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Not depth-first, but breadth-first discussion

Three Topics: LLM & Efficiency & Foundation Models



a) LLM



FROZEN TRANSFORMERS IN LANGUAGE MODELS ARE EFFECTIVE VISUAL ENCODER LAYERS

_________________________________________________________________________________________________________

(a) Architecture (b) Pseudo-Code
def __init__ (self, *args, **kawargs):
[ MLP Classifier ]0—{ Linear Layer (Dim;;, — Dimy;) J
I <
[ ¢¢ Frozen LLM Transformer ]
“Cat” 4

X . " self.L1 = nn.Linear(ViT.hidden_dim, LLM.hidden_dim)
Linear Layer (Dimy;; — Dimy; ) self.LM = LM_Transformer(args, kwargs)
self.L2 = nn.Linear(LLM.hidden_dim, ViT.hidden_dim)
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for param in self.LM.parameters():
O O O O O O O O O O param.requires_grad = False
CLS Token [ Patch Embedding ] def forward(self, img):
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e - £ el = z = self.LM(z)
&= N J
P = Y

z = self.L2(z)

Visual Tokens 1
return y

Figure 1: Our straightforward method of using a frozen transformer block from pre-trained LLMs!
as a visual encoder layer. Visualized with an example of ViT (Dosovitskiy et al., 2021). (a) Our:
design simply appends a frozen transformer block (') on top of the regular visual encoder (gray).:
Only two trainable linear layers (green) are added to align the feature dimensions. (b) Pytorch-style:
pseudo-code shows the simplicity of our approach. |

Encode image with ViT + Linear layer — Process the features with (frozen) LLM — Classify & Detect


https://openreview.net/pdf?id=t0FI3Q66K5

FROZEN TRANSFORMERS IN LANGUAGE MODELS ARE EFFECTIVE VISUAL ENCODER LAYERS

Model | ImageNet ImageNet-C ImageNet-A ImageNet-SK ImageNet-R
' VITT 721 43.9 7.7 19.6 323
| ViLT-LLaMA 73.2 45.8 8.7 20.6 33.8 |
| ViT-S 80.1 57.2 20.5 28.9 42.1 |
| ViT-S-LLaMA 80.7 58.7 22.7 30.5 42.8 |
. ViT-B* 78.9 58.1 21.6 29.3 405 |
. ViT-B-LLaMA 80.6 60.6 24.6 30.4 40.9 |

Inclusion of LLM robustifies the model -But- the improvement is not significant (~1-2%)


https://openreview.net/pdf?id=t0FI3Q66K5

2 MiniGPT-V2
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1 model takes a ViT visual backbone, which re-:
| mains frozen during all training phases. We con- |
| catenate four adjacent visual output tokens from '

1 ViT backbone and project them into LLaMA-2:
| language model space via a linear projection layer. |

Table 3: Results on multiple VQA tasks. We report top-1 accuracy for each task. Grounding col-
umn indicates whether the model incorporates visual localization capability. The best performance
for each benchmark is indicated in bold.

Method Results on Visual Question Answering
! ), Do : VSR TextVQA  IconVQA  VizWiz HM
' m | i Method Croufding: OKYOQs, 6Q-a (zero-shot)  (zero-shot) (zero-shot) (zero-shot) (zero-shot)
: | Flamingo-9B X 44.7 . 31.8 " . 28.8 57.0
: ¥ | 1 BLIP-2(13B) X 45.9 41.0 50.9 425 40.6 19.6 53.7
4 Llama2 i 1 InstructBLIP (13B) X - 495 52.1 50.7 44.8 33.4 57.5
. S — i1 MiniGPT-4 (13B) X 37.5 30.8 41.6 19.4 37.6 . -
i [imvsm 11 @ Linear </me>[refer] |11 LLaVA (13B) X 54.4 413 512 38.9 43.0 - -
W s e T e ey || | SHIkG(I3E) v 472 - - : . = =
e U N g N | 1 Ours (7B) v 569  60.3 60.6 51.9 47.7 303 58.2
i ! Ours (7B)-chat v 55.9 58.8 63.3 52.3 49.4 424 59.5

The model leads to a significant boost across many vision-and-language tasks.


