Appendix

1. Method

Algorithm 1 presents an overview of our approach.

Algorithm 1 GSAT-RAG Framework

1: Input: Image patch V; training gene expressions E;
gene identifiers G; Egp is all gene expression(F) in the
training set.

2: Function TRAINCONTRASTIVE(V, E, G)

3: Vi)roj — f;g?[r(-ﬁmage(v))

4: C'CLS — ]:encoder(Ga E)

5: Compute CLIP loss: Lcpip(Vproj; CeLs)

6: Function RETRIEVAL(V, Eg, G)

7 Vijroj — f;g;tr(ﬁmage(v))

8: CCLS — fencoder(Gy E)

9: d <+ diSt(%roj, CCLS)

10: I < Top-K(d)

1. Retrieve {E, }X¢ using indices I

120 B LyNe B,

13:  return B¢

14: Function TRAINGENERATION(V, Eg, G, E,)
15: E™ «+ RETRIEVAL(V, Eg, G)

16 Voroj < Firoj(Fimage (V)

172 CEY < Fencoder (G, E™)

18: h(Ey | V, G) — ]—"dmder([Céeﬁ‘S . mej], G)
19: LRAG < ,CMSE(h(Ey | V, G), Ey)
20: Function PREDICT(V, G, Eg, G*)
21: E™ + RETRIEVAL(V, Eg, G)

220 Voroj ¢ Figj (Fimage (V)

23: CE's  Fencoder (G, E™)

24: h(E; | v, G*) — fdecoder([cée]irs ’ V;)mj]v G*)
25:  return h(E; [ V,G*)

2. Experiment

2.1. Time measurement

In Table 1, we show the inference time (on sample
CID4465) in comparison between GSAT-RAG and baseline
methods.

Table 1. Time measurement in second

Method ~ GSAT-RAG Stem BLEEP TRIPLEX

Time(Sec) 125 63376 110 153

2.2. Scaling unseen prediction results on the
HER2ST dataset

Seen and unseen gene sets have a difference in overall ex-
pression (row-wise sums). To make the row-wise gene-
expression sums of the predictions match those of the
ground truth, each row of the predictions is scaled by:

R T s
Pi = Pi X ZJ il s
> P

where T' denotes the ground truth, P denotes the predic-
tions, and P denotes the scaled predictions whose row-wise

sums satisfy
> Piy=2 T @
J J

The results are reported in Table 2.
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Table 2. Performance comparison with and without scaling

Scaling | MSE ~ MAE
No | 09719 1.7143
Yes | 0.8278 1.2210

2.3. Additional visualization

In Figure 1, we compare the expression levels of four onco-
genes between the ground truth and GSAT-RAG under the
seen setting on the HER2ST dataset. As for the oncogene
HMGBI1 [1], we show seen (Figure 2) and unseen (Fig-
ure 3) expression predictions from GSAT-RAG and com-
pare them with the ground truth and baseline methods.

2.4. GSAT-RAG retains gene heterogeneity under
seen setting

As mentioned in previous studies [2], recapitulating gene
variance is important for preserving the biological hetero-
geneity of ST data. Therefore, we investigate gene vari-
ance in the breast cancer dataset using sample CID4465.
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Figure 1. For the HER2ST dataset, we compare the expression of four oncogenes between the ground truth and GSAT-RAG under the seen

setting.
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Figure 2. Expression of oncogene HMGB1; all methods use the seen setting.

We compare GSAT-RAG (seen and unseen settings) with
baseline methods (BLEEP and Stem). Figure 4 shows nor-
malization using mean expressions in the first row and vari-
ances in the second row. Under the seen setting, GSAT-
RAG, BLEEP, and Stem closely resemble the original ex-
pression profiles. As suggested by previous work [3], we
applied the Relative Variation Distance (RVD) to evaluate
whether the model captures heterogeneity within the data.
As shown in Table 3, under the seen setting, GSAT-RAG
significantly outperforms the baseline methods in terms of
the RVD metric.

Table 3. Heterogeneity evaluation with RVD

Method | RVDJ
GSAT-RAG (seen) | 0.7850
BLEEP (seen) 1.313
Stem (seen) 1.114

2.5. Implementation details

GSAT: The hidden dimension d.. is set to 768. The number
of attention heads is 12. The number of encoder layers is
12, and the number of decoder layers is 1. The batch size
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Figure 3. Expressions for oncogene HMGB1. Note that predictions from GSAT-RAG are in a zero-shot setting but those from BLEEP and
Stem are in a full-shot setting.
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Figure 4. Predicted (Pred) expression profiles are compared with ground truth (GT) expression profiles, normalized either by the average
gene count (first row) or by the variance of gene count (second row).

is 128, and the number of pairs (K) is 4. The learning rate
is 1 x 1075, GSAT is pre-trained on more than 1,700,000

cells.

shuffled in each epoch.

GSAT-RAG: For image-gene contrastive learning, the
learning rate is 4 x 1073, and training is stopped based
on the validation loss. Top-K is set to 50 for generat-
ing gene prompts. For generation training, the learning rate

is 4 x 107, and training is stopped based on the average
PCC score on the validation set. The order of input genes is
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