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1. Inference Details

Each WSI is partitioned into ≈20 regions, each with 256
patches. Since SPF has two components: (i) HPS (Eq. 1),
which removes redundant patches using visual similarity
only, and (ii) DPS (Eq. 2), which leverages report-derived
semantic tokens to guide patch relevance during training.
Therefore, during inference, no pathology reports are used.
Only HPS is applied, so patch selection is fully vision-based
with no test-time information leakage.

2. Hierarchical WSI-Caption Alignment

In Computational Pathology (CPath), the importance of hi-
erarchical alignment arises from both biological reasoning
and representational learning principles [17, 22, 43]. The-
oretically, WSIs are not uniform visual entities; instead,
they exhibit a nested organization, where meaning emerges
across multiple levels of abstraction [11, 16, 26, 48]. Diag-
nostic semantics are inherently hierarchical: cellular mor-
phology defines nuclear atypia and mitotic figures; patch-
level structures capture gland formation, necrosis, or im-
mune infiltration; region-level context reflects tumor inva-
sion and stromal interaction; and the global WSI conveys ar-
chitectural disarray and overall differentiation [4, 19, 32]. A
single global embedding, as used in conventional MLLMs
[13, 35], collapses this structure and causes information
loss, particularly of the spatial and semantic dependencies
that exist between local and global tissue organization. Hi-
erarchical alignment mitigates this by learning distinct yet
interconnected visual–language mappings for each scale.
Each level aligns with its corresponding linguistic abstrac-
tion—cells correspond to morphological words, patches to
descriptive phrases, regions to structural sentences, and the
WSI to a diagnostic paragraph—thus preserving composi-
tional semantics and ensuring that information propagates
coherently across scales [6, 21, 30].

Therefore, the hierarchical WSI–caption alignment
mechanism in MLLM-HWSI is central to connecting the
visual semantics of histopathology with the descriptive rea-
soning expressed in diagnostic language [14, 18, 44]. In
conventional CPath MLLMs [13, 35], caption alignment
is performed only at the global level—linking an entire
WSI to its corresponding report or summary. While ef-
fective for coarse labeling or WSI-level classification, this
approach overlooks the fine-grained relationships between
local morphological features and the textual phrases that
describe them. Hierarchical WSI–caption alignment over-
comes this limitation by establishing multi-level correspon-
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Cell Segmentation Cell PANDA EBRAINS WSI-VQA SlideBench-VQA
Backbone Feat. [7] (BA) [42] (BA) [10] (A) (BCNB) [13](A)
CellViT [29] ViTcell-cell 0.748 0.612 0.692 0.687
NuHTC [33] ViTcell-cell 0.733 0.600 0.689 0.685
STRARDIST [45] ViTcell-cell 0.701 0.585 0.665 0.670
MicroNet [41] ViTcell-cell 0.698 0.561 0.672 0.671
HoverNet [23] ViTcell-cell 0.725 0.591 0.690 0.673

Table 1. Effect of cell segmentation backbones in ViTcell-cell. Results show Balanced Accuracy (BA) for PANDA and EBRAINS, and
Accuracy (A) for WSI-VQA and SlideBench-VQA (BCNB). CellViT achieves the highest scores, confirming the benefit of SAM-based
segmentation for cell-level feature extraction.

Models Cell Patch Region WSI PANDA EBRAINS WSI-VQA SlideBench-VQA
Encoder Encoder Encoder Encoder [7] (BA) [42] (BA) [10] (A) (BCNB) [13] (A)

MLLM-HWSI ViTcell-cell FCONCH ViTr ViTWSI 0.748 0.612 0.692 0.687
MLLM-HWSI ViTcell-cell UNI UNI UNI 0.721 0.589 0.653 0.664
MLLM-HWSI ViTcell-cell CONCH CONCH CONCH 0.712 0.581 0.644 0.657
MLLM-HWSI ViTcell-cell CONCH CONCH LongNet 0.702 0.575 0.681 0.665
MLLM-HWSI ViTcell-cell GigaPath GigaPath LongNet 0.692 0.562 0.673 0.681
MLLM-HWSI ViTcell-cell UNI UNI LongNet 0.686 0.564 0.663 0.634

Table 2. Influence of visual encoder selection across hierarchical levels. Different combinations of patch-, region-, and WSI-level
encoders (UNI, CONCH, GigaPath, LongNet) are evaluated, all fine-tuned with the proposed loss. The FCONCH, ViTr , and ViTWSI config-
uration yields the best overall results, highlighting the importance of heterogeneous multi-scale encoders.

dences between visual evidence and linguistic descriptions
across the full diagnostic hierarchy, enabling precise, inter-
pretable, and clinically coherent visual–language reasoning.

At the representational level, hierarchical caption align-
ment ensures that visual embeddings from different
hierarchical levels—cellular, patch-level, regional, and
global—are aligned with language tokens of equivalent
semantic granularity. Words or short phrases describing
morphology (e.g., “hyperchromatic nuclei,” “mitotic fig-
ures”) align naturally with cell-level embeddings; sentences
describing structural patterns (e.g., “disorganized glandu-
lar arrangement”, “stromal invasion”) align with region-
level features; and full diagnostic summaries align with the
WSI-level representation [11, 43]. This multi-scale cor-
respondence transforms caption generation from a mono-
lithic text synthesis problem into a structured reasoning pro-
cess, where the model progressively integrates information
across scales to compose a coherent narrative of pathology.
The result is a caption that not only summarizes findings but
also reflects how human pathologists articulate diagnostic
observations.

From a clinical perspective, hierarchical WSI–caption
alignment bridges the gap between machine perception
and human explanation [27, 40]. In real-world diagnos-
tic practice, pathologists document their findings hierarchi-
cally: starting with cellular morphology, describing archi-

tectural context, and concluding with a diagnostic impres-
sion [2, 6, 21, 28]. For example, a typical breast carcinoma
report might read, “The tumor displays irregular ductal
structures lined by pleomorphic epithelial cells with hyper-
chromatic nuclei and increased mitotic activity.” Each com-
ponent of this description corresponds to a specific spatial
scale within the tissue. By aligning these text segments with
the respective visual features, MLLM-HWSI enables the
model to “speak the language of pathology” — generating
captions that explicitly refer to verifiable visual evidence.
This interpretability enhances clinical transparency, allow-
ing practitioners to trace each diagnostic statement back to
its morphological basis, a critical requirement for medical
AI adoption.

