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Introduction

¢ Parameter Efficient FineTuning

& PEFT: pre-trained 29| 2= parameterE &A1 &1,
& LoRA: pre-trained 229 weightE update6tXl 21 fully-tuninggt Z 2+t HIZ6HALE O

& ConvLoRA: LoRAl Convolution blockS Z=J15}+01 vision-specific inductive biasE It
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@ Introduction

@2 LoRA [ICLR 21]
& Low Rank Decomposition: 2 X0l Matrix HitS 22 XHHCE 2ollol= A
& Training: AIH st&oE DEO| weightS2 SHI0IE 6HXI 8411, LoRAQI rank decomposition matricesl weightS8t JHI0IE (71Z 2719 0.01%)

& Testing: pretrained weights®} trainable weightsE H6I2 2, £JHX0! Inference LatencyJt M6 42 (W = w, + BA)
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Figure 1: Our reparametriza- max Z Zlog (Pag+aee) (Uil y<i))
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tion. We only train A and B.
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Introduction

&2 SAM [IccV 23]

& Task: zero-shot segmentationE 218t promptable segmentation HIt (image + points/bbox/mask/text -> valid mask)

& Model: promptt imageE YO E B0} HAIZICE maskE HZESH= 2R M2t (encoder: pretrained MAE, CLIP)

& Data: SA-1B (Large Instance Segmentation Dataset) 3 (human-annotated data + model-annotated data)
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(c) Data: data engine (top) & dataset (bottom)

Figure 1: We aim to build a foundation model for segmentation by introducing three interconnected components: a prompt-
able segmentation task, a segmentation model (SAM) that powers data annotation and enables zero-shot transfer to a range
of tasks via prompt engineering, and a data engine for collecting SA-1B, our dataset of over 1 billion masks.



@ Introduction

&< Conv-LoRA

& Key 1: JIE LoRA layer ALOI0Nl lightweight® convolution block & &

Ir

Convolution8 11Q EA QI vision-specific inductive biasE &8 Jts

& Key 2: MoE(Mixture-of-Experts) 214 318

021 expertsE F11, 2} expertJt LIZ scale®l image featureE 9! ->
CHYSt scale® OI0IXI EME FE0I22, LIS HHE B Jis

& Key 3: SAMY| decoderlil [}E SefA 0= MLP Tt

SAMEZ E0ll Semantic SegmentationE JtS6tAl &
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Method

&< Conv-LoRA

& LoRAQl ZZEH Convolution operations &4

& &gt Conv block !, MoE-Conv blockS HIQH
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Figure 2: LoRA vs. Conv-LoRA. Both LoRA and Conv-LoRA add an extra trainable encoder-
decoder structure parallel to the frozen pre-trained weights. Inside the bottleneck of LoRA, Conv-

LoRA inserts lightweight convolution operations managed by MoE with negligible extra parameters.



(2]

Method

&< MoE-Conv

& NIHO| expert networks@t gating moduleZ

=FtE
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For instance, if s; = 4, expert IY; would initially upscale the feature maps by a factor of 4x, apply
the Convs 3 operation, and finally, downscale the feature maps by 4x.

G(z) = Softmax(KeepTopK(H (z), k))

v; if v; is in the top k elements of v.
—oc  otherwise.
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@ Method

&% Multi-class Segmentation with SAM

& Mask-based method (i.e. Maskformer)E [tk NJHOl binary masks2t NJH 9 classification scoresE HIZ&

& Multi-class HIZE 2ol prompt encoderE HIH 2 lightweight®t MLPE Ikt

& SAMO| X E HEGIH end-to-endZ 50| JHSHHE

‘Cmulti—class — )\-mask»cmask + )\cisﬁcls + Aﬁ-IOEEJ'\-IoE
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Figure 4: The modified SAM’s mask decoder for multi-class semantic segmentation. The classifica-
tion module (within the red dashed box) is new added compared to original SAM’s mask decoder.
N is the number of output mask tokens, K is the number of classes, C' is the number of channels
H and W indicate the height and width of the feature map (we omit ‘batch size’ for simplicity)



O Experiments

¢ Binary class semantic segmentation
& Medical, Natural, Agriculture, Remote sensing 2ZMHM &g I
& SAM trained from scratch 8501 J1& 2 £2 0IR= PEFT &S0 E2] SAMO| AHH T|AE SUHHRII IHE

& Vision-specificgt inductive bias7t FIHEHOZM JHE 243t 458 HY

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

Method Ratio (%) Kvasir CVC-612 ISIC 2017 CAMO SBU Leaf Road
S, 1 E,t S. T E, T Jac T Dice T S, 1 E, 1 i1 BER | IoU 1 Dice T IoUT Dice?

