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Background & Motivation

O Segment Anything!t: shows impressive zero-shot performance on generic object segmentation
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(b) Model: Segment Anything Model (SAM)
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O Segment Anything: still struggles with domain-specific real-world segmentation tasks
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Background & Motivation

O Parameter-Efficient Fine-Tuning (PEFT): a promising approach to unleash the potential of
SAM in novel scenarios.
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"Ignore the beneficial information encoded in the pre-trained SAM | “

O We argue that:
« There exists domain-invariant information that emerges from extensive pre-training.
« This information is embedded in the feature distributions between the encoder and
decoder, yet it can be easily overridden or suppressed during fine-tuning.



Challenges & Our solutions

O Challenges:
 How to extract a good domain-invariant information? —> To compress
 How to effectively transfer it to the fine-tuned models? —>  To distill

O Formulation:

Let z[/ z7 and zT, / z35, denote the image encoder features and mask decoder tokens from the teacher
(pre-trained SAM) and student (fine-tuned SAM), respectively. We formulate the extraction and transfer
process as the information flow. We use matrix-based Rényi’s theory to quantify such information.
Objective 1: to prioritize domain-invariant relations, we constrain the information flow via an upper
bound I,.:
I(zf,25;rT) < I,
Objective 2: To maximize the extracted information between pre-trained SAM and fine-tuned SAM:
max I (rT;r5)
The Lagrangian formulation explicitly implements this trade-off:
max I rT;rS) = Bl (2], z5;rT)

To distill To compress
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O An Information View of SAM Distillation: |

......................................................................

T Image Mask

. . Zi e Relation | heon, Zm
For Challenge 1: Compressing Intra-SAM Relations e "drModulefTI o
Extraction & Compression

v' Attention-based module T designed for extraction v Guide relations toward domain-invariant cues

‘i Zj Image feature AN Ep 7w : 1 (Zl ) Zm: < I
i > :
S i Zm Masktoken (hsz, N, hxw) : ﬂ
r ;o s <
ool Scale : ! \‘
: i !
I i (bsz,N,h X w) I : I LT =] (Zl ,Zm’ rT) i
: : : i i
& Relation : » MatMul i _ T AT T T AT :
[ Module oo | e T | L =S4(65Gh) +Sa(GD) — So(G], G, GF)
: e e e e e e e e e e e P P
] ] Key Proj. Query Proj.
! (bsz,h xw,D) i N,D : ﬂ Set a =
: Layer Norm Layer Norm MatMul T
:,'_ S ] ] L, = —log,||G, “F + longlGlmr”




Our solutions

OO0 An Information View of SAM Distillation:

For Challenge 2: Maximizing Inter-SAM Relations

| Image Encoder 2 [ Prompt
. . L . . ' - - Encoder
v" Transfer the relationships by minimizing their distance. | EELIE Lz |: gL, )
| 23 |+ S TZ Dcci)sdcr j
| /\ '
max Ia (T'T,' T'S) S et ———— T
w z] L'_‘_"'g‘k_‘_ Relation Ml‘_lfl‘ P
ﬂ rcature & Module fT token
A 3 istillati
L, = —LGTr) | Distillation
! _ T S T S i o=
i\ - _Sa(Gr ) — Sa (Gr ) + Sa(Gr , Gy ) ] s :_ipl;l;_;-l 4@ \.1|;.~IL 25

-----------------------------------------------------------------

¢ Mask
Decoder

ﬂ Seta =2
.
L =1log,|IGF N7 + log,lIGP 117 — log, IG 117 22z 18]




Our solutions

O Overview of InfoSAM:

Optimization Objective
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Experiments