On a modeling level, hierarchical caption alignment
serves as an additional supervisory signal that strengthens
the multi-scale visual–language embedding space. Align-
ing visual tokens with hierarchical captions encourages the
network to encode features that are both discriminative for
diagnosis and descriptive for reporting. This dual objective
reduces overfitting to classification labels and promotes a
richer representation capable of supporting diverse down-
stream tasks, including report generation, retrieval, and
VQA. Furthermore, the caption alignment process improves
semantic calibration between local and global features: by
ensuring that lower-level embeddings contribute meaning-



Variants ViTcell-cell PANDA EBRAINS WSI-VQA SlideBench-VQA
# Encoder (n) # heads (h) Dimension (d) (BA) (BA) (A) (BCNB) (A)

a. MLLM-HWSI 2 2 768 0.748 0.612 0.692 0.687
b. MLLM-HWSI 4 4 768 0.726 0.592 0.681 0.677
c. MLLM-HWSI 6 6 768 0.727 0.590 0.682 0.675
d. MLLM-HWSI 2 2 384 0.741 0.595 0.688 0.671
e. MLLM-HWSI 2 2 192 0.723 0.596 0.690 0.676

Variants Pooling Operation PANDA EBRAINS WSI-VQA SlideBench-VQA
Max Min Average (BA) (BA) (A) (BCNB) (A)

f. MLLM-HWSI ✓ 0.615 0.521 0.653 0.621
g. MLLM-HWSI ✓ 0.605 0.545 0.636 0.618
h. MLLM-HWSI ✓ 0.593 0.543 0.648 0.635

Table 3. Effect of ViTcell-cell architecture on performance. Variants (a–e) modify the number of encoders (n), heads (h), and embedding
dimensions (d), while (f–h) use max, min, and average pooling instead of attention. Results (BA for PANDA/EBRAINS, A for WSI-
VQA/SlideBench-VQA) show that the n = 2, h = 2, d = 768 configuration performs best, emphasizing the value of attention-based
cell-level modeling.

Models Cell Patch Region WSI PANDA EBRAINS WSI-VQA SlideBench-VQA
Feat. Feat. Feat. Feat. [7] (BA) [42] (BA) [10] (A) (BCNB) [13] (A)

WSI-LLaVA [35] × × × ✓ 0.644 0.501 0.546 0.553
SlideChat [13] × × × ✓ 0.633 0.466 0.601 0.541
MLLM-HWSI1 × × × ✓ 0.661 0.519 0.616 0.576
MLLM-HWSI2 × × ✓ ✓ 0.686 0.534 0.611 0.592
MLLM-HWSI3 × ✓ ✓ ✓ 0.711 0.566 0.661 0.621
MLLM-HWSI4 ✓ × × ✓ 0.674 0.531 0.613 0.588
MLLM-HWSI5 × ✓ × ✓ 0.698 0.548 0.623 0.606
MLLM-HWSI6 ✓ ✓ × ✓ 0.715 0.575 0.669 0.640
MLLM-HWSI7 ✓ × ✓ ✓ 0.714 0.587 0.668 0.653
MLLM-HWSI ✓ ✓ ✓ ✓ 0.748 0.612 0.692 0.687
MLLM-HWSI8 ✓ × × × 0.616 0.476 0.569 0.522
MLLM-HWSI9 × ✓ × × 0.623 0.491 0.578 0.521
MLLM-HWSI10 × × ✓ × 0.631 0.511 0.581 0.529
MLLM-HWSI11 ✓ ✓ × × 0.675 0.543 0.621 0.577
MLLM-HWSI12 ✓ × ✓ × 0.672 0.538 0.618 0.574
MLLM-HWSI13 × ✓ ✓ × 0.673 0.535 0.612 0.566
MLLM-HWSI14 ✓ ✓ ✓ × 0.712 0.588 0.666 0.623

Table 4. Effect of hierarchical representations in MLLM-HWSI. Progressive inclusion of cell-, patch-, region-, and WSI-level features
in MLLM-HWSI1−3 improves performance across all benchmarks. The full MLLM-HWSI achieves the highest scores, confirming the
importance of hierarchical multi-scale alignment. PANDA and EBRAINS datasets are used for zero-shot classification while WSI-VQA
and SlideBench-VQA (BCNB) datasets are used for VQA task. Feat. stands for “Features”, BA stands for “Balanced Accuracy”, and A
stands for “Accuracy”.

fully to higher-level textual synthesis, the model main-
tains consistency between fine-grained details and WSI-
level conclusions.

Empirically, hierarchical WSI–caption alignment en-
ables MLLM-HWSI to produce captions that resemble
expert-pathology reports—concise yet semantically dense,
containing morphological detail, architectural context, and
diagnostic interpretation in a single, coherent paragraph.

Such outputs demonstrate not only the model’s ability to de-
scribe what is visible but also to explain why those features
are diagnostically relevant. This capability moves beyond
simple visual description toward clinically useful, inter-
pretable reasoning, establishing MLLM-HWSI as a bridge
between computational pathology and real-world diagnos-
tic reporting.



3. Additional Ablation Studies
3.1. Cell Segmentation Backbones (Table 1)
Table 1 reports the performance when the backbone cell
segmentation method is varied within ViTcell-cell. The SAM-
based CellViT [29] achieves the best results.

3.2. Impact of Different Visual Encoders (Table 2)
Table 2 replaces patch/region encoders with UNI, CONCH,
or GigaPath, and the WSI encoder with UNI, CONCH, or
LongNet, using aggregation layers trained under our losses.
Homogeneous stacks (all-UNI or all-CONCH) reduce fea-
ture diversity and underperform the proposed encoder mix.
Combining LongNet with CONCH, GigaPath, or UNI im-
proves over homogeneous variants but still lags our pro-
posed configuration.

3.3. Variants of ViTcell-cell (Table 3)
Table 3 studies architectural choices for ViTcell-cell: num-
ber of encoder blocks n ∈ {2, 4, 6}, heads h ∈ {2, 4, 6},
and embedding dimension d ∈ {768, 384, 192}. The con-
figuration n=2, h=2, d=768 yields the best overall results.
Replacing ViTcell-cell with simple min/max/average pooling
leads to significant degradation, indicating the necessity of
attention-based cell–cell interaction.

3.4. Importance of Hierarchical Representations
(Table 4)

As shown in Table 4, we progressively augment the hierar-
chical features in MLLM-HWSI1−3. Using only WSI-level
features (MLLM-HWSI1) already exceeds baseline meth-
ods. Adding region, patch, and cell-level features yields
consistent improvements across all datasets. A complemen-
tary subtractive study (MLLM-HWSI4−7) causes notable
drops, underscoring the importance of every representation
level.