Domain Specific */100% 90.9 94.4 92.6 95.5 80.1 875 80.8 85.8 73.1 3.56 62.3 74.1 59.1 73.0
SAM trained from scratch| 641.09/100% | 785 824 85.9 91.6 73.8 825 61.9 67.0 40.5 5.53 521 65.5 556 71.1
decoder-only 3.51/0.55% 86.5 89.5 85.5 899 69.7 79.5 78.5 83.1 69.8 ‘ 14.58 | 50.8 63.8 48.6 65.1
BitFit 3.96/0.62% [90.8 £ 05 93.8 £ 035|89.0 £ 040 91.6 & 05| 76.4 £ 045 84.7 £ 035[86.8 £ 033 90.7 £ 026 815 £ 010)3.16 £ w12s|71.4 £ 145 817 £+ 10|60.6 £ 015 75.2 £ 0
Adapter 3.92/0.61% [91.2 £ 02 94.0 = 01689.3 £ 043 92.0 % 063[76.7 = 56 85.0 = 036/87.7 £+ 010 91.3 =+ 020 82.8 & 035|2.84 & 0003[72.1 + 00 824 +03|61.5 £ 001 75.9 £ 02
VPT 4.00/0.62% [91.5 £ 02943 = 006910 £ 00: 93.7 £+ 1.01[76.9 == 000 85.1 = 025874 £ 060 914 = 068 82.1 & 025|2.70 == 00s5[73.6 £ 026 83.8 £ 0[60.2 = 160 74.9 £ 150
LST 1149/ 1.77% |89.7 £ 025 93.3 & 00(89.4 & 020 92.4 & 05:[76.4 £ 105 84.9 £ 09(83.3 £ 026 88.0 £ 023 77.1 £ 023,18 & 0012 70.2 £ 00 811 £ 00[60.2 £ 026 74.9 £ 0
SAM-Adapter 3.98/0.62% [89.6 £ 02092.5 = 010[89.6 £ 022 92.4 + 106[76.1 = 045 84.6 =+ 037/85.6 £ 026 89.6 = 035 79.8 & 059(3.14 & 003|714 £ 020 82.1 + 00[60.6 £ 0 75.2 + 0o
SSF 4.42/0.69% [91.3 £ 0993.9 & 16[89.6 £ 02 91.9 £ 09[76.6 £ 010 85.0 £ 014875 £ 00 914 £ 016 82.6 £ 012)3.19 = 00ss|71.5 £ 00 818 £ 0.4a61.6 £ 0 76.0 £ 0
LoRA 4.00/0.62% [91.2 £ 020938 £ 02(90.7 £ 00: 92.5 £ 0.01[76.6 % 02 84.9 £ 02088.0 £ 024919 £ 002 828 & 016 2.74 & 00| 73.7 £ 00 83.6 £ 0.0[62.2 £+ 02 76.5 £ 0s
Conv-LoRA 4.02/0.63% [92.0 £ 015 94.7 = 016|913 £ 060 94.0 £ 05[77.6 = 057 85.7 =+ 03¢/88.3 £ 050 92.4 =+ 031 84.0 £ 034 2.54 =+ 0001[T4.5 £ 00 843 + 0[62.6 £ 03 76.8 + o

Table 1: Results on binary semantic segmentation. ‘# Params (M) / Ratio (%)’ represents the number of
trainable parameters and its proportion relative to the total number. Domain Specific is a placeholder
referring to methods that specifically designed for the tasks. ‘Underlined’ denotes the better results
compared to PEFT methods. See appendix D for more details. Compared to LoRA, Conv-LoRA
incurs negligible parameter overhead, but delivers a clear performance boost.



O Experiments

¢ Multi class semantic segmentation

& st SUAE XY multi-class datasetliIMT JHE £2 458 HY

& Decoderlt &6HH Encoder?} high-level 32 E FZ06HXI Z6HXITH, RGB Image Conv-LoRA

EncoderE PEFTZ St&61H Ms0] 2 SAE ‘ o , , ,
Figure 14: Visualization Results on Multi-class Transparent Object Segmentation.