O Compare with PEFT baselines across various downstream segmentation tasks

NATURAL IMAGES MEDICAL | AGRICULTURE | REMOTE SENSING
METHOD ]
CAMO ISIC 2017 Kvasir Leaf Road
Sa 1 E,t  F31 Jact  Dicet | Sat E, 1 loU4  Dicet | IoUt  Dicet
SAM 79.7+002 8881900 796100 | 610412 TL74oga | 71441006 7794017 | 376401 4704016 | 724024 1294029
decoder-only 8494038 9274034 8184033 | 8591 p3s 9224020 | 9094005 9524018 | 3564 1120 6884 117 | 47.64 047 6414047
BitFit 8754013 9454008 8534048 | 8774004 9324008 | 9254012 9634000 | 6924067 8034068 | 3814006 7314006
AdaptFormer 87941010 9481021 8624010 | 87604024 9324005 | 9334068 970408 | 750401 8484008 | 6114015 7554012
LoRA 8774050 94.64L0s50 851106 | 8784024 9334013 | 9304004 966401 | 7144054 8214062 | 3904010 T74.0L 0.7
Adapter 88.24 044 9481034 8671092 | 8771023 9324046 | 9341002 97 140as | 7441016 8431028 | 6054010 7514008
HQ-SAM 8514010 9264010 810+ge | 863410320 9244010 | 91 1pps0 9554057 | 6624040 7784043 | 34941016 7064013
SU-SAM 8834021 9504020 8624050 | 8784018 9324000 | 9384002 9754006 | 7474053 8454056 | 0024026 748402
ConvLoRA-SAM | 8754039 9451017 8544041 | 8771022 932101 | 9294013 9664028 | 7144044 8224037 | 59.64 022 744102
LoRA+Ours 883 005 9521000 858:0s0 | 88110z 9351005 | 9340 9681000 | 7224 006 82841004 | 5991020 7464 017
Adapter+Ours 88.6 L0009 95.1+00s 8711037 | 88.04 005 9341000 | 9441002 9794009 | 7564027 8524923 | 6144930 758+ 027

InfoSAM outperforms other PEFT techniques across various datasets from different domains.
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Experiments

O Compare with distillation baselines across various domains

NATURAL IMAGES MEDICAL AGRICULTURE | REMOTE SENSING
METHOD ]
CAMO ISIC 2017 Kvasir Leaf Road
S Ey 1 Fg 1 Jac 1 Dice 1 S, 1 Eg 1 IoU 1 Dice 1 IoU 1 Dice +
Teacher 7974002 8884000 7964001 | 6104012 7174014 | 8304010 888+020 | 3764011 4704016 | 724024 1294020
Student 88.24 pas 9484034 867102 | 8774023 9324016 | 93441012 97014015 | Tdd4016 8434008 | 6054010 7514008
Logit 8844008 9491005 87.1+o022 | 8724043 9294020 | 9324010 9654010 | 73.04 035 8334020 | 5094L 008 6724 006
PKD 87.04 043 9414023 8434007 | 8654026 9254017 | 9224025 9604017 | 7024 145 8ll4 108 | 5694061 72.24 56
PKT 8784040 9454035 8621046 | 87441012 9304007 | 937104 9734053 | 7424051 8424050 | 6074020 7524016
IBD 8524 047 9264035 82441031 | 8514074 9174045 | 9154004 9534005 | 7224012 8274007 | 4494£ 018 6154018
VID 8794020 9484034 863103 | 8764044 9314020 | 953T4006 9744007 | 7514008 8494017 | 607 L0010 7544010
SemCKD 86.24 016 9354021 8284154 | 8544027 9184019 | 9244007 9624003 | 72.04 004 8284010 | 5354017 6944017
ReviewKD 86.74 007 94.0L 000 846463 | 8554026 9194015 | 9244 p33 96044 g2 | 7264064 8314047 | 5734011 726401
TinySAM 8374030 9164031 8lligss | 7944112 8784084 | 8854031 9354004 | 4864 114 61.04 0095 | 2574100 3964 17
MobileSAM 8714036 9414027 85.1igpe | 8674013 9264000 | 9254012 96341014 | 7T1.94 030 82.64 039 | 5924000 741408
InfoSAM(Ours) | 88.6 900 9511005 8711037 | 8801005 9341000 | 9441002 9791009 | 75.61 027 8521023 | 6141930 758+ 027