Table 4 analyzes the contribution of hierarchical repre-
sentations at different hierarchical levels within MLLM-
HWSI. The variants MLLM-HWSI1−3 incrementally incor-
porate additional levels of hierarchy—starting from WSI-
level features alone, then progressively adding region-,
patch-, and cell-level embeddings. Even with only WSI-
level features (MLLM-HWSI1), the model already sur-
passes strong baselines such as SlideChat and WSI-LLaVA,
indicating that the hierarchical pre-training strategy cap-
tures rich global contextual features. As finer-scale infor-
mation is introduced, performance consistently improves
across all datasets. The proposed MLLM-HWSI model,
which combines cell-, patch-, region-, and WSI-level em-
beddings, achieves the best overall performance, reaching
74.80% and 61.20% balanced accuracy on PANDA and
EBRAINS, respectively, and 69.20% and 68.70% accuracy
on WSI-VQA and SlideBench-VQA.

fibrovascular cores lined by 
epithelial cells within the 
ducts, with eosinophilic 
necrotic debris……

Invasive ductal carcinoma 
accompanied by ductal 
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of infiltrative epithelial cells…

Discarded patch
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Figure 1. Pathologically meaningful patches and discarded patch.

These gains demonstrate that hierarchical representa-
tions allow the model to integrate cellular morphology,
microarchitectural context, and global tissue organization
into a unified reasoning process. The complementary sub-
tractive analysis (MLLM-HWSI4− 7) further validates this
effect—removing any representation hierarchy leads to a
measurable drop in performance, particularly when cell-
or patch-level features are excluded, reflecting the impor-
tance of fine-grained morphological grounding. Models re-
taining only cell-, patch-, or region-level features (MLLM-
HWSI8− 10) perform significantly worse, underscoring
the necessity of multi-scale contextual integration.

Overall, these results confirm that each hierarchical rep-
resentation contributes meaningfully to diagnostic accuracy.
The full MLLM-HWSI, which aligns all four levels of rep-
resentation, yields the most robust and interpretable perfor-
mance, emulating how pathologists synthesize information
across magnifications—from cellular detail to WSI-level
context—to reach precise diagnostic conclusions.

3.5. Effect of the LLM (Table 5)
Table 5 evaluates Vicuna-7B-v1.5 [15], Phi-3-Mini-4k-
Instruct [1], Llama3-8B-Instruct [24], InternLM2-Chat-
7B [8], and Qwen2-2.5 7B-Instruct [47] within MLLM-
HWSI. Qwen2-2.5 7B-Instruct attains the best perfor-
mance; the other four are competitive, highlighting the gen-
eralization of our framework.

3.6. Semantic Patch Filtering (SPF) (Table 6-7)
Table 6 examines Heterogeneous Patch Selection (HPS)
and Diagnostically Relevant Patch Selection (DPS). For
DPS we select top-k=48 patches per region Ri (Table 7).
Removing HPS and/or DPS substantially degrades perfor-
mance; substituting HPS with k-means clustering also re-
duces accuracy. Table 7 varies the DPS top-k∈{32, 64, 96}
(and additional values), with the best results at k=48.
Pathologically meaningful qualitative patches are shown in
Fig. 1.

In our experiments, SPF dynamically selects 48 patches
per region (Table 6-7) before LLM input. After SPF and
cell–cell attention fusion (ViTcell-cell), each patch yields one
cell and one patch token, each region yields one region to-
ken, plus one WSI token, resulting in ∼1941 tokens/WSI



LLMs SlideBench WSI- PANDA
(BCNB) (A) VQA (A) (BA)

Vicuna-7B-v1.5 [15] 0.682 0.683 0.725
Phi-3-Mini-4k-Instruct [1] 0.664 0.674 0.706
Llama3-8B-Instruct [24] 0.677 0.673 0.725
Internlm2-Chat-7B [8] 0.681 0.684 0.738
Qwen2-2.5 7B-Instruct [47] 0.687 0.692 0.748

Table 5. Effect of LLM choice on VQA performance. Compari-
son of five instruction-tuned LLMs integrated into MLLM-HWSI
across SlideBench (BCNB), WSI-VQA, and PANDA datasets.
Qwen2.5-7B-Instruct yields the highest accuracy, highlighting its
stronger multimodal reasoning capability.

always below the 2048 token limit, with no truncation. For
a 4096-dim FP16 LLM, this corresponds to ∼15 MB of in-
put embeddings and ∼30–45 MB total memory, including
the KV cache.

4. Computational Complexity
The model was implemented on four NVIDIA A100 GPUs.
During zero-shot inference, MLLM-HWSI required an av-
erage of 4.90 minutes per WSI on the BRAINS30 dataset,
compared to 4.3, 4.4, and 3.8 minutes for SlideChat,
TITAN, and WSI-LLaVA, respectively. The additional
time arises from multi-scale feature extraction and seman-
tic patch filtering, which enhance performance at a mod-
est computational cost. Despite incorporating hierarchi-
cal multi-scale feature extraction, MLLM-HWSI maintains
computational efficiency comparable to existing SOTA mod-
els, demonstrating scalability without significant inference
overhead.

5. WSI-level Classification Results
5.1. Zero-shot Classification of WSIs (Table 8)
We evaluated the zero-shot WSI classification capability
of the pre-trained MLLM-HWSI model using the vision
and text encoders obtained from Stage I (hierarchical cross-
modal alignment). Following established evaluation proto-
cols in TITAN [20], CONCH [37], and QuiltNet [31], we
directly measured the semantic alignment between hierar-
chical WSI features and class-specific textual descriptions
without any task-specific fine-tuning.

For each test WSI, hierarchical visual features were
extracted from the MLLM-HWSI encoder and compared
against class-level textual prompts encoded by the text
encoder. Both visual and textual embeddings were ℓ2-
normalized, and class prediction was determined by select-
ing the label corresponding to the highest cosine similarity
between the two modalities. We adopted dataset-specific
testing prompts consistent with prior zero-shot WSI classi-
fication works to ensure fair comparison across benchmarks
[12, 20, 31, 37].

This protocol evaluates how effectively MLLM-HWSI
transfers its learned hierarchical alignment from multi-
modal pre-training to unseen classification tasks. As shown
in Fig. 4(a) of the main paper and Table 8, MLLM-
HWSI achieves SOTA zero-shot accuracy across six exter-
nal datasets, demonstrating robust generalization and the
discriminative strength of its multi-scale visual–language
representations.

