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In this supplementary materials, we will include details
of datasets and implementation, as well as more experimen-
tal results.

S1. Datasets

We utilized two distinct datasets for this study: The Cancer
Genome Atlas Breast Invasive Carcinoma (TCGA-BRCA)
and an internal cohort.

TCGA-BRCA Dataset.

Original Whole Slide Images (WSIs) in .svs format were
downloaded from the official TCGA data portal. Our anal-
ysis was guided by the official clinical annotations for three
tasks: Human Epidermal Growth Factor Receptor 2 (HER2)
status, Progesterone Receptor (PR) status, and Oncotype
DX (ODX) recurrence score. For the HER2 and PR tasks,
we focused on the binary classification of positive versus
negative status.

For the ODX risk stratification task, we used research-
based ODX scores derived from normalized mRNA ex-
pression data, as calculated by [5]. The initial cohort of
1,133 WSIs underwent rigorous quality control, exclud-
ing cases with incomplete receptor status, missing ODX
scores, gene profiles or processing failures. This resulted
in a final analytical cohort of 997 WSIs. Within the hor-
mone receptor-positive/HER2-negative (HR+/HER2-) sub-
group (n = 516), patients were categorized into low-risk
(n = 443) and high-risk (n = 73) groups. The normalized
ODX scores for this dataset range from −2.009 to 2.744,
with a risk threshold of 0.7169.

To ensure robust evaluation, patient-level stratification
was employed to maintain a strict separation between train-
ing and testing cohorts, thereby preventing data leakage.
To mitigate class imbalance issues, non-HR+/HER2- cases
were also included in the training set.
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Figure S1. The variation of memory size within three tasks.

The In-House Dataset.
This independent institutional cohort comprises 1,123 H&E
stained WSIs from HR+/HER2- breast cancer specimens.
For this dataset, the ODX scores range from 0 to 100, with
a clinical threshold of 25 used to differentiate low-risk (n =
961) from high-risk (n = 162) cases.

S2. Implementation Details
For WSI processing, we adopted the pipeline proposed by
Trident [14]. Each WSI was initially segmented into non-
overlapping tiles of 768 × 768 pixels. Features were then
extracted from these tiles using the UNI v2 foundation
model [2].

The original omics data presented a high-dimensional
feature space with D = 19085. To address this, we em-
ployed an XGBoost model for feature selection, identifying
the top-k genes, where k was set to 768. The resulting data
was subsequently normalized using the z-score method.

Our model was implemented in Python with the PyTorch
library and trained on a single NVIDIA H-100 GPU. We uti-
lized the AdamW optimizer with a learning rate of 2×10−4

and a weight decay of 1 × 10−4. The training was con-
ducted for up to 80 epochs, incorporating an early stopping

https://github.com/CAIR-LAB-WFUSM/MoMKD


Figure S2. Memory dynamics on the in-house dataset. (Left) active memory ratio, and (right) perplexity evolution over training epochs.

mechanism to select the best-performing checkpoint based
on validation set accuracy. The batch size used is 1. For
all tasks, the memory size was set to n = 16. To stabilize
training, model parameters were updated using a gradient
accumulation strategy over 16 steps.

S3. Memory Dynamics on the Internal ODX
Dataset
In this section, we introduce more details on the memory
analysis as well as its dynamics on the in-house dataset
which shown in Fig. S2.

Active Memory Ratio.

ractive =
nactive

n
, (S1)

measures the proportion of memory mode entries updated
within each epoch. Values near 1.0 indicate broad partici-
pation, whereas smaller ratios reflect selective activation. In
our experiments, ractive > 0.75 throughout training, con-
firming the glocal activation.

Perplexity.

Perplexity = exp(H(p)) ∈ [1, n], (S2)

represents the effective number of active memory modes.
Perplexity values in different tasks reflect the dynamics
learning process on the proposed method.

Clinical understanding and analysis The feasibility
of inferring molecular biomarkers directly from H&E

stained whole slide image varies substantially across tar-
gets, reflecting the extent to which each biomarker mani-
fests morphologically observable correlates. Among rou-
tinely assessed breast cancer biomarkers, HER2, proges-
terone receptor (PR), and Oncotype DX (ODX) recurrence
scores represent three characteristic levels of morphologi-
cal–molecular coupling.

HER2 (ERBB2 amplification and protein overexpres-
sion) is generally the most challenging target for image-
based prediction [1, 8]. Its clinical definition relies on mem-
branous protein overexpression and gene copy-number am-
plification assessed by immunohistochemistry (IHC) or in-
situ hybridization (ISH), features that are not directly visi-
ble on standard H&E slides [6, 12]. Morphologic surrogates
such as nuclear atypia, mitotic rate, or growth pattern pro-
vide only weak and indirect cues. Furthermore, even IHC-
based HER2 scoring suffers from inter-observer variability
, emphasizing its intrinsic diagnostic complexity.

In contrast, PR status tends to exhibit stronger align-
ment with histomorphological appearance. Hormone-
receptor–positive tumors frequently present as low-grade,
well-differentiated lesions with organized glandular archi-
tecture and lower mitotic activity that attributes readily cap-
tured in H&E morphology [3].

