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Supplementary Material

In this supplementary material, we provide additional tech-
nical derivations, experimental details, and qualitative anal-
yses to complement the main manuscript. First, Section 6
presents the mathematical derivation of our Hierarchical In-
formation Bottleneck objective. Subsequently, we intro-
duce the details of our in-house ovarian dataset and the spe-
cialized evaluation tool developed for pathologist assess-
ment in Section 7 and Section 8, respectively. We then
elaborate on the implementation details of our two-stage
training strategy in Section 9. To further demonstrate the
model’s performance, Section 10 provides additional quan-
titative results on public benchmarks, followed by extensive
qualitative visualizations on both public and private datasets
in Section 11. A comprehensive ablation study investigating
various training configurations and sampling distributions is
presented in Section 12. Finally, we discuss the limitations
of our current approach and suggest future research direc-
tions in Section 13.

6. Hierarchical IB Objective Derivation
6.1. Variational Information Bound
By definition, the mutual information I(A;B) between two
random variables A and B is:

I(A;B) = Ep(A,B)

[
log

p(A | B)

p(A)

]
(13)

In practice, the true marginal distribution p(A) is typically
intractable. To derive a computable bound, we introduce a
variational prior q(A). Utilizing the non-negativity of the
KL divergence:

DKL(p(A) ∥ q(A)) = Ep(A)

[
log

p(A)

q(A)

]
≥ 0 (14)

it follows that:

Ep(A)[log p(A)] ≥ Ep(A)[log q(A)] (15)

Consequently, by substituting this inequality into the defini-
tion of I(A;B), we arrive at the variational upper bound for
the compression term, following the VIB framework [2]:

I(A;B) ≤ Ep(B)[DKL(p(A | B) ∥ q(A))] (16)

6.2. Hierarchical Variational Decomposition
As stated in the main text, the total compression term
I(Z;X | q) is decomposed into group-level and patch-level
terms using the chain rule for mutual information:

I(Zg, Zp;X | q) = I(Zg;X | q)+I(Zp;X | Zg,q) (17)

By applying the variational bound from Equation (16) to
each hierarchical component, we derive the tractable hi-
erarchical constraints for our selection process. For the
group-level complexity, we introduce the variational pos-
terior pϕg (Zg | X,q) and the group-level prior pg(Zg | q).
The mutual information term is then bounded by:

I(Zg;X | q) ≤ ED[DKL(pϕg
(Zg | X,q) ∥ pg)] (18)

Similarly, for the patch-level complexity, we introduce the
conditional posterior pϕp(Zp | X,Zg,q) and its corre-
sponding conditional prior pp(Zp | Zg,q). The mutual in-
formation term is then bounded by:

I(Zp;X | Zg,q) ≤ED

[
EZg∼pϕg

[DKL(pϕp
(Zp | X,Zg,q)

∥ pp(Zp | Zg,q))]
]

(19)

6.3. Deriving the Final Objective
For the relevance term I(Z;Y | q), which measures the
predictive power of the selected features for the answer Y ,
we utilize the LLM as a variational decoder pθ(Y | Z,q) to
obtain a tractable lower bound:

I(Z;Y | q) ≥ EDEZ∼pϕ
[log pθ(Y | Z,q)] (20)

By substituting the complexity upper bounds and the rele-
vance lower bound into the original IB objective LIB, we
arrive at a tractable training objective. In the standard VIB
[2] formulation, a single hyperparameter β typically regu-
lates the entire compression term. To better accommodate
the hierarchical nature of WSIs and provide greater flexibil-
ity in hyperparameter tuning, we extend this formulation by
assigning independent Lagrange multipliers, βg and βp, as
group-level and patch-level regularizers, respectively. This
decoupling allows the model to independently regulate the
information bottleneck at each granularity. The resulting
HIB objective is formulated as:

JHIB = ED

[
EZ∼pϕ

[log pθ(Y | Z,q)]

− βgDKL(pϕg (Zg | X,q) ∥ pg)

− βpEZg∼pϕg
[DKL(pϕp(Zp | X,Zg,q) ∥ pp)]

]
(21)

In practice, the nested expectation over Zg in the patch-level
term is empirically estimated through the group-level sam-
pling process. By using the specific sampling rate made by
the group sampler during the forward pass, the theoretical
objective reduces to the empirical loss function presented in
Equation (8) of the main text.