5.2. Linear Probe Evaluation (Table 9)

We also conducted a linear probe evaluation to assess the
discriminative strength and transferability of the representa-
tions learned by MLLM-HWSI during pre-training. Linear
probing provides a widely adopted, architecture-agnostic
framework for measuring the quality of learned features
[12, 20]. The procedure involves freezing all parameters of
the pre-trained encoder and training a simple logistic regres-
sion classifier on the extracted features. High linear probe
performance indicates that the encoder captures rich, sep-
arable, and generalizable representations. Please see our
linear probe evaluation results in Fig. 4 (b) of the main
manuscript and Table 9.

Following prior CPath foundation models such as TI-
TAN [20] and UNI [12], we trained a linear classifier on top
of hierarchical features extracted from the Stage I MLLM-
HWSI encoder. The classifier was optimized using an ℓ2-
regularized L-BFGS solver from scikit-learn, with a
maximum of 500 iterations. For datasets lacking a dedi-
cated validation set, we used default settings with ℓ2 = 1
and 1,000 iterations to ensure stable convergence. The lin-
ear classifier was trained using cross-entropy loss on frozen
embeddings aggregated across cell-, patch-, region-, and
slide-level tokens.

Table 9 presents results across six public datasets, com-
paring MLLM-HWSI to leading CPath foundation models,
including TITAN, FOCUS, GigaPath, and UNI. O MLLM-
HWSI model consistently achieves the best performance
across all datasets and metrics, attaining the highest F1-
score (F) and balanced accuracy (BA) on PANDA (0.882
/ 0.867), EBRAINS30 (0.833 / 0.803), BRACS (0.603 /
0.571), UBC-Ocean (0.968 / 0.961), TCGA-OT (0.789 /
0.766), and IMP-CRC (0.951 / 0.981). These substantial
improvements over strong baselines such as TITAN (0.836
/ 0.823 on PANDA) and UNI (0.809 / 0.757 on PANDA)
demonstrate that hierarchical vision–language alignment
yields highly discriminative and transferable WSI repre-
sentations. Overall, the linear probe results confirm that
MLLM-HWSI learns semantically structured, multi-scale
embeddings that generalize effectively across organs, can-
cer types, and dataset domains—validating the effectiveness
of hierarchical pre-training in capturing biologically mean-
ingful and diagnostic features.



Variants Semantic Patch Filtering PANDA EBRAINS WSI-VQA SlideBench-VQA
HPS DPS (BA) (BA) (A) (BCNB)(A)

a. MLLM-HWSI ✓ ✓ 0.748 0.612 0.692 0.687
b. MLLM-HWSI ✓ × 0.731 0.592 0.674 0.663
c. MLLM-HWSI × ✓ 0.741 0.606 0.684 0.676
d. MLLM-HWSI × × 0.711 0.566 0.664 0.657

Variants Semantic Patch Filtering PANDA EBRAINS WSI-VQA SlideBench-VQA
K-means DPS (BA) (BA) (A) (BCNB) (A)

e. MLLM-HWSI ✓ ✓ 0.702 0.571 0.661 0.654
f. MLLM-HWSI ✓ × 0.683 0.554 0.641 0.644

Table 6. Effect of Semantic Patch Filtering. Comparison of different combinations of Heterogeneous Patch Selection (HPS), Diagnosti-
cally Relevant Patch Selection (DPS), and K-means clustering in MLLM-HWSI. The combination of HPS and DPS yields the best overall
accuracy, highlighting their complementary roles in selecting diverse and diagnostic patches.

top-k PANDA EBRAINS WSI-VQA SlideBench-VQA
Value [7] (BA) [42] (BA) [10] (A) (BCNB) [13](A)
16 0.711 0.588 0.676 0.641
32 0.731 0.605 0.681 0.663
48 0.748 0.612 0.692 0.687
64 0.743 0.604 0.686 0.682
96 0.740 0.608 0.685 0.678
128 0.735 0.610 0.684 0.675

Table 7. Influence of top-k in ViTcell-cell. Performance with dif-
ferent top-k values in the Diagnostically Relevant Patch Selection
(DPS) module. The best results are achieved at top-k = 48, indi-
cating optimal diagnostic coverage and compactness.

6. WSI-Level Report Generation Qualitative
Results (Tables 10-14)

We conducted an extensive qualitative comparison of
pathology report generation to evaluate the interpretive and
diagnostic reasoning capabilities of MLLM-HWSI against
SOTA CPath models, including WSI-LLaVA, MI-Gen,
Hist-Gen, Quilt-LLaVA, and GPT-4o. Tables 10–14 illus-
trate representative examples covering multiple diagnos-
tic contexts—morphological description, global architec-
ture analysis, key diagnostic feature identification, molec-
ular subtyping, and TNM staging.

Across all examples, MLLM-HWSI produces reports
that are nearly indistinguishable from expert-authored
ground truth, demonstrating close semantic and morpholog-
ical alignment. Its outputs consistently capture fine-grained
histological detail—including nuclear pleomorphism, kera-
tinization, intercellular bridges, and mitotic figures—while
preserving global structural context, such as tumor organi-
zation and invasion patterns. The generated descriptions
are linguistically coherent, clinically interpretable, and free
from redundant or hallucinated content that often appears in
baseline models.

In morphological and global description tasks (Tables
10–11), MLLM-HWSI accurately describes both cellular
morphology and tissue-level architecture, surpassing prior
models that either miss key features or overgeneralize find-
ings. For diagnostic and molecular interpretation (Tables
12–13), the model correctly identifies defining histologic
and molecular attributes, such as papillary architecture,
psammoma bodies, and HPV-negative subtypes, aligning
precisely with ground-truth annotations. In the staging ex-
ample (Table 14), MLLM-HWSI achieves perfect corre-
spondence with clinical staging guidelines, correctly report-
ing T3 N2 M0 without deviation.

Overall, these qualitative analyses highlight that MLLM-
HWSI not only surpasses all competing models in accu-
racy and language fluency but also demonstrates clinically
grounded, evidence-based reasoning. By aligning hierarchi-
cal WSI features with pathology-specific language, MLLM-
HWSI generates diagnostic narratives that faithfully repli-
cate expert interpretation—bridging the gap between auto-
mated analysis and human-level pathological reporting.

7. Pre-training Details of MLLM-HWSI
The pre-training of MLLM-HWSI is organized into three
sequential stages: (i) hierarchical WSI–text alignment,
(ii) hierarchical feature-space alignment, and (iii) task-
specific instruction tuning. Stages I and II utilize 9,642
WSI–caption pairs from the WSIBench dataset [34] cover-
ing diverse cancer types, while Stage III employs 175,450
WSI-level VQA pairs from the same source for instruction
fine-tuning.