https://openreview.net/pdf?id=nKvGCUoiuW

1
1
1
|
FTTTTTTTTTTTTTTTooToooooooooomoooooooooos . = |
| (@) Architecture : (oot
1 | M
: [ MLP Classifier ]4—[ Linear Layer (Dimy;y — Dimy;z) ] : * |
i T . 4 Llama2 " ¥
: [ * Frozen LLM Transformer ]: 4 4 e 4 1
“Cat” F 1
! 1 INST </Img> [refer]
: [ Linear Layer (Dimy;r — Dimy;) ] : [<Imgi . f LIP can 7y where is the i
I~ — | 2
: [ ViT Transformers ] : Ieftear? [/INST] :
1 \ N
| 0 000000000 ! :
' CLSToken [ Patch Embedding ] ' !
1
: | |
1 : !
! 1
! 1
! 1

1 Frozen-LLM 2  MiniGPT-V2

Y 3 Figure 2: Architecture of MiniGPT-v2. The,
Visualiokens model takes a ViT visual backbone, which re-!

mains frozen during all training phases. We con- 1

catenate four adjacent visual output tokens from |

ViT backbone and project them into LLaMA-21
| language model space via a linear projection layer.
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4 PLANTING A SEED OF VISION IN LARGE LANGUAGE MODEL

5 LINGUISTIC IMAGE UNDERSTANDING
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3 MiniGPT-V4

( The logo design is simple and minimalistic, with a pink line drawing of a flamingo |
standing on one leg in the water. The design is clean and easy to recognize, making it

| suitable for use in various contexts such as a logo for a beach resort or a flamingo- |
themed event. The use of a flamingo as a symbol adds a touch of whimsy and fun to 1

I the design, making it memorable and eye-catching. Overall, it's a well-designed logo

\ that effectively c icates the brand's ]

. o
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b-1) Efficient VIiT



1 FASTERVIT: FAST VISION TRANSFORMERS WITH HIERARCHICAL ATTENTION

1

i Stage 1 x N, Stage 2 x N> Stage 3 < Vs Stage 4 <V
1

1

| H W H W
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! HxWx3 ﬁ,lvcm 4 4 g 3232 80

Hierarchical
Attention

Input —)[ Conv (s2) ]——){ Conv (s2)

Head

Downsample
Downsample
Downsample
Downsample

'Figure 3: Overview of the FasterViT architecture. We use a multi-scale architecture with CNN and
transformer-based blocks in stages 1, 2 and 3, 4, respectively. Best viewed in color.

_____________________________________________________________________________________________________________________________________

CT Init: Carrier token initialization

FasterViT combines Convolutional blocks (stage 1-2) with Transformer blocks (stage 3-4).


https://openreview.net/pdf?id=kB4yBiNmXX

1 FASTERVIT: FAST VISION TRANSFORMERS WITH HIERARCHICAL ATTENTION

2021a)  (e) LongFormer Beltagy et al (2020)  (f) BigBird Zaheer et al. (2021

. Figure 5: Attention map comparlson for a feature map of size H x H x d. O - no attention, @ -
. normal token attention, B - carrier token attention, @ - random token attention. Full attention (a) has
complexity of O(H*d), windowed attention significantly reduces it to O(k?H?d) but lacks global
| context. |

Hierarchical attention extends windowed attention via carrier tokens to pool from distinct windows.


https://openreview.net/pdf?id=kB4yBiNmXX

1 FASTERVIT: FAST VISION TRANSFORMERS WITH HIERARCHICAL ATTENTION
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FasterViT-5

FasterViT-4
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@ Visformer (2021)
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@ NextviT (2022)

1: Comparison of image throughput and:

mageNet-1K Top-1 accuracy. For all models,
hroughput is measured on A100 GPU with batch:
ize of 128.

Segmentation

Table 4: Semantic segmentation on ADE20K “hou

et al. (2017) with UPerNet Xiao et al. (2018).

i Model Throughput FLOPs (G) IoU(ss/ms)
| Swin-T Liu et al (2021) 350 945 44.5/45.8
t ConvNeXt-T Liu et al. (2022b) 363 939 -/46.7
| FasterViT-2 377 974 47.2/48.4
' Twins-SVT-B Chuetal (20212) 204 - 47.7/48.9
' Swin-S Liu et al. (2021) 219 1038  47.6/49.5
! ConvNeXt-S Liu et al (2022h) 234 1027 -149.6
| FasterViT-3 254 1076  48.7/49.7
| Twins-SVT-L Chuetal (20212) 164 ; 48.8/50.2
| Swin-B Liu et al. (2021) 172 1188  48.1/49.7
i ConvNeXt-B Liu et al. (2022h) 189 1170 -/149.9
' FasterViT-4 202 1290  49.1/50.3

