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Task: to predict the scene classes of the non-RGB images based on the open texts
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apartment bathroom bedroom/hotel bookstore/library classroom closet computer cluster
conference room copy/mail room dining room game room gym hallway kitchen
laundry room living room/lounge | lobby office stairs storage/basement/garage | misc
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Predict
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A photo of a
apartment

y (RGB images only for visulization)

Ours: EdgeVL vit-s)

Predict
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A photo of a
kitchen

y (RGB images only for visulization)




Open Vocabulary Scene Classification
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Categorizes images into a wide range of scenes,
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Limitation 1: Modality

lecture_theatre: 89.99% - rest_space: 33.11%

corridor: 9.20%
furniture_store: 7.87%
living_room: 7.39%

rest_space: 7/.62%
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conference_room: 0.60

office: 6.32%

classroom: 0.26%

Lecture theatre Forest Rest space Highway

Correct Correct Wrong Wrong

A Fact: vision-language models excel in understanding RGB images but struggle with non-RGB ones.

A Question: Can we adapt the visual embedding capabilities of vision-language models to non-RGB
images while simultaneously reducing the computational footprint of the adapted model?



Limitation 2: Computation Resource

Internet-scale images Domain images

L X1 B
Vision-Language Model on a server Model on an edge device
Dataset Size Large Small
Computation
Resource High Low
Demand




Proposed EdgeVL

Training on
GPU clusters ‘»

Internet-scale
image-text pairs

Teacher model:

the visual encoder
(e.g., ViT) of a trained
VL model

Multimodal device
with limited
computing power non-RGB images

1. Knowledge transfer
2. Model quantization

By

. Student model:

| either image modalities

Adaptation

| a small model to process

Pretrained
> Teacher (CLIP-G): Model size=5213MB

1.office: 99.7% 1.stairs: 68.6%
2.copy/mail room:0.1% 2.hallway: 10.3%
3.classroom: 0.1% 3.classroom: 6.4%
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office (RGB) office (ion-RGB)

1. office: 98.4% 1.office: 78.5%
2. classroom: 0.7% 2.game room: 8.5%
3. conference room: 0.5% 3.conference room: 4.3%

> student (EdgeVL): Model size=56MB



Stage-1: Dual-Modality Knowledge Distillation

RGB 7. “ Automatic Dataset Curation
image frozen .. .
s fRGB Keep samples the largest similarity scores:
eatures
E(OSnB- x;_» Studentmodel _>H A edsimg(xi)—rdstemt(yk)
image c; = max{sk | s = — 5 =12 o
T
shared weights Non-RGB Z'k | egpimg (wz) gptea:t(yk:)

features
Stud,
RGB .. €nt moq -
: Ti—> el —»
Image

RGB features

Feature Distillation

< »|
I~ d
Stage 1: Dual-Modality Knowledge Distillation

RGB features are used as pseudo labels:

La = d(Pimg(x), D7) + d(Pimg (%), Pimng(2)).

After Stage 1: model can take either modalities as input.
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Stage-2: Quantization-aware Contrastive Learning

QAT Meets Contrastive Learning

Embedding Combine quantization-aware training with contrastive
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oK oy learning, which helps to align the embedding space.
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semi-hard condition helps improve training convergence
speed and align embeddings.

After Stage 2: accuracy increases by 15.4% while model size is 93-fold smaller.



Performance comparison aginst SOTAs

Methods Bits ScanNet (%) 1 EuroSAT (%) 1
1 J ' | 1 7
Pretrained CLIP-B |40]‘ F32 | 4.5 36.2 20.4 | 16.8 40.4 28.6
Pretrained CLIP-G [40] | F32 | 6.2 47.3 26.8 | 16.9 54.0 35.5
Frank |17] F32 | 83 21.7 15.0 | 49.2 37.9 43.5
Gupta |23] F32 | 16.0 17.5 19.8 | 54.2 424 48.3
CMKD [24] (non-RGB) | F32 | 37.8 11.5 24.6 | 61.2 344 478
CMKD [24] (RGB) F32 | 4.0 425 232|201 624 41.2
Fida [46] F32 | 389 58 22.3|56.7 20.3 385
CQD |45, F32 | 40.1 6.7 23.4 624 364 494
SKD [52] F32 | 31.2 37.8 34.5 | 229 50.3 36.6
EdgeVL (DAT-T) Int8 | 47.9 52.0 49.9 | 61.0 65.7 63.3
EdgeVL (Swin-T) Int8 | 46.0 48.7 47.4 | 61.3 67.1 64.2
EdgeVL (ViT-S) Int8 | 42.0 47.5 44.7 | 62.9 66.8 64.8

EdgeVL with different backbones has higher accuracy than comparing methods.



Efficiency comparison (using TensorRT)
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EdgeVL greatly speed up the inference speed of large vision-language models.



Ablation study: the effectiveness of Stage-1

Methods

Bits

ScanNet (%)
I J 7

EuroSAT (%)
[ | ] 7

CMKD [24| (non-RGB)
CMKD [24] (RGB)
Stage-1 (Dual-modality)

F32
F32
F32

37.8 11.5 24.6
4.0 42.5 23.2
38.6 40.6 39.6

61.2 34.4 478
20.1 62.4 41.2
61.5 60.3 60.9

Our dual-modality is effective in learning two modalit’s features.



Ablation study: the effectiveness of Stage-2

Methods Bits DAT-T (%) Swin-T (%) ViT-S (%)
1 I 7 ' I 7 | I 7
Stage-1 F32 | 38.6 40.6 39.6 | 39.9 41.2 40.5 | 37.8 40.7 39.3

+PTQ [27] | Int8 | 33.0 36.5 34.8 | 29.0 31.7 30.3 | 24.7 259 25.3
+QAT |27] |Int8 | 39.4 41.2 40.3 | 389 39.7 39.3 | 37.7 41.1 394
+QViT [32] | Int8 | 35.0 38.0 36.5 | 36.5 38.5 375 | 314 353 33.3
+Stage-2 | Int8 | 47.9 52.0 50.0 | 46.0 48.7 47.4 | 42.0 47.5 44.7

Our stage-2 is effective in improving accuracy for quantized models.



Generelization capability

NYU2 (%) SUNRGBD (%)
Yy o w Yy o w

Pre-trained CLIP-G | F32 | 25.7 69.7 47.7 | 18.0 54.3 36.2
Pre-trained CLIP-B | F32 | 22.6 62.2 42.4 | 15.2 47.2 31.2

Methods Bits

EdgeVL: DAT-T Int8 | 51.1 54.3 52.7| 28.6 31.8 30.2
EdgeVL: Swin-T Int8 | 43.4 43.3 43.4 | 30.0 314 30.7
EdgeVL: ViT-S Int8 | 41.0 40.5 40.8 | 25.8 28.0 27.0

EdgeVL has comparable generalization capability than CLIP.



Demonstration of EdgeVL’s classification

bathroom home office
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EdgeVL: bathroom

CLIP-G: rest space
EdgeVL: bedroom

CLIP-G: corridor ]
EdgeVL: kitchen




SKD: permanent crop
EdgeVL: annual crop

CLIP-G: highway
SKD: permanent crop
EdgeVL: annual crop

Demonstration of EdgeVL’s classification

forest
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Demonstration of EdgeVL’s classification
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Future Works

« Enhance adaptation techniques by improving generalization
performance for RGB images in crossmodal scenarios.

« Enhance the framework’s versatility and effectiveness to generative
vision language models.