Overall, the training process is divided into three stages,
i.e., hierarchical WSI-text alignment, hierarchical feature
space alignment, and task-specific instruction tuning. In
stage I and II, we used 9,642 WSIs-caption pairs from the
WSIBench dataset [34]. In stage III, we used 175,450 WSI-
level VQA pairs from the WSIBecnh dataset [34].



Table 8. WSI-level Zero-shot classification performance comparison results with SOTA CPath models across six datasets.

Method PANDA EBRAINS BRACS UBC-Ocean TCGA-OT IMP-CRC
F BA F BA F BA F BA F BA F BA

PLIP 0.288 0.235 0.013 0.080 0.214 0.203 0.376 0.345 0.203 0.223 0.523 0.655
PathCLIP 0.461 0.455 0.223 0.187 0.281 0.309 0.657 0.612 0.304 0.334 0.560 0.700
CPLIP 0.445 0.420 0.253 0.233 0.294 0.288 0.706 0.653 0.431 0.405 0.591 0.733
CONCH 0.596 0.566 0.304 0.278 0.336 0.344 0.786 0.807 0.488 0.532 0.637 0.833
QuiltNet 0.532 0.509 0.229 0.201 0.321 0.312 0.753 0.776 0.486 0.506 0.608 0.788
MR-PLIP 0.701 0.681 0.332 0.314 0.403 0.411 0.855 0.833 0.506 0.541 0.679 0.809
SlideChat 0.605 0.633 0.479 0.326 0.248 0.255 0.861 0.902 0.493 0.487 0.648 0.809
PathGenCLIP 0.511 0.488 0.255 0.221 0.295 0.288 0.786 0.756 0.498 0.522 0.612 0.723
MI-Zero 0.405 0.386 0.253 0.233 0.261 0.241 0.807 0.786 0.506 0.486 0.585 0.666
KEP 0.476 0.455 0.209 0.193 0.244 0.221 0.734 0.721 0.446 0.456 0.598 0.687
TITAN 0.621 0.608 0.365 0.543 0.385 0.381 0.908 0.865 0.713 0.616 0.723 0.861
WSI-LLaVA 0.668 0.644 0.389 0.501 0.294 0.289 0.872 0.881 0.517 0.523 0.692 0.823
PRISM 0.544 0.521 0.263 0.279 0.322 0.334 0.753 0.765 0.538 0.460 0.624 0.743
Proposed MLLM-HWSI 0.722 0.748 0.458 0.612 0.446 0.456 0.952 0.922 0.748 0.666 0.767 0.908

Table 9. WSI-level classification results and comparisons using linear probe evaluation and weakly supervised MIL-based classification
with SOTA CPath models across six datasets.

Method PANDA EBRAINS30 BRACS UBC-Ocean TCGA-OT IMP-CRC
F BA F BA F BA F BA F BA F BA

HIPT 0.687 0.654 0.702 0.677 0.334 0.288 0.766 0.706 0.512 0.488 0.718 0.801
CTransPath 0.752 0.691 0.597 0.514 0.398 0.355 0.788 0.733 0.566 0.544 0.749 0.833
REMEDIS 0.766 0.711 0.471 0.382 0.367 0.331 0.733 0.706 0.504 0.455 0.772 0.843
CHIEF 0.745 0.724 0.706 0.688 0.413 0.387 0.823 0.789 0.640 0.528 0.701 0.781
DinoPath 0.682 0.706 0.771 0.755 0.394 0.361 0.844 0.821 0.586 0.556 0.792 0.855
Virchow 0.741 0.728 0.723 0.701 0.459 0.422 0.902 0.889 0.656 0.564 0.708 0.755
RudolfV 0.653 0.677 0.706 0.688 0.438 0.401 0.881 0.865 0.607 0.596 0.732 0.786
UNI 0.809 0.757 0.746 0.675 0.538 0.504 0.940 0.922 0.657 0.633 0.814 0.881
GigaPath 0.789 0.794 0.704 0.687 0.507 0.477 0.901 0.889 0.659 0.543 0.791 0.856
TITAN 0.836 0.823 0.786 0.735 0.511 0.400 0.956 0.933 0.764 0.704 0.903 0.946
FOCUS 0.804 0.782 0.733 0.671 0.474 0.451 0.903 0.841 0.685 0.605 0.829 0.877
Proposed MLLM-HWSI 0.882 0.867 0.833 0.803 0.603 0.571 0.968 0.961 0.789 0.766 0.951 0.981

Stage I (Hierarchical WSI–Text Alignment). In this
stage, we align multi-scale WSI representations with their
textual counterparts. The learning rate is set to 1×10−3, and
the batch size to 64. Only the two-layer projection matrices
responsible for vision–language alignment are optimized,
while both the hierarchical encoders and the text encoder
remain frozen. The model is trained for 50 epochs with a
temperature coefficient of 0.02 to regulate the contrastive
learning objective.
Stage II (Hierarchical Feature-Space Alignment). Dur-
ing this phase, both the multi-scale visual encoder and the
LLM remain frozen, and training focuses exclusively on re-
fining the hierarchical projection layers to harmonize fea-
ture distributions across modalities. The learning rate is
maintained at 1 × 10−3, using a global batch size of 256
for one epoch. The maximum input length is set to 2048
tokens, with no weight decay and a warmup ratio of 0.03 to
ensure stable optimization.

Stage III (Instruction Fine-Tuning). This stage enables
multimodal reasoning by tuning the LLM jointly with the
hierarchical projection layers while keeping the hierarchical
encoder frozen. The learning rate is reduced to 2 × 10−5,
with a global batch size of 128 and a maximum sequence
length of 2048. Weight decay remains 0, and the warmup
ratio is fixed at 0.03. To achieve parameter-efficient adap-
tation, we apply LoRA (Low-Rank Adaptation) with a rank
of 128 and α = 256. Training is performed using Deep-
Speed ZeRO-3 for distributed optimization and BF16 preci-
sion with TensorFloat32 acceleration, improving computa-
tional efficiency while maintaining numerical stability.

8. Computational Pathology Datasets
To comprehensively evaluate MLLM-HWSI across a di-
verse range of CPath tasks, we employed multiple publicly
available WSI datasets spanning classification, visual ques-
tion answering (VQA), report generation, retrieval, and cap-



tioning benchmarks.
For WSI classification, including both zero-shot and lin-

ear probe evaluations, we used six standard benchmarks:
BRACS [5], PANDA [7], IMP-CRC [39], TCGA-OT [20,
38], EBRAINS [42], and UBC-Ocean [3]. These datasets
encompass a wide spectrum of organs, cancer subtypes, and
histological grading systems, ensuring robust cross-domain
generalization.