Method #Params (M) / Easy Hard
Ratio (%) Acct mloUt MAE| MBER| | Acct mloUt MAE| MBER]|
TransLab | 42.19/100% | 9577 9223 0.036 312 | 83.04 7210 0.166 13.30

decoder-only | 3.51/0.55% | 94.68  88.54 0.050 424 | 8353 6830 0.186 14.37

VPT 4.00/0.62% | 98.31 95.73 0.017 1.52 90.42  83.38 0.083 7.21
LoRA 4.00/0.62% | 98.44  96.26 0.016 1.35 9194 8395 0.083 6.35
Conv-LoRA 4.02/0.63% | 98.63 96.45 0.015 1.27 93.05  84.37 0.075 6.25

# Params (M) / | Category loU 1

Method ‘ Ratio (%) Acct mloU?t | bg shelf Jar freezer window door eyeglass  cup wall  bowl bottle  box
TransLab 42.19/100% | 92.67 69.00 | 93.90 5436 6448 65.14 5458 57.72 7985 81.61 7282 69.63 7750 5643
Trans2Seg 56.20/100% | 94.14 7215 | 9535 5343 67.82 64.20 59.64 6056  88.52  86.67 7599 7398 8243 57.17
decoder-only | 3.51/0.55% | 90.66 49.97 | 93.66 32.75 3996 3587 5070 4589 5738 7316 6936 5423 5658 3377
VPT 4.00/0.62% | 9442 6281 | 9741 2976 5282 62.09 5554  63.61 8112 8340 79.61 6529 7292 44.77
LoRA 4.00/0.62% | 9480 66.01 | 9750 4217 57.82 64.35 5344 6408 8728 8528 8043 63.67 7797 49.56
Conv-LoRA 4.02/0.63% | 95.07 67.09 | 97.66 50.51 5844 51.70 5569 6522 8523 8484 8097 7284 7983 5273

Table 2: Results on multi-class semantic segmentation. The tables are the results for three-class and
twelve-class semantic segmentation respectively.
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@ Experiments

& Mean attention distance
& MAEZ &t&E ViTE HHEMIM Mean Attention Distancedt ZHl LIEF (S EHEE 24 fine-grained information0l 258&})
& ConvLoRAZ &H&E SAMO| Encoders SHHE MM Mean Attention DistanceJt 2112 LIE (fine-grained detail0l Z26H0 segmentationtl &2 &)

MAE SAM
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Figure 5: Mean attention distance of each attention head, with each dot indicating the mean distance
across images for one of the 16 heads at one layer. In contrast to MAE, SAM retains the ability to
incorporate local information even in deeper layers.



@ Experiments

¢ Further Analysis

ISIC 2017 sht s
Method ‘ Mot Tt Dicet Acct Method | Training Speed (Iter /s) T | Training Memory (GB) |
. Multi-scale 0.79 23.4
Multi-scale | 77.4 69.5 85.4 93.7
MoE 779 703 859 939 MoE 1.22 21.7

Table 3: MoE vs. Multi-scale, the latter fuses features from all scales simultaneously. The per-
formance and the training cost illustrate the effectiveness and efficiency of dynamic selecting the
experts, i.e., injecting the local prior into the feature maps of different scales dynamically.

Test # Params CVC-ColonDB ETIS
LoRA | #P M
0. ‘ arams (M) ‘ Acct mloUt Method ‘ / Ratio( % ) ‘ Sat Ept F; T MAE] | Saf Eof Ffib T MAE]
r=3 4.00 94.80  66.01 VPT 400/062% | 85.0 884 750 3.6 865 874 701 1.9
r==6 4.49 95.15  66.24 Conv-LoRA 403/0.63% | 85.1 888 757 34 868 885 702 1.7
r=12 5.48 9523  66.69 Conv-LoRA+VPT | 423/0.66 % | 860 89.0 768 3.5 87.7 881 703 1.7
r=24 7.44 95.14  67.02

. . . . . . Table 12: Performance of combining Conv-LoRA and VPT on Polyp Segmentation.
Table 11: The performance trend when increasing the rank r of LoRA for twelve-class segmentation.

Method # Params Leaf ISIC 2017
ctho /Ratio(%) | loU?T Dicet Acct | Jact TlJactT Dicel Acct
Inception | 4.01/0.63% | 72.1 823 950 | 769 685 849 933
MoE-Conv | 4.01/0.63% | 740 838 956 | 774 695 855 939

Table 13: MoE-Conv vs. Blocks with Various Kernel sizes (indicated as *Inception’).
12
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