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Background

Whole Slide Image (WSI)

Fully-supervised

methods

(Fine-grained annotations
IS expensive)

Multiple Instance

Learning (MIL)
(Utilizes only WSI label)

» Gigapixel size
(100,000 X 100,000 pix)

» Hierarchical structure
(5x, 20x)

Traditional Supervised
Learning

[Dietteri
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Multiple Instance
Learning

)

ich et al. 1997]



Motivation

(A) Traditional MIL

» Requires large labeled WSI datasets
(privacy & rare diseases)

» Learns only from the original slides
(staining variability & domain shifts)

(B) Single-scale Vision-Language MIL

» Adds LLM-generated text
(prior-domain knowledge for data efficiency)

» Lacks of contextual & scale awareness
(ignores hierarchical structure)

(A) Traditional MIL

Final Logits

' (B) Single-sca VLM MIL
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Motivation

(C) Multi-scale M MIL
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< > Lack of instance hierarchy

-~ and modality types
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(C) Multi-scale Vision-Language MIL

» Lacks hierarchy modeling within the same modalities
(late-fusion approach)
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Whole Slide Image Pathological Annotations

WSI Level
(x1)

» Inadequate alignment between modalities on the same scale

How can we transfer VLM knowledge to gigapixel WSIs for better
hierarchical modeling and multimodal integration?
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(D) Hierarchical Vision-Language MIL (HIVE-MIL)

Cross-Scale Hierarchical Interaction
» Hierarchical Graph
(builds parent-child edges between 5x and 20x

visual/text nodes) *
fimg / ftext /

i i i ____!'____erramhy _______ r____l _____ errarchyl____\
» Hierarchical Text (_:ontrastlve I__oss (HTCL) rzﬂ o [T I@ W o
(enforces semantic text consistency across scales) === 1 -m---:-_-_-_-;-_-1 -i’?{’__ﬂfj‘i"i--------:;—. 1
Intra-Scale Multimodal Interaction e ]

» Heterogeneous Graph } ‘ |
(models visual-text relations on the same scale) (M | =
Low scale ‘ D High scale

» Text-Guided Dynamic Filtering (TGDF) Final Logits

filters out irrelevant or weakly matched patch-text pairs ‘ ) . ‘
( y P pairs) « « Captures hierarchical instance

N~ relations and modality types
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3.1 Multi-scale Hierarchical Feature Extraction 3.2 Text-Guided Dynamic Filtering 3.3 Hier-Hetero Graph Structure 3.4 Hierarchical Heterogeneous Graph Learning




SOTA Performance

Table 1: 16-shot results on three datasets using three pathology VLMs. The best and second-best
results are highlighted in bold and underlined. HiVE-MIL outperforms all baselines in all settings.

|  Dataset | TCGA NSCLC | TCGA BRCA | TCGA RCC

| Model | Acc AUC MacroF1 | ACC AUC MacroFl | ACC AUC Macro F1
Max Pooling | 55.00+£3.88 57.33 +4.63 53.96 +4.86 | 57.29 4323 6233 294 53.68 4691 | 66.822694 80.58 2668 61.38 18.68
£ | MeanPooling | 61734565 65.29+7.55 61152616 | 6525440 70.83 1393 64.04 £442 | 79.622351 92092192  76.67 349
= | ABMIL[27] |70.64£298 78.4413.63 70.3723.09 | 65834533 7287 47.88 65294578 | 80.002371 93.01x1.53 77.95 343
& | DSMIL 72631388 T9.88 +4.60 72482396 | 71384320 77.55 162 T1.04 3340 | 86.74 £1.23 96.4420.63  84.63 +1.51
& | CLAM-SB [38] | 75.96+2.60 83.79+321 75941261 | 71.753.57 80.004259 71.49+3.60 | 85.98 +1.51 96221048 83.35x1.54
£ | cLAM-MB 73462315 82131341 73424313 | 72502292 78.39 4295 7220 +2.87 | 86.97 £1.03 96.53 078  84.92 £1.03
B~ 5| TransMIL [47] |73.2143.02 81444275 72084205 | 72084332 79.47 5371 T1.04 4334 | 87.0541.52 06.514056 84.6 +1.32
w2 | DTFD-MIL [54] | 72.05 4340 79.79 465 72.012339 | 71254268 78.9143.16 70.86+276 | 86742079 95942062 84.86 £1.45
Re S| WIKG([34] |67.804366 75544405 67.514362 | 67714219 74924416 67.1542.42 | 83.07 20890 94.341076 80.32 41.40
% | ViLa-MIL [48] | 74.1741.01 80.63 4237 73.90+L15 | 71044692 78424586 70.56 4698 | 85.06 4213 9553007 82.514230
Z | MSCPT[22] |76.8641.85 84.93+1.5 76824189 | 72714290 79.78 414 72584281 | 86212054 95.84 3045 84.201081
FOCUS [19] | 71734552 78.214593 T71.652551 | 71664560 78.10 +4.51 T1.3645.69 | 87.8221.69 96732070 85.54 +1.8
HiVE-MIL | 80.13+473 87.28+276 B80.08+473 7521351 83.19:472 74.99 +3.67 | 88.89 +1.36 97.58+0.41 87.18+1.78