For the zero-shot VQA task, we adopted four multi-
modal benchmarks: WSI-Bench (4,119 pairs) [34], WSI-
VQA (8,672 pairs) [10], SlideBench-VQA (BCNB) (7,247
pairs) [13], and SlideBench-VQA (TCGA) (7,824 pairs)
[13]. Together, these datasets evaluate the model’s ability
to reason over morphological, diagnostic, and clinical ques-
tions at the slide level.

For report generation, we used the WSI-Bench (208
WSI–report pairs) [35] and HistGen (700 pairs) [25]
datasets, both curated to assess automatic report synthesis
grounded in morphological evidence.

For the WSI retrieval task, we evaluated on TCGA-OT
[20, 38], EBRAINS [42], and IMP-CRC [39], enabling as-
sessment of large-scale visual similarity retrieval in diag-
nostic contexts.

For cross-modal retrieval, we utilized the TCGA Re-
ports dataset [20, 46], which links WSIs with associated
clinical and textual records to evaluate bidirectional align-
ment between visual and textual representations.

Finally, for caption generation, we used the SlideBench
dataset [13], designed for producing concise, pathology-
grounded descriptions of WSIs.

Collectively, these datasets provide a comprehensive
evaluation suite for assessing MLLM-HWSI’s performance
across diagnostic interpretation, reasoning, and language
grounding tasks in computational pathology.
1. BRACS (7 classes) [5] consists of 547 H&E FFPE
WSIs of breast tumors (benign, atypical, and malignant)
collected from 189 patients. The cases are annotated at
two levels: a coarse-grained level of three classes (benign
tumors: 265, atypical tumors: 89, malignant tumors:
193) and a fine-grained level of seven subtypes (including
invasive carcinoma, ductal carcinoma in situ, and various
benign/atypical hyperplasias). The dataset is divided into
five label-stratified, patient-level splits using a 60:20:20
ratio (approx. 302:94:151 slides) for training, validation,
and testing.

2. UBC-Ocean (5 Classes) [3] comprises 538 WSIs, with
527 meeting foreground tissue criteria, for ovarian cancer
subtyping. The dataset covers five distinct subtypes: Clear
Cell (CC), Endometrioid (EC), High-Grade Serous Car-
cinoma (HGSC), Low-Grade Serous Carcinoma (LGSC),
and Mucinous Carcinoma (MC). The dataset is divided
in a stratified fashion into train:validation:test sets with

approximately 369:52:106 WSIs, respectively.

3. TCGA-OT (46 Classes) [20, 38] is a pan-cancer subtyp-
ing dataset derived from TCGA, consisting of 11,186 H&E
FFPE diagnostic histopathology WSIs of primary tumors.
All WSIs are classified into 46 distinct cancer types based
on the OncoTree classification system, with each class
represented by at least 50 samples. Slides were rigorously
curated by excluding frozen tissues, metastatic/recurrent
tumors, and slides lacking magnification or tumor tissue.
The dataset is split into training, validation, and test folds of
8,226:1,612:1,348 samples, respectively, while ensuring all
slides from the same source site remain within a single split.

4. EBRAINS (30 classes) dataset [42] features H&E-
stained whole-slide images (WSIs) of brain tissue sourced
from The Digital Brain Tumour Atlas. For our study,
we utilized a subset of 2,319 WSIs (out of 3,114 total),
mirroring the selection process used for the CONCH
dataset [36]. This defined a 30-class fine-grained brain
tumor subtyping task, including only diagnostic labels with
at least 30 slides. We established the WSI counts per class
to match those in CONCH. For the supervised task, the
2,319 slides were split 50%-25%-25% into training (1,151
slides), validation (595 slides), and testing (573 slides).
This 573-slide testing split was also used as the zero-shot
test set.

5. PANDA (6 classes) is the International Society of
Urological Pathology (ISUP) grading task derived from
the PANDA challenge [7]. This dataset comprises prostate
cancer core needle biopsies. We utilized a subset of 9,555
Whole Slide Images (WSIs) after excluding noisy labels
from the original 10,616 slides. These 9,555 slides are
distributed across the six ISUP grades as follows: Grade 0
(2,603), Grade 1 (2,399), Grade 2 (1,209), Grade 3 (1,118),
Grade 4 (1,124), and Grade 5 (1,102). For experiments, the
dataset was partitioned into standard 80% training, 10%
validation, and 10% test sets (7,647:954:954 WSIs).

6. IMP-CRC (3 Classes) [39] is a colorectal cancer dataset
containing 5,333 H&E FFPE biopsy and polypectomy
WSIs from the IMP Diagnostics laboratory. Cases are
classified into three distinct categories: Non-neoplastic
(847 slides), Low-grade lesions (2847 slides) which include
conventional adenomas with low-grade dysplasia, and
High-grade lesions (1639 slides) encompassing conven-
tional adenomas with high-grade dysplasia, intramucosal
carcinomas, and invasive adenocarcinomas. The dataset
is label-stratified and split into train:validation:test sets
using a 60:20:20 ratio, resulting in 3546:887:900 slides,
respectively.



7. WSI-Bench [34] is a large-scale VQA dataset specif-
ically designed for WSIs. It contains a total of 179,569
VQA pairs. The training set comprises 175,450 pairs across
9,642 WSIs (122,133 open-ended and 53,317 closed-ended
questions). The test set consists of 4,119 VQA pairs from
208 WSIs (2,838 open-ended and 1,281 closed-ended
questions). Additionally, a specific subset of 208 VQA
pairs is dedicated to report generation.

8. WSI-VQA dataset [9] contains 977 whole-slide
images (WSIs), which are paired with a total of 8,672
question-and-answer (QA) pairs. On average, this amounts
to approximately 8.9 QA pairs per WSI. The QA pairs
are composed of 4,535 close-ended questions and 4,137
open-ended questions.

9. SlideBench-VQA (BNCB) [13] is a dataset comprising
7,247 Visual Question Answering (VQA) pairs derived
from 1,058 patients. Its primary purpose is to evaluate
the zero-shot generalization capability of models like
SlideChat across seven distinct classification tasks.

10. SlideBench-VQA (TCGA) [13] is a VQA dataset
specifically focused on WSIs sourced from The Cancer
Genome Atlas (TCGA). The dataset comprises 7,827 VQA
pairs, which cover 13 distinct WSI categories. The 2451
overlapping samples of SlideBench-VQA (test split) with
WSI-Bench were not used during training. All evaluations
were performed on held-out test splits. Our zero-shot
results, therefore, reflect generalization to unseen WSIs.

11. HistGen-Report [25] is a WSI dataset designed for
report generation. It comprises 7,753 WSI-report pairs
sourced from the TCGA platform. The diagnostic reports
were subsequently refined using large language models to
ensure high quality, coherence, and diagnostic relevance.