Figure 5. The user interface for the Tissue Segmentation Survey. The central area shows a side-by-side comparison of the original WSI
and the tissue segmentation result. The right legend clarifies the tissue classes, and the bottom section collects the pathologists’ rating.

7. In-house Ovarian Dataset

To demonstrate the generalizability of our proposed model,
we curated a small-scale, in-house ovarian dataset. This
dataset is compiled from WSIs of ovarian tissues and for-
matted into question-answer pairs, focusing on distinct his-
tological phenotypes visible within the WSIs. The dataset
includes four primary diagnostic categories, based on the
observed tumor morphology. In total, the dataset com-
prises 375 question-answer pairs. The distribution of sam-
ples across the four categories is as follows: endometri-
oid (n = 81), clear cell carcinoma (n = 82), high grade
serous carcinoma (n = 123), and serous borderline carci-
noma (n = 89).

A typical question within the dataset is structured as a
multiple-choice classification task based on visual features
observed in the WSI. An example is provided below:

Example Question-Answer Pair: Based on the
observed features, what do you think is the correct
histological classification of the tumor?

(a) endometrioid
(b) clear cell carcinoma
(c) high grade serous carcinoma
(d) serous borderline carcinoma

8. Evaluation Tool

To verify the reliability of our tissue segmentation and en-
sure that the model selects question-relevant patches for in-
ference, we developed an interactive survey tool based on
Streamlit [1]. This evaluation is twofold: it primarily val-
idates the accuracy of tissue segmentation, followed by an
assessment of the patch selection performance. We detail
these two components in the following sections.

Tissue Segmentation Verification. In the first part, we
focus on the tissue segmentation results. As illustrated in
Figure 5, the user interface features a side-by-side compar-
ison view: the original WSI is displayed on the left, while
the corresponding model-generated segmentation mask is
shown on the right. To assist pathologists in interpreting
the results, a color-coded legend is provided on the sidebar,
mapping specific colors to tissue types (e.g., red for malig-
nant tissue, yellow for stroma).

Pathologists are asked to verify the alignment between
the WSI and the mask using these visual cues. Based on
their inspection, they rate the segmentation quality via a ra-
dio button selection:
• Q1: “How accurate is the tissue segmentation?” (1 =

Strongly Disagree, 5 = Strongly Agree)
After the user clicks “Submit Answer”, the tool automati-



Figure 6. The user interface for the Patch Selection Survey. The view visualizes the “Before” and “After” states of patch selection. Note that
the input question and ground truth answer are displayed below the images to provide necessary context for the pathologists’ evaluation.

cally logs the feedback and advances to the next sample.

Patch Selection Assessment. In the second part, the tool
adapts to evaluate the model’s coarse-to-fine selection ca-
pability. As shown in Figure 6, we visualize the patches in
both their “Before” and “After” selection states.

To ensure sufficient diagnostic context for evaluation, the
specific “Question” (highlighted in blue) and the “Ground
Truth Answer” (highlighted in green) are explicitly dis-
played below the images. Pathologists assess whether the
model successfully removes irrelevant regions while retain-
ing diagnostic information by answering the following:

• Q2.1: “Does the model filter out a significant number of
question-irrelevant patches?”

• Q2.2: “Are the selected patches sufficient to answer the
question?”