Most distillation methods harm PEFT due to the weak teacher, often underperforming vanilla fine-
tuning. In contrast, InfoSAM distills only essential knowledge from the teacher.
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Experiments

O Extended Experiment with SAM2

(a) PEFT Methods Comparison

(b) Distillation Methods Comparison

. MEDICAL AGRICULTURE REMOTE SENSING

METHOD

S, (Kvasir) loU (Leaf) [oU (Road)
SAM2 87.1+4 012 4274 032 6.9+ 013
decoder-only 93.24 007 71.84 pss 48.5 4+ 947
BitFit 93S:I: 0.09 ?54:|: 029 ngﬂ: 0.26
AdaptFormer 93.7 1+ 019 73.6L 110 5994 g1s
LoRA 93.7+ 010 7594 040 60.8+ .32
Adapter 94.4 4 o6 76.8 1+ 56 60.94 14
LoRA+QOurs 94.0 1 .00 76.11 pag 60.9+ g0s
Adapter+Ours 9451 47 77.3 1L 014 61.31 g0s

. MEDICAL AGRICULTURE REMOTE SENSING
METHOD
S, (Kvasir) loU (Leaf) IoU (Road)

Teacher 87.14 .12 42.7 4 g3z 6.94 013
Student 94.4 L p o6 76.8 1L 06 60.94 g14
PKT 940:|: 0.25 ?4S:|: 0.14 5?3‘:|: 0.07
VID 94.14 47 7724 037 61.14 038
ReviewKD 9344 nao 727+ 037 55.94 050
TinySAM 89.44 .10 45.24 076 23.94 2461
MobileSAM 9331 015 74.14 35 52.34 n46
ll‘lfﬂSAMZ(Olll’S} 945:|: 0.17 7?3:& 0.14 613:|: 0.05

InfoSAM consistently performs well with SAM2, thanks to its structure-independent, information-
theoretic foundation.
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Experiments )

O Ablation Study

v Ablation study results of two losses v’ Effects of the Relation Module
L. L, MEDICAL AGRICULTURE REMOTE SENSING MODEL : METHOD : AG::JC:L::RE : RE“’;:;TI:;::?'NG
S, (Kvasir) loU (Leaf) IoU (Road)
93.4 74.4 60.5 TinySAM | WRM. | 03 e | T
v :; gii:[l}ﬂ; ;?g:[;g; gig:j;;j MobileSAM | W’F‘}RM | ;i;gi::;} | z'igi::::

v" Evolution of relation maps and their statistical distributions over epochs, without and with the
regularization term.

Early Epoch Middle Epoch Late Epoch Early Epoch Middle Epoch Late Epoch
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Regularization Regularization
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Experiments >

O Visualization results

RGB Image GT SAM HQSAM SU-SAM ConvLoRA-SAM InfoSAM

RGB Image GT SAM HQSAM SU-SAM ConvLoRA-SAM InfoSAM



null

1.9591829




Reference >

[1] Kirillov A, Mintun E, Ravi N, et al. Segment anything[C]//Proceedings of the IEEE/CVF international conference
on computer vision. 2023: 4015-4026

[2] Peng Z, Xu Z, Zeng Z, et al. Parameter efficient fine-tuning via cross block orchestration for segment anything
model[C]//Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024: 3743-3752.
[3] Ke L, Ye M, Danelljan M, et al. Segment anything in high quality[J]. Advances in Neural Information Processing
Systems, 2023, 36: 29914-29934.

[4] Xiao A, Xuan W, Qi H, et al. CAT-SAM: conditional tuning network for few-shot adaptation of segmentation
anything model[J]. arXiv e-prints, 2024: arXiv: 2402.03631.



null

5.1461344




	幻灯片编号 1
	幻灯片编号 2
	幻灯片编号 3
	幻灯片编号 4
	幻灯片编号 5
	幻灯片编号 6
	幻灯片编号 7
	幻灯片编号 8
	幻灯片编号 9
	幻灯片编号 10
	幻灯片编号 11
	幻灯片编号 12
	幻灯片编号 13