12. TCGA-Reports [20, 46] is a dataset containing
pathology reports sourced from The Cancer Genome Atlas
(TCGA) data portal. The dataset was compiled from 11,108
pathology report PDFs, corresponding to 11,010 patients.
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Table 10. Qualitative comparison of pathology report generation across SOTA CPath models. The qualitative analysis illustrates how
MLLM-HWSI produces reports that closely match expert-annotated ground truth, capturing both fine-grained cellular morphology and
global architectural context. Compared with prior models (e.g., WSI-LLaVA, MI-Gen, Hist-Gen, Quilt-LLaVA, and GPT-4o), MLLM-
HWSI generates linguistically coherent and diagnostically accurate descriptions that mirror expert reasoning, demonstrating superior
grounding between visual evidence and clinical language. Green: matched ground-truth content; Red: deviations; Orange: ground truth
content missing in model response; Underlined: template language.

WSI

Question What are the main observations in the whole slide histopathology image, and what is the likely diagno-
sis?

WSI-LLaVA Microscopic observation of the pathology slide reveals moderately differentiated squamous cell carci-
noma characterized by nests and sheets of atypical squamous epithelial cells with intercellular bridges
and keratinization. The tumor cells exhibit moderate nuclear pleomorphism with enlarged, hyperchro-
matic nuclei and prominent nucleoli. Mitotic figures are present, indicating active cell division.There is
no evidence of vascular invasion, necrosis, or calcification within the examined tissue. Based on these
observations, the diagnosis is moderately differentiated keratinizing squamous carcinoma.

MI-Gen Microscopic observation of the pathology slide reveals a poorly differentiated squamous cell carcinoma
characterized by a lack of squamous cell carcinoma. The tumor exhibits a lack of squamous differenti-
ation with a lack of squamous differentiation. The tumor cells exhibit moderate nuclear pleomorphism
with variability in nuclear size and shape and there is a moderate rate of cell division. Vascular invasion
is not identified. Necrosis is not observed within the tumor. Based on these observations, the diagnosis
is squamous cell carcinoma.

Hist-Gen Microscopic observation of the pathology slide reveals a poorly differentiated squamous cell carcinoma
characterized by irregular nests and sheets of atypical squamous cells with intercellular bridges and
keratinization. The tumor cells exhibit a high degree of nuclear pleomorphism. There is no evidence
of vascular invasion or necrosis within the tumor tissue. The surrounding lung parenchyma shows
areas of chronic inflammation and chronic inflammation. Based on these observations, the diagnosis is
squamous cell carcinoma, poorly differentiated.

Quilt-LLaVA Microscopic observation of the pathology slide reveals sheets and nests of atypical squamous cells with
moderate differentiation. There is evidence of focal keratinization, characterized by the presence of ker-
atin pearls within the tumor tissue. Intercellular bridges are noted among the squamous cells, indicating
differentiation towards squamous epithelium. The cellular morphology shows moderate pleomorphism,
with variability in nuclear size and shape, and occasional prominent nucleoli. Mitotic figures are present
but not excessively numerous. Vascular invasion is not specified in the observations, and necrosis is not
prominently noted. Based on these observations, the diagnosis is squamous cell carcinoma, moderately
differentiated.

GPT-4o This histopathology image shows a well-circumscribed, nodular lesion with a dense, cellular stroma.
There are areas of necrosis and hemorrhage, and the tissue architecture appears disrupted. The lesion
has a heterogeneous appearance with varying cellular densities and some fibrotic regions. Diagnosis:
The features are consistent with a uterine fibroid (leiomyoma), which is characterized by a smooth
muscle cell growth forming a circumscribed mass with areas of degeneration.

MLLM-HWSI Microscopic observation of the pathology slide reveals sheets and nests of atypical squamous epithelial
cells with moderate differentiation. There is clear evidence of focal keratinization, highlighted by
the formation of keratin pearls within the tumor tissue. Intercellular bridges are well identi-
fied among the tumor cells, confirming differentiation toward squamous epithelium. The nuclei
display moderate pleomorphism with variation in size and shape and occasional prominent nu-
cleoli. Mitotic figures are present but not numerous, indicating a moderate proliferative index.
There is no evidence of vascular invasion, and necrosis is not apparent in the examined sections.
Based on these findings, the features are consistent with a moderately differentiated keratinizing
squamous cell carcinoma.

Ground Truth Microscopic observation of the pathology slide reveals sheets and nests of atypical squamous cells with
moderate differentiation. There is evidence of focal keratinization, characterized by the presence of ker-
atin pearls within the tumor tissue. Intercellular bridges are noted among the squamous cells, indicating
differentiation towards squamous epithelium. The cellular morphology shows moderate pleomorphism,
with variability in nuclear size and shape, and occasional prominent nucleoli. Mitotic figures are present
but not excessively numerous. Vascular invasion is not specified in the observations, and necrosis is not
prominently noted. Based on these observations, the diagnosis is squamous cell carcinoma, moderately
differentiated.



Table 11. A comparative example of global morphology description outputs from different CPath models. Green: matched ground-truth
content; Red: deviations; Orange: ground truth content missing in model response; Underlined: template language.

WSI

Question Can you provide an overall description of the whole slide image (WSI)?

WSI-LLaVA The whole slide image reveals exuberant granulation tissue characterized by notable fibroblastic pro-
liferation and myxoid changes. The cellular component is primarily composed of spindle-shaped cells
within a myxoid matrix. There is an absence of normal tissue architecture as the granulation tissue
dominates the observed section. Importantly, no residual sarcoma tissue is identifiable within this ex-
amined section.

Quilt-LLaVA The whole slide image reveals a tumor with a diffuse architectural pattern, characterized by a mixture
of alveolar formations and glandular cell differentiation. There is a notable presence of large cells with
prominent nucleoli and moderate nuclear atypia. The mitotic activity is moderate, with 8 mitoses per
10 high power fields. The tumor shows significant vascular invasion, with tumor cells infiltrating the
renal vein. Additionally, there is focal necrosis within the tumor tissue.

WSI-VQA The whole slide image reveals a biphasic tumor composed of spindle-shaped cells arranged in a stori-
form pattern. The spindle cells are arranged in a storiform pattern. The spindle cells are arranged in a
storiform pattern. There is a notable absence of necrosis or calcification within the tumor.