To conduct a robust evaluation, we randomly sampled a to-
tal of 30 cases, comprising 20 from the public dataset and
10 from the private dataset. Two independent pathologists
were invited to perform the annotations using the developed
tool. To ensure the reliability and objectivity of the assess-
ment, we calculated the average scores from both annotators
as the final metric for pathologist-based evaluation.



Table 7. Quantitative results on SlideBench-VQA (TCGA). Performance is evaluated using accuracy and macro-averaged metrics.

Microscopy Diagnosis Clinical

Method Acc. Macro-P Macro-R Macro-F1 Acc. Macro-P Macro-R Macro-F1 Acc. Macro-P Macro-R Macro-F1

GPT-4o 39.24 36.12 39.45 35.54 24.12 22.83 24.34 21.72 44.67 42.93 44.95 43.58
Quilt-LLaVA [6] 52.39 46.75 50.09 46.84 30.19 27.94 30.34 27.15 49.33 47.01 48.91 47.54
LLaVA-Med [4] 52.15 46.30 49.80 46.51 29.97 27.84 29.93 26.86 47.33 45.12 47.19 45.58
SlideChat [3] 83.15 81.77 78.50 79.70 71.36 71.80 65.22 67.52 75.33 73.84 72.74 72.98

Ours 84.62 80.79 80.47 80.33 73.09 72.10 68.08 69.22 77.30 73.97 74.24 73.94

Table 8. Quantitative results on WSI-Bench (Close-ended). Performance is evaluated using accuracy and macro-averaged metrics.

Morphology Diagnosis Treatment (Binary)

Method Acc. Macro-P Macro-R Macro-F1 Acc. Macro-P Macro-R Macro-F1 Acc. Macro-P Macro-R Macro-F1

GPT-4o 47.07 42.89 47.29 43.19 53.06 49.02 53.37 49.27 87.50 79.12 83.76 81.05
Quilt-LLaVA [6] 94.13 91.74 91.19 91.42 84.13 81.35 78.68 79.63 97.92 98.75 94.44 96.42
LLaVA-Med [4] 91.04 86.21 87.59 86.83 81.32 77.80 74.81 76.02 95.83 93.16 93.16 93.16
SlideChat [3] 91.34 86.11 87.92 86.97 82.15 79.15 75.58 77.02 93.75 88.68 91.88 90.16

Ours 94.57 92.66 91.34 91.85 85.79 85.03 79.45 81.70 97.92 95.00 98.72 96.72

9. Implementation Details

In the first stage, following Slidechat [3], the projector and
slide encoder are set to be trainable while the remaining
components are frozen. This stage utilizes the WSI-caption
data for initial alignment, employing a learning rate of 1e-3
for 3 epochs. In the second stage, we train the entire model
for 2 epochs with a learning rate of 1e-4 and a batch size
of 1. Specifically, we apply LoRA to the LLM to ensure
efficient parameter updates. For the hyperparameters for
our group sampler and patch selector, we employ a linear
warmup schedule for the first 5000 iterations. During this
warmup, the βg weight increases from 0 to 0.1, and the βp

weight increases from 0 to 0.2, then they are held constant.

Figure 7. The sample distribution for the test set.

10. Additional Quantitative Results.

Figure 7 illustrates the sample distribution across differ-
ent task categories in SlideBench-VQA and WSI-Bench.
To further validate the reliability of HistoSelect, we report

detailed macro-averaged metrics (Macro-Precision, Macro-
Recall, and Macro-F1) across these two major benchmarks.
As shown in Table 7 and Table 8, our method consistently
achieves superior performance in these balanced metrics on
both SlideBench-VQA and WSI-Bench. These improve-
ments demonstrate that our approach effectively identifies
task-relevant patches and generalizes well across various
categories.