FasterViT yields the highest accuracy-efficiency tradeoff for classification/segmentation tasks (ADE20K).


https://openreview.net/pdf?id=kB4yBiNmXX

2 EFFICIENT MODULATION FOR VISION NETWORKS

Latency (ms)

r 1

;‘f‘: :-5' Model Top-1(%) ~GPU  CPU— Pa(rﬁn"ns FI_(‘Q)PS Size. i

e MobileNetV2x1.0 (2018) 71.8 21 38 35 03 224 |

MLP block ¥ FasterNet-T0 (2023) 71.9 25 68 3.9 03 2242 !
EC EdgeVIT-XXS (2022) 744 88 157 4.1 0.6  224% 1
MobileOne-S1 (2023) 74650 15 69 48 0.8 2242 |

FC Mobile VIT-XS (2022) 74.8 41 210 23 1.1 2562 |

—2 EfficientFormerV2-S0 (2023b)  73.7 757 33 10.7 3.6 04  224% |

Atten. block ¥ Interact EfficientMod-xxs 76.0 3.0 10.2 4.7 0.6 2242 |
FC MobileNetV2x1.4 (2015) 747 28 60 6.1 06 22471

DeiT-T (20212) 74.5 27 165 59 12 20242 |

cTX FasterNet-T1 (2023) 76.2 33 129 76 09 2242 !

K \Y EfficientNet-B0 (2019) 77.1 34 109 53 04  224°

[ FC J[ Fc J[ Fc | MobileOne-S2 (2023) - ma 20 100 78 13 2242

1 EdgeViT-XS (2022) 715 11.8 214 638 1.1 2242
MobileViTv2-1.0 (2023) 78.1 54 309 49 18 2562 !

= EfficientFormerV2-S1 (2023b)  77.9 7000 45 154 6.2 07 2242 1

A EfficientMod-xs 78.3 36 134 66 08 2242
PoolFormer-s12 (20222) 772 50 223 119 18 2247 |

. . FasterNet-T2 (2023 789 44 184 150 19 2042 !

___(a) Transformerblock ~~ (b) Modulationdesign _(c) Our EfficientMod block EfﬁciemFormir-Ll)(:u:z) 7922 37197 123 13 242
MobileFormer-508M (2022b)  79.3 134 1425 148 0.6 2242 |

MobileOne-S44 (2023) - o4 48 266 148 30 2242 |

MobileViTv2-1.5 (2023) 80.4 72 590 106 41 256% !

EdgeViT-S (2022) 81.0 205 347 131 19 2242 !

EfficientFormerV2-S2 (2023b)  80.4 s1.6) 73 26.5 12.7 1.3 2242

EfficientMod-s 81.0 55 235 129 14 2042 |

1

Replace Query-Key subnets with an FC-Conv-FC block — Low latency across GPU & CPU.


https://openreview.net/pdf?id=ip5LHJs6QX

b-2) Efficient Fine-tuning



CONVOLUTION MEETS LORA: PARAMETER EFFICIENT FINETUNING FOR SAM

The authors freeze SAM, adds few trainable modules (Conv-LORA) for efficient fine-tuning.

MoE-Conv Structure

1 1
| &) < ® |
1 1
| / \ % / \ |
| - 7 - |
< \ Dec. / — \ Dec. /|
C' | Pretrained > | Pretrained oz con |
O!| Weights cC> Weights _—
— AE / Enc. \|
| e N ne. \i
| i

T _7@)-——»0(”‘ 6@ N T

0.5x interpolate Experti Expert2  Expert3 | .- Expertn 0.25x interpolate
3x3 Conv 4 e 20 3x3 Conv
I A TS~ |
2x interpolate [ ¢ _» N~ - 4x interpolate

Gating <\ |

‘ = //. b : S
k | | selected | | UnSelected



https://openreview.net/pdf?id=ezscMer8L0

ONVOLUTIO

N MEETS LORA: PARAMETER EFFICIENT FINETUNING FOR SAM

#Params (M) / | Medical | Natural Images | Agriculture Remote Sensing

Method Ratio (%) Kvasir CvVC-612 ISIC 2017 CAMO SBU Leaf Road
SaT Ey 1 ) ST E41 | Jac 1 Dice 7 ST E; 1 Fg 1 BER | IoUT Dicet | IoUT Dice?