A from 2nd-best |  (+3.27) (+2.35) (+3.26) (+2.50) (+3.19) (+2.41) (+L.07) (+0.85) (+1.64)
Max Pooling | 53.50 £3.66 57.24 597 51.36 £5.39 | 55.83 404 56,64 £436 53.75£4.5] | 68.28 6,77 B1.33 772 61.31 £10.73
£ | MeanPooling | 60.77 £4.86 65.68 +6.04 60.48 2487 | 6596 4232 7241386 64.33 4227 | 79.624315 92092192  76.67 349
& | ABMIL[27] |67.312464 75184513 66.812522 | 68.96 4486 76.84 +427 68421545 | 88.89+171 96862084 87.111244
[55 7276342 78.99 390 72532341 | 72294364 79.461220 7206354 | 88.89 171 96.8620.01 87.11 4244
= 72.822268 79.47 293 7258 4274 | 7146 £3.82 80.09 £1.80 71.24 £4.00 | 88.66 2217 97.5820.01 87.00 £2.98
Tz 7327356 80.532376 73252355 | 72204243 78.424275 72244247 | 88.74 2162 97.342001 86.83 12.50
Z 7160462 78.59 +4.86 T1.212500 | 7167 £375 78.77 2292 7T1.56 373 | 86.07 £1.83 96712001 85.01 2265
= 2 7051577 77.3825.26 70332580 | 72714202 79.28 +1.81 72.66+1.99 | 88.66 £1.65 96742071 87.06 +1.99
55 68.20 4347 75.08 +4.66 67.082356 | 68.7543.16 75.514216 68.50+3.07 | 83.9921.70 95.132070 81.5413.14
€ | ViLa-MIL [48] | 73274554 B80.824641 73.244552 [ 72504303 77.67 4312 72.354302 | 84.60 4104 95672070 81.42 104
Z | MSCPT[22] |76.154383 84.0643.00 76.13438 | 72084516 78.59 4421 71.824521 | 87.204190 96.894087 85334241
FOCUS [19] | 69.04+3.54 74.64+420 69.00 2356 | 68.752442 75.66 £2.86 68.47+470 | 89.122123 97.132046 87.43 +1.68
HiVE-MIL | 79.23:270 87.3424.08 79.09:275 77.08:390 84.31:422 76.80+415 | 89.97 +0.85 98.32:045 88.18 +1.25

A from 2nd-best | (+3.08) (+3.28) (+2.96) (+4.37) (+4.22) (+4.14) (+0.85) (+0.74) (+0.75)
| MaxPooling | 78.85£1.78 87.43 £1.60 78.82 177 | 71.25 299 78.46 2453 70.01 £3.14 | 80.15 +4.86 01.05+276 78.11 2460
2 | MeanPooling |79.55273 87.004278 79.47 274 | 76.67 4292 86.08 +4.43 76.47 4281 | 87.74 40,60 96762047 86.06 £046
= | ABMIL[27] |84.30+222 90.97 £0.60 84282221 | 81.04 4305 87.50538 8093 +3.04 | 88432195 96.172076 86.95 £2.33
gb[i? DSMIL 85.834278 94.23+1.20 85762284 | 82084392 89.91 546 B81.99+3.89 | 91.95+1.95 98.202023  90.87 +2.00
% | CLAM-SB [38] | 85.83+4.25 93.19+239 85.804.29 | 82294742 90702673 82.24+7.41 | 92113052 98174033  90.76 2085
I B | CLAM-MB [38] | 86924339 04.014216 86914340 | 8188 +452 00.4145.14 81844481 | 01424113 98154022 89.96 +1.11
O & | TransMIL [47] | 85004336 03.3822.11 85.88 2336 | 82.50 4537 80.60 +4.54 82.38 4536 | 80.27 2234 07.751069 87.66 £2.95
Z & | DTFD-MIL [54] | 88.4023.54 05.36+1.52 88.37 23.56 | 83.5443.86 91.224339 83.484383 | 01.651.44 07.99009 90.38£1.52
Cg 8224313 OL17+1.62 82152321 | 79.58 2617 8§7.42 654 79.44 4639 | 80.732237 97.65:067 87.8443.12
UE 83.084363 01102243 83.0423.64 | 77.08 2660 87.03 4801 76.98 £673 | 89.27 2232 97.482079 87.91 £2.88
- : 80.06 £5.20 8B.06 +6.28 T79.95+524 | 79.70 £822 8§7.33 +678 79.69 +8.21 | 92.03 £1.52 98.03 +0.35 90.89 +1.94
T | FOCUS[22] | 8532254 93.43+145 85242260 | 82504557 90.10 :4.50 82204577 | 91.57 2114 98.132054 00.21 £1.37
HiVE-MIL | 90.39+157 96.49:0.56 90.37+1.58 87.29:283 93.86:0.89 §7.24 +2.85 | 92.34 +1.33 98.53:0.13 9132168

A from 2nd-best | (+1.99) (+1.13) (+2.00) | (43.75) (+2.64) (+3.76) (+0.23) (+0.33) (+0.43)
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Hierarchical Text Semantic Alignment

Macro F1(%)
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Hit Ratio Evaluation

» Step 1: Find the 2 most similar parent texts for
each low-scale patch

» Step 2: Collect their child texts as candidate
children

» Step 3: Check if any high-scale patch matches a

candidate child. If not, check other children under
the same parent

> Step 4: Record a hit when both alignments
(low < parent and high < child) are correct

Hit Ratio has strong correlation with Macro F1
(bidirectional message passing preserves hierarchical text consistency)



Interpretability Analysis
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» Positive: patch with text distributions most
similar to the Anchor - similar morphology

» Negative: patch with the most dissimilar
distributions—> distinct morphology

Provides interpretable evidence based on the
description of the contributing text
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Questions?
Come visit our poster!
Thu, Dec 4 2025, 11 am. — 2 p.m. PST
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