11. Additional Qualitative Results

To provide a more comprehensive evaluation of our pro-
posed method, we present additional qualitative visualiza-
tions in this section. Due to the page constraints of the
main manuscript, we extend our analysis here to demon-
strate the model’s performance across different data dis-
tributions. Specifically, we visualize the effectiveness of
our question-aware selection mechanism on both the public
TCGA dataset and an in-house Ovarian dataset. These re-
sults further validate that our method can consistently filter
out background noise and diagnostically irrelevant patches,
enabling the model to focus efficiently on the regions most
related to the VQA query.

11.1. Results on Public Dataset

Figure 8 showcases the visualization results on the public
TCGA dataset from WSI-Bench [5]. Consistent with the
findings in the main text, our model demonstrates strong
generalization capabilities. It successfully identifies and
retains key histological features required to answer the
question while discarding a significant portion of irrele-
vant and redundant patches, thereby ensuring that the down-
stream reasoning is primarily driven by the most informa-
tive patches.



Figure 8. Additional visualization of the selection process on the public WSI-Bench dataset. (a) Original WSI. (b) The tissue segmentation
mask. (c) A visualization of candidate patches extracted from tissue regions prior to selection. (d) The sparse set of patches retained by
our model. As observed in (d), the model effectively suppresses irrelevant regions, focusing the attention solely on the informative patches
required for the VQA task.

Figure 9. Visualization of the selection process on the private Ovarian dataset. The figure follows the same pipeline as the main manuscript
and Figure 8: (a) Original WSI. (b) Tissue segmentation mask. (c) Patches before selection. (d) Patches after selection. These results
demonstrate the robustness of our method against domain shifts common in private clinical data. The model successfully filters out non-
informative tissue, preserving only the regions essential for accurate question answering.

11.2. Results on Private Dataset
To assess the robustness of our model in a real-world clini-
cal setting, Figure 9 illustrates the selection process on our
private ovarian dataset. Despite potential domain shifts such
as variations in staining protocols and scanner properties
compared to the public dataset, our question-aware selector
maintains high precision. It effectively selects informative
regions relevant to the query, verifying the method’s appli-
cability to proprietary clinical workflows.

11.3. Sampling Rate Distribution Analysis
To investigate the sampling rate distribution across different
questions, we conducted a quantitative analysis on the Diag-
nosis and Morphology subset of the WSI-Bench dataset [5].

Specifically, we represented the tissue group sampling rate
for each question as a 13-dimensional vector, where each
dimension corresponds to the normalized sampling rate of a
specific tissue component. We then applied K-means clus-
tering to these vectors and visualized the resulting group-
ings using t-SNE, as shown in Figure 11. The emergence of
four distinct clusters (K = 4) demonstrates that our model
generates diverse and structured sampling patterns in the
feature space. This grouping behavior confirms that the se-
lection mechanism effectively navigates the complex com-
position of WSIs by adaptively prioritizing different histo-
logical tissue types based on the semantic focus of the ques-
tion, rather than collapsing into a fixed, question-agnostic
distribution.



Figure 10. Mean sampling rate distribution bar charts for identified clusters. We report the average 13-dimensional sampling vectors for
the four clusters discovered in Fig. 11. Each cluster exhibits a unique sampling rate pattern.

Figure 11. Visualization of question-aware sampling distributions.
We visualize the 13-dimensional sampling rate vectors from the
WSI-Bench Diagnosis and Morphology test set using t-SNE.

The cluster-specific sampling distributions, as visualized
in Fig. 10, illustrate that our model develops distinct, task-
driven sampling patterns. Each cluster corresponds to a spe-
cific clinical focus in the questions:

• Cluster 0 (Tumor Classification): Prioritizes malignant
tissue, aligning with questions focused on histological tu-
mor grading and classification.
Example: Based on the observed features, what do you
think is the correct histological classification of the tu-
mor? A) Adenocarcinoma B) Small cell carcinoma C)
Squamous cell carcinoma D) Large cell carcinoma

• Cluster 1 (Cellular Morphology): Shifts focus toward
smooth muscle and stromal components, providing the
necessary context for evaluating cellular variability and
mitotic activity.
Example: What are the notable features of the cellular
morphology in this slide? A) Nuclei are uniform in ap-
pearance, showing no signs of active division. B) There is
minimal variability in nuclear size, with a low rate of cell
division. C) Nuclei appear extremely pleomorphic, with
a very high rate of mitotic activity. D) There is moder-



ate variability in nuclear size and shape, with a moderate
rate of cell division and presence of single cells.