Domain Specific|  */100% | 909 944 | 926 955 | so1 875 | so8 858 731 | 356 | &3 71 | so1 730
decoder-only | 3.51/055% | 865 895 | 855 899 | 697 795 | 785 831 698 | 1458 | 508 638 | 486 651
BitFit 3.96/0.62% [90.8 £ 051 93.8 £ 055|89.0 £ 010 91.6  ass|76.4 & 0.5 84.7 £ 0:/86.8 % 055907 % 06 81.5 % 015|3.16 = 0714 = 115 81.7 % 1060.6 + 015 75.2 % am
Adapter 3.92/0.61% [91.2 + 05 94.0 £ 016|89.3 + 060 92.0 + 06|76.7 = 06 85.0 = 05{87.7 = 010913 =+ 010 82.8 + 0(2.84 =+ aom|72.1 = 0.0 82.4 =+ 05615 + an 75.9 + an
VPT 4.00/0.62% [91.5 + 023 94.3 £ 0x|91.0 % 050 769 + 054{76.9 056 85.1 % 015|874 =+ 060914 =+ 08 82.1 =+ ars|2.70 =+ aoss|73.6 =+ 036 83.8 + 03|60.2 + 157 749 + 1.0
LST 1149/ 1.77% |89.7 = 025 93.3 = 057[89.4 + 01 92.4 + 0sa|76.4 £ 105 84.9 £ a|83.3 = 021 88.0 £ 03 77.1 £ 0ca|3.18 % 002|702 % 0 81.1 £ 0602 % 02 749 + 0
SAM-Adapter | 3.98/0.62% [89.6 + 020 92.5 + 010|80.6 % 022 92.4 % 106{76.1 % 0us 84.6 % 0|85.6 = 026 89.6 =+ 055 79.8 =+ as|3.14 + 0065|714 £ 020 82.1 = 010/60.6 £ o35 75.2 £ o
SSF 4.42/0.69% (913 + 051 93.9 £ 16|89.6 % 057 919 + 05|76.6 = 019 85.0 = 0187.5 = am 91.4 =+ 016 82.6 = a123.19 + w715 = 00 81.8 + 0us|61.6 + 015 76.0 + o2
LoRA 4.00/0.62% |91.2 + a2 93.8 + 02/90.7 051 92.5 = 0ui[76.6 = 025 84.9 =+ 0[88.0 % 034 91.9 + 0x2 82.8 + 012,74 £ aos|73.7 + 01 83.6 £ ans|62.2 + 021 76.5 £ ae
Conv-LoRA | 4.02/0.63% [92.0 + 01s 94.7 £ 016|913 + 06 94.0 % n|77.6 £ 05 85.7 % 5|88.3 + 010 92.4 + 051 84.0 £ 03{2.54 + aosi|74.5 £ 0 843 + 051/62.6 + 036 76.8 = o

Conv-LORA leads to some improvement over the strong competitor LORA on few-labeled tasks.


https://openreview.net/pdf?id=ezscMer8L0

HOW TO FINE-TUNE VISION MODELS
WITH SGD

2 ZEST: ZEROSHOT SPARSE FINE-TUNING 3

ID accuracy OOD accuracy

““““ Aircraft ;’25{_111595650/3% SGD 900% 679%
AdamW (+2.1%) (+8.1%)
SGD (freeze-embed, no mom.) (+2.2%) (+9.0%)

FT-Full: 87.5% / ZEST: 89.0% FT-Full:56.6 / ZEST: 60.9%

____________________________________________________________________

(b) Performance of different fine-tuning methods on a CLIP
ViT-B/16 averaged over 5 distribution shift datasets.

i & il

SGD (freeze-embed) (+2.1%) (+8.0%) E



https://openreview.net/pdf?id=sOHVDPqoUJ
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c) Foundation Models



1 UNIVIS: A UNIVERSAL FRAMEWORK FOR COMPUTER VISION TASKS

______________________________________________________________________________________________________

Instruction

"semantic
segmentation map"

"a sharp image without
noise"

i| "a half eaten sandwich on
top of a white plate”

Perform many different vision tasks (segmentation, denoising, generation) by differing the instruction.


https://openreview.net/pdf?id=m5m3nugttY

1 UNIVIS: AUNIVERSAL FRAMEWORK FOR COMPUTER VISION TASKS

| Image Instruction & Tuned 3%Frozen !
i Ezn Eaut -\ i
 query| I | T @ - iffusi j
: o Forward Diffusion :
s S |
| T |
i Ein | Eout — —_— i
= i |
- Lquery |
i - 2 E X(T o 1) : ‘; """" I‘ ] | :i
i Ein | Eout 3 ¥ E | i Denoising !
| { T Ja U-Net "
el 2 ; . &) | ss
i N : t :
: V task/instance-level :
| Text Instruction 47 prompt |

The model builds upon Stable Diffusion, and generates unified input-output prompts for different tasks.


https://openreview.net/pdf?id=m5m3nugttY

o> SLIME: SEGMENT LIKE ME

Figure 1: SLiMe. Using just one user-annotated image with various granularity (as shown in the;
leftmost column), SLiMe learns to segment different unseen images in accordance with the same:
granularity (as depicted in the other columns). .