GPT-4o The whole slide image appears to be a tissue section stained with hematoxylin and eosin (H&E), com-
monly used in histopathology. The sample is divided into several sections, likely representing different
orientations or parts of the tissue. – *Coloration*: The pink and purple hues suggest typical H&E
staining, where eosin stains cytoplasmic components pink and hematoxylin stains nuclear material blue
or purple. – *Tissue Architecture*: The sections show varying thickness with folded tissue smooth and
irregular contours, indicating possible different tissue types or regions. – *Other Observations*: There
are areas that seem to contain more densely packed cells and some regions with more open or less cellu-
lar areas, suggesting different tissue densities or types. A detailed examination at higher magnification
would be necessary for further analysis, such as identifying specific pathological features or tissues.

MLLM-HWSI The WSI demonstrates exuberant granulation tissue with extensive fibroblastic proliferation embedded
in a myxoid stroma. The spindle-shaped fibroblasts are loosely arranged within the extracellular matrix,
accompanied by delicate capillary networks and scattered inflammatory infiltrates. No evidence of
residual malignant or sarcomatous components is observed. The overall architecture is dominated by
reactive granulation tissue replacing normal parenchymal organization, consistent with post-treatment
reparative changes.

Ground Truth The whole slide image demonstrates exuberant granulation tissue characterized by notable fibroblastic
proliferation and myxoid changes. The cellular component is primarily composed of spindle-shaped
cells within a myxoid matrix. There is an absence of normal tissue architecture as the granulation
tissue dominates the observed section. Importantly, no residual sarcoma tissue is identifiable within
this examined section.



Table 12. A comparative example of key diagnostic description outputs from different CPath models. Green: matched ground-truth content;
Red: deviations; Orange: ground truth content missing in model response; Underlined: template language.

WSI

Question Which observed features are most significant for making a diagnosis?

WSI-LLaVA The most significant features include the papillary architecture with fibrovascular cores, the presence
of psammoma bodies, and the nuclear characteristics such as overlapping, grooves, and intranuclear
cytoplasmic inclusions. The absence of vascular invasion, necrosis, and calcification also plays a crucial
role in the diagnostic process.

Quilt-LLaVA The most significant features include the irregular clusters of epithelial cells with poor glandular dif-
ferentiation, marked nuclear pleomorphism, and the presence of perineural invasion. The high mitotic
activity and evidence of lymphovascular invasion are also critical, as they indicate aggressive tumor
behavior.

WSI-VQA The most significant features include the papillary architecture with fibrovascular cores and the presence
of fibrovascular cores. The absence of vascular invasion and necrosis further supports the diagnosis.
The absence of necrosis and calcification further supports the diagnosis.

GPT-4o The whole slide image appears to be a tissue section stained with hematoxylin and eosin (H&E), com-
monly used in histopathology. The sample is divided into several sections, likely representing different
orientations or parts of the tissue. – *Coloration*: The pink and purple hues suggest typical H&E
staining, where eosin stains cytoplasmic components pink and hematoxylin stains nuclear material blue
or purple. – *Tissue Architecture*: The sections show varying thickness with folded tissue smooth and
irregular contours, indicating possible different tissue types or regions. – *Other Observations*: There
are areas that seem to contain more densely packed cells and some regions with more open or less cellu-
lar areas, suggesting different tissue densities or types. A detailed examination at higher magnification
would be necessary for further analysis, such as identifying specific pathological features or tissues.

MLLM-HWSI The diagnostic features most critical for interpretation include a prominent papillary architecture with
well-formed fibrovascular cores lined by epithelial cells showing characteristic nuclear overlapping,
grooves, and intranuclear cytoplasmic inclusions. Multiple psammoma bodies are present within the
papillary stalks. There is no evidence of vascular, lymphatic, or perineural invasion, and no areas of
necrosis are identified. These cytologic and architectural features are diagnostic of a papillary-patterned
neoplasm consistent with papillary carcinoma morphology.

Ground Truth The whole slide image demonstrates exuberant granulation tissue characterized by notable fibroblastic
proliferation and myxoid changes. The cellular component is primarily composed of spindle-shaped
cells within a myxoid matrix. There is an absence of normal tissue architecture as the granulation
tissue dominates the observed section. Importantly, no residual sarcoma tissue is identifiable within
this examined section.



Table 13. A comparative example of molecular subtyping outputs from different CPath models.

WSI

Question Based on the IHC results showing P16 negativity and HR, HPV ISH status negativity, what is the
molecular subtype in this head and neck squamous cell carcinoma?

WSI-LLaVA The molecular subtype is HNSC HPV.

Quilt-LLaVA The molecular subtype is HNSC HPV.

WSI-VQA the molecular subtype is hnsc unk.

GPT-4o The molecular subtype of head and neck squamous cell carci noma with P16 negativity and HR HPV
ISH negativity is typ ically HPV-negative. This subtype is generally associated with non-viral risk
factors such as smoking and alcohol use.

MLLM-HWSI Given the P16 negativity and HR HPV ISH negativity, the molecular subtype is correctly classified
as HNSC HPV-negative. This reflects a non-viral, keratinizing phenotype often linked to tobacco and
alcohol-related carcinogenesis. These molecular features are characteristic of the HPV-independent
pathway in head and neck squamous cell carcinoma.

Ground Truth The molecular subtype is HNSC HPV



Table 14. A comparative example of staging outputs from different CPath models.

WSI

Question What is the TNM staging for a patient with a 7 cm tumor, several affected lymph nodes, but no distant
metastasis?

WSI-LLaVA The TNM staging for this patient is T3 N2 M0.

Quilt-LLaVA The TNM staging for this patient is T3 N2 M0.

WSI-VQA the tnm staging for this patient is t2 n2 m0.

GPT-4o To determine the TNM staging, we need to consider the following components:- **T (Tumor size):**
The tumor is 7 cm. This generally corresponds to T2 or T3, depending on the specific cancer type, but
often T3 for many cancers. GPT-4o- **N(Nodes):** ¨ Several affected lymph nodes¨ typically indi-
cates N1 or N2, depending on the exact number and extent of nodal involvement.- **M (Metastasis):**
No distant metastasis is indicated as M0. Without specific details about the type of cancer, a general
staging based on the information given could be T3N1M0 or T3N2M0. However, the exact stage can
vary based on cancer type and guidelines, so consultation with specific cancer staging resources is ad-
vised for precise staging.

MLLM-HWSI According to TNM criteria, the 7 cm primary tumor meets the definition of T3 due to its size exceeding
5 cm. The description of “several affected lymph nodes” corresponds to N2, indicating regional nodal
spread to multiple ipsilateral nodes. No evidence of distant metastasis defines M0. Therefore, the
overall TNM staging for this patient is accurately classified as T3 N2 M0.

Ground Truth TNM staging for this patient is T3 N2 M0.
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