovary. Step 1 of the analysis
focuses on confirming the epithelial type. The cyst lining here is composed of simple cuboidal cells, as stated
in the provided knowledge. Stratified squamous epithelium (A) is unrelated to cystadenomas, which typically
have non-stratified linings. Simple ciliated columnar epithelium (B) is more characteristic of fallopian tubes or
respiratory tract, not ovarian cystadenomas. Transitional epithelium (D) is found in the urinary tract. The
simple cuboidal epithelium (C) aligns with the described histology of serous cystadenomas and distinguishes
it from other malignancies, reinforcing its role in the diagnostic criteria. Answer: B.

Green means right info. Red means wrong info.

N

Question: How are the primarily within the matrix?

Options: (A) Outside the lacunae, scattered in the matrix, (B) In small, tightly packed clusters
— within the lacunae, (C) Singly within individual lacunae, (D) In large, multinucleated groups.

L Annotated answer: B) In small, tightly packed clusters within the lacunae.

J
Think: The chondrocytes are primarily distributed singly within individual lacunae in mature cartilage, as
stated in the knowledge. While isogenous groups (tight clusters) may form during active growth, these are
secondary to the primary arrangement. Option C aligns with this, whereas B incorrectly describes growth-
phase clusters. Option A is invalid because chondrocytes are not scattered outside lacunae in mature

tissue. Option D is invalid because chondrocytes are not multinucleated. Answer: C.

Extended Data Fig. 12: Case studies of TeamPath output
for pathology VQA with (a) an incorrect reasoning path
but a correct answer and (b) an incorrect reasoning leads
to an incorrect answer.



J Supplementary Tables

Extended Data Tab. 1: Dataset statistics for training and

testing sets.

Data type

Number of samples

Training_size (only MCA)
PubMed_test_tiny
PubMed_test
SocialPath_test_tiny
SocialPath_test
Atlas_test_tiny
Atlas_test
EduContent_test_tiny
EduContent_test
PathCLS_test
PathCLS_test_tiny
Test_total

14,288
281
2,787
216
968
208
799
255
1,683
1,632
177
9,006
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