SLIME can learn to segment objects at different granularity from a single image, interactively.


https://openreview.net/pdf?id=7FeIRqCedv

3 BIOCLIP: A VISION FOUNDATION MODEL FOR THE 4 YOLOV6: OBJECT DETECTION FOR INDUSTRY
TREE OF LIFE

|
s

(a) Treemap of the different phyla in TREEOFLIFE-10M. Different colors
are different phyla; nested boxes represent classes, orders, etc.
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Train with (a) RepVGG & Infer with (c) RepConv.
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5 LEARNING TO PROMPT SAM

o mm o m oo e -,
| Text prompts represented by word tokens High dimensional embedding space Mask predictions |
1 - [ o b okt ot ) f :
' "a photo of [class name 1]" Text [text prompt embedding 1] : "
! —>» | Prompt [—» —> ! a o
! "a photo of [class name C]" Encoder [text prompt embedding C| ] : |
| ! 1
| " . 1 l,
Spatial prompts represented by 2D coordinates - : i
: Spatial |spatial prompt embedding 1] Mask 1 L
: ° D 5 —» | Prompt |—» — 5 asd —> | i
I Encoder [spatial prompt embedding N] G ! 1
' Point Box Mask Stroke . ¥
| : "
| ' b
| Image : g ! i
— g — 1

: Facniler |image embedding| : : !
! 2
1 I

1

6 MERGING CLIP and SAM

(Output mask) (Output mask)
[CLIP-HEAD] [SAM-HEAD]

“Motorbike” &

(Input text) (Input image) (Input geometric prompt)

______________________________________
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Other Interesting Papers

1 IHE ALL-SEEING PROJECT: TOWARDS PANOPTIC VISUAL RECOGNITION AND UNDERSTANDING OF THE OPEN WORLD

2 INDEFENSE OF SEMI-SUPERVISED LEARNING: SELF SUPERVISION IS NOT ALL YOU NEED

3 SIMPLIFYING SELF-SUPERVISED OBJECT DETECTION PRETRAINING

4 LARGE LANGUAGE MODELS AS OPTIMIZERS

5 IMAGE COMPRESSION IS AN EFFECTIVE OBJECTIVE FOR VISUAL REPRESENTATION LEARNING

6 AUTOVP: ANAUTOMATED VISUAL PROMPTING FRAMEWORK AND BENCHMARK
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Code Repositories

Paper Code
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SLIME: SEGMENT LIKE ME Link

YOLOV6: OBJECT DETECTION FOR INDUSTRY



https://openreview.net/pdf?id=t0FI3Q66K5
https://github.com/ziqipang/LM4VisualEncoding
https://openreview.net/pdf?id=nKvGCUoiuW
https://minigpt-v2.github.io/
https://openreview.net/pdf?id=1tZbq88f27
https://anonymous.4open.science/r/anonymous_iclr24-0FCB/README.md
https://openreview.net/pdf?id=0Nui91LBQS
https://github.com/AILab-CVC/SEED
https://openreview.net/pdf?id=kB4yBiNmXX
https://github.com/NVlabs/FasterViT
https://openreview.net/pdf?id=ip5LHJs6QX
https://openreview.net/attachment?id=ip5LHJs6QX&name=supplementary_material
https://openreview.net/pdf?id=7FeIRqCedv
https://github.com/aliasgharkhani/SLiMe
https://openreview.net/forum?id=7c3ZOKGQ6s
https://github.com/meituan/YOLOv6

Discussion

~Model Interactivity~

Soon, will most models become interactive (with the help of an LLM)?

Can vision annotations turn into human language form rather than spatial (e.g. bounding box)?

~Model Efficiency~

Replace FC blocks with Convs for faster ViT variants — Can this be automated?

~Training Efficiency~

How to find the best (few) layers to optimize for our downstream tasks and data?

Thanks! Questions?