• Cluster 2 (Tissue Architecture): Shows a strong prefer-
ence for benign tissue and surrounding structures, which
is essential for assessing the overall microanatomy and
glandular patterns.
Example: What observations can you make about the tis-
sue architecture on this slide? A) The tumor forms well-
organized acinar structures with a clear glandular pat-
tern. B) The tumor is characterized by prominent chicken-
wire vasculature providing stroma. C) Tumor cells create
extensive solid sheets, with a completely homogeneous
pattern. D) The tissue maintains normal microanatomy
with minimal deviation.

• Cluster 3 (Tumor Infiltration): Concentrates on lym-
phocytes and extracellular components, capturing the
critical interface where tumor cells infiltrate the stroma
and adipose layers.
Example: What is the observed pattern of tumor infil-
tration in this specimen? A) Tumor cells are limited to
the submucosal layer without muscularis propria involve-
ment. B) Tumor cells infiltrate the stroma, extending into
the muscularis propria and adipose tissue. C) Tumor cells
remain within glandular structures without stromal inva-
sion. D) There is only infiltration into the adipose tissue,
sparing the submucosal layer.

This clear divergence confirms that our selection mech-
anism is question-aware. Instead of relying on a static
saliency map, the model dynamically re-prioritizes differ-
ent histological tissue types based on the semantic intent of
the question, ensuring that the most relevant patches are se-
lected for each specific question.

12. Ablation Study

In this section, we conduct extensive ablation studies to
evaluate the effectiveness of the proposed components in
HistoSelect. We first analyze the impact of hyperparame-
ters βg and βp in our loss function, which control the infor-
mation bottleneck at the group sampler and patch selector
levels, respectively. Subsequently, we investigate the influ-
ence of different training strategies and assess the model-
agnostic generalization of our selector modules across vari-
ous base models. Finally, a group selection analysis is per-
formed to demonstrate the critical role of group-level selec-
tion in handling complex multi-tissue reasoning tasks.

βg Morphology Diagnosis Treatment

0 91.78 81.82 95.83
0.1 93.39 84.13 95.83
0.2 94.57 85.79 97.92
0.3 93.10 83.25 93.75

Table 9. Ablation Study on the weight βg for the group sampler.

Impact of βg for the Group Sampler. Table 9 reports
the model performance under different values of βg ∈
{0, 0.1, 0.2, 0.3} while keeping βp fixed. We observe that
when βg = 0, the group sampler lacks the necessary regu-
larization to filter out irrelevant tissue groups, leading to a
lower signal-to-noise ratio and suboptimal performance. As
βg increases to 0.2, the model effectively suppresses back-
ground noise at the group level, achieving the best overall
accuracy across all tasks. However, further increasing βg

to 0.3 results in a performance drop. This suggests that an
overly aggressive penalty causes the sampler to excessively
reduce the sampling rate of tissue groups that contain nec-
essary contextual information.

βp Morphology Diagnosis Treatment

0 92.07 81.32 93.75
0.05 93.25 84.23 95.83
0.10 94.57 85.79 97.92
0.15 93.83 83.74 95.83

Table 10. Ablation study on the weight βp for the patch selector.