Finally, the Oncotype DX recurrence score, a multi-
gene assay quantifying proliferation and differentiation-
related transcripts which shows the closest association with
H&E-derived phenotypes. Multiple clinical studies have
demonstrated strong correlations between ODX and con-
ventional histologic variables such as tumor grade, nuclear
pleomorphism, and mitotic index [7, 11, 13]. Deep learn-
ing approaches leveraging WSIs and minimal clinical data
have achieved concordance comparable to molecular test-
ing (AUC ≈ 0.80–0.85 for high- vs low-risk classifica-



Algorithm 1 Momentum Memory Knowledge Distillation (MoMKD)

Require: WSI spatial graph G, Omics vector O, Ground truth label Y ∈ {0, 1}
Require: Momentum memory banks C+ (positive) and C− (negative)

1: // 1. Dual-Branch Modality Encoding
2: Fwsi ←WsiEncoder(G) ▷ Extract patch-level WSI representations
3: Fomics ← OmicsEncoder(O) ▷ Extract global omics representation

4: // 2. Memory-Guided Distillation
5: Score← ComputeAttention(Fwsi,Detach(C+),Detach(C−)) ▷ Query memory for patch importance
6: Fslide ← Aggregate(Fwsi, Score) ▷ Obtain slide-level WSI representation
7: Ŷ ← Classifier(Fslide) ▷ Generate diagnostic prediction

8: // 3. Indirect Cross-Modal Alignment
9: // Both modalities are aligned to the shared memory rather than to each other directly

10: Lwsi
align ← AlignmentLoss(Fwsi, C

+, C−, Y ) ▷ Align WSI to class-specific memory
11: Lomics

align ← AlignmentLoss(Fomics, C
+, C−, Y ) ▷ Align Omics to class-specific memory

12: // 4. Omics Semantic Anchoring
13: Lrecon ← ReconstructionLoss(Decoder(Fomics), O) ▷ Preserve biological structure

14: // 5. Gradient-Decoupled Optimization
15: Ltask ← CrossEntropy(Ŷ , Y )
16:
17: // Decouple gradients to prevent modality collapse:
18: Update WsiEncoder and Classifier using ∇(Ltask + Lwsi

align)

19: Update OmicsEncoder using ∇(Lrecon + Lomics
align )

20: Update C+, C− using ∇(Lwsi
align + Lomics

align + Lmem) ▷ Shielded from Ltask

tion [4, 9]). These findings suggest that ODX captures tran-
scriptomic programs that are largely mirrored by morpho-
logical cues observable in H&E slides.

In summary, the variable predictability of HER2, PR,
and ODX from H&E images arises from the differing de-
grees of morphological expressivity of their underlying bi-
ology. HER2 overexpression reflects membrane-localized
molecular events poorly represented in tissue architecture;
PR status influences global differentiation that leaves dis-
cernible patterns; and ODX aggregates proliferation-related
signals that are morphologically pronounced. Acknowledg-
ing this gradient of morphologic–molecular coupling is es-
sential when interpreting model performance.

Based on the statistics in Fig. S2 and the clinical char-
acteristics of each biomarker, here we provide additional
insight into the development of the memory used in our
framework. The memory usage both in the TCGA-BRCA
dataset (Figure 3) with the in-house dataset (Figure S2) in-
dicate the memory component activation remains consis-
tently broad, with over 75% of memory components ac-
tive across epochs. This directly validates the efficacy of
the gradient-decoupled momentum update, proving that the

memory maintains rich semantic diversity and successfully
avoids global collapse that often plaguing dynamic dictio-
naries.

Interestingly, task-dependent memory usage patterns
emerge. The HER2 classification task activates a greater
variety of memory usage, consistent with its higher
histopathology complexity and known diagnostic ambigu-
ity on H&E stains [8]. In contrast, PR and ODX tasks ex-
hibit more concentrated usage, suggesting that fewer mem-
ory components suffice to capture discriminative features
in these more visually distinguishable tasks [10]. This be-
havior aligns with the notion of functional sparsity: the
model automatically compresses its memory usage when
the task allows, while expanding representational breadth
for histopathology heterogeneous conditions. These find-
ings highlight that the momentum memory offering a dy-
namic balance between expressivity and compactness that
is absent in static-memory or batch-local alignment meth-
ods.



Positive memory Negative memory

Figure S3. The visualization of memory usage on the misclassified
case from the TCGA-BRCA dataset.

S4. Visualization on the misclassified case
To further investigate the misclassifications, we visual-
ize the memory components of failure cases from the
TCGA-BRCA dataset in the HER2 task (Fig. S3). As il-
lustrated, the positive memory disproportionately attends
to patches dominated by non-informative white back-
ground—redundant regions that theoretically should have
been eliminated during initial preprocessing. This erro-
neous focus is similarly reflected in the negative memory
representations. Consequently, these results highlight that
rigorous background filtering and precise feature extrac-
tion remain crucial bottlenecks in standard WSI processing
pipelines.

S5. Pseudo code for the proposed method
In the Algorithm 1, we provide the pseudo code for the
MoMKD. The detailed implementation can be found in our
GitHub repo.
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