Impact of βp for the Patch Selector. Table 10 examines the
effect of the patch-level weight βp ∈ {0, 0.05, 0.10, 0.15}.
Similar to the group level, setting βp = 0 tends to retain
a large number of redundant patches, which introduces po-
tential interference for the answer predictor. We find that
setting βp = 0.10 yields the optimal balance, allowing
the model to identify the most distinct and discriminative
patches without losing critical information. Conversely, set-
ting βp too high (e.g., 0.15) leads to over-pruning, where the
model is penalized for retaining informative patches, caus-
ing a loss of fine-grained details essential for accurate diag-
nosis and treatment prediction.

Training Strategy Morphology Diagnosis Treatment Avg.

Joint Training 94.57 85.79 97.92 92.76
Joint + Patch Selector 94.71 85.95 97.92 92.86
Joint + Group Sampler 95.15 86.11 97.92 93.06

Table 11. Ablation on training strategies.

Impact of Training Strategies. Beyond hyperparameter
tuning, we investigate whether extending the training pro-
cedure further impacts performance. As shown in Table
11, while the initial joint training yields strong results, con-
ducting an additional epoch of training specifically for the
sampler or selector modules proves beneficial. In particular,
performing one extra epoch for the group sampler achieves
the highest performance across most tasks. This suggests
that after the joint training stage has established a solid
foundation, the group sampler can further benefit from a
dedicated optimization phase.
Ablation with Different Base Models. To verify the
model-agnostic effectiveness of HistoSelect, we conduct an



experiment using Gemini 3 Flash as a frozen reasoning en-
gine. Specifically, we randomly sample 200 cases from
WSI-Bench and compare two input strategies: (1) a baseline
using 100 randomly sampled patches with the question, and
(2) using the top-100 patches selected by HistoSelect with
the same question. As shown in Table 12, our method yields
a consistent performance boost even for a stronger founda-
tion model. This demonstrates our model’s ability to filter
redundant noise and identify task-relevant tokens indepen-
dently of the base model’s reasoning capacity.

Method ACC Macro-P Macro-R Macro-F1

Gemini 3 Flash 59.5 57.0 60.0 57.0
Gemini 3 Flash + HistoSelect 62.5 58.0 64.0 59.0

Table 12. Performance comparison on WSI-Bench (200 samples).

Impact of Group Selection. We further conduct an analy-
sis by comparing our base model with a version using “Ideal
Group Selection” (i.e., perfect identification of relevant tis-
sue regions). As reported in Table 13, better group selection
consistently leads to higher performance. Notably, the gain
is more significant for multi-tissue questions (e.g., tumor in-
filtration patterns) compared to single-tissue ones (e.g., tu-
mor detection). This highlights that the group sampler is
particularly essential for handling complex clinical reason-
ing that requires cross-tissue contextual integration.

Question Type Base Base + Ideal Group Gain (∆)

Single-tissue (Easy) 85.0 87.0 +2.0
Multi-tissue (Hard) 73.0 79.0 +6.0

Table 13. Ablation on group selection.

13. Limitation
While our proposed method demonstrates promising results
and improved efficiency in histopathology VQA, we ac-
knowledge several limitations that outline directions for fu-
ture research.
Evaluation on Other Datasets. First, our current exper-
imental validation primarily focuses on the TCGA dataset
and our in-house private dataset. While this covers a signif-
icant amount of variation, the heterogeneity of pathological
data across different organs and scanning protocols is vast.
To further verify the generalizability of our model, we in-
tend to extend our training and testing to other large-scale
public datasets, such as the BCNB (Early Breast Cancer
Core-Needle Biopsy) [7] dataset. Evaluating on such di-
verse cohorts will help ensure our method remains robust
across different cancer subtypes and data distributions.
Lack of Explicit Textual Reasoning. Second, while our
method offers visual interpretability by highlighting the

selected question-relevant patches, it does not currently
generate explicit textual explanations justifying why these
patches were selected. Providing a natural language ratio-
nale alongside the final VQA answer would further enhance
trust in clinical decision-support systems. We aim to ex-
plore the integration of LLMs more deeply in future itera-
tions to bridge this gap between visual attention and seman-
tic reasoning.
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