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Summary: Key Idea: Network  Method #Bits _ Size Top-1 Network Method #Bits Size AP™* AP
. . . Full-precision 3232 229 722 Full-precision ~ 32/32 164.5 42.0 -
> QwT generates a quantized network. v QwT uses lightweight linear layers to counteract the GOVITT 381 7 T T 44 T - T eas NRGE =~ ~ B 305~
information loss due to quantization. RepQ-ViT [27] 44 33 582 Reg‘é"’T"gO MinMax +QwT  6/6 494 400 -
. . ) RepQ-ViT + QWT* 4/4 42 614 ® MinMax ~ 8/8 564 416 -
> It gradually compensates for the information loss b ] DeiTT  RepQ-VIT+QwI' 44 42 648 MinMax + QwT ~ 8/8 584 417 -
introduced during the quantization of each block rocess: oAyl do 2 Full-precision __32/32 2765 48.5 433
by incorporating full-precision linear layers. @ Apply any quantization method to obtain the RZ"Q:V;TLQ]wT b ry iy Swing  RepQVITTII ~ 4/~ 3617426 ~400
, : z pQ-Vi RepQ-ViT +QwT 4/4 440 431 40.4
quantized model: {1} = {I"3. RepQVIT+QwWT* 66 55 716 *+MaskRCNN o arg o = 46 ~ 5337476 420~
® Getthe quantized output: YL = lZ(XZ)_ B FG"P'EJE;‘TS‘S'} N giﬁg 32 ‘3;;‘ B RepQ-ViT + QwT 6/6 61.2 48.0 43.1
QwT Q-ViT' [38] - . Full-precision _ 32/32 427.8 51.9 45.0
‘ad y @ Getthe FP output: ¥ = I(X%). RepQ-ViT [27] 44 149 730 Swin-S  RepQVIT[77] ~ %A~ 3697493 431~
] RepQ-ViT+QwT 44 192 755

@ Get {W, b} using linear regression: {X%,Y — Y%}. SwinT — RepQ-ViT+QwT* 44 192 793 +Cascade  RepQ-ViT + QwT 4/4 648 49.9 434

______________________ Mask R-CNN RepQ-VIT[77] ~ 6/6 ~ 834 51.4 446
® Finish compensation: YT = [Z(XZ)+WXZ + b. y

RepQ-ViT +QwT 6/6 91.3 51.7 44.8

RepQ-VIT [27] O A Full-precision  32/32 579.9 519 45.0
RepQ-ViT + QwT 6/6 26.0 80.7 Swin-B RepQVIT 7] ~ 44~ 7617403 431"
RepQ-ViT+QwT*  6/6 260  80.9 win- epQ-ViT [2 i -

+ Cascade RepQ-ViT + QwT 4/4 90.1 50.0 43.7

. Full-precision 32/32 1022 76.6 S 2 e e B o i B
Advantages: 3¢ Model Size & Inference Latency LA LA i - 754 MaskR-CNN RepQ TN " 66 111217515 "8
Percentile[23] 44 14.0 68.4 RepQ-ViT + QwT 6/6 126.1 51.8 45.0
> Speed: The process is completed in ~2 minutes. Network Method Size Latency Top-l Percentile + QWT ~ 4/4 160 745 Detection & Segmentation
Full-precision 229 11.6 722 ResNet-50  Percentile + QwT*  4/4 160 758
. v . . DeiT-T  Percentile [23] 5.9 2.8 71.2 CL-CalibT [47] 6/6 = -
> Simplicity: Nq tedious hyperparamgter turung. Percentile + QwT 6.8 12 7l Percentile[23] 6/6 199 760
The compensation module, based on simple linear Full-precision 1132 345 814 Percentile + QwT ~ 6/6 219 768 Method #Bits Size (MB) FID ({) IS (1)
layers, has a closed-form solution. Swin-T  Percentile [23] 286 95 808 Percentile+Qwl™ 60 219° 768 Full-precision 16/16 1349 532 236.17
Percentile + QWT 329 109 81.0 Image Classification RepQ-ViT 8/8 677 546 23474
> Generality: Applicable across a variety of Full-precision 1984 61.0 83.2 GPTQ 8/8 690 5.90 218.90
) . Swin-S Percentile [23] 50.1 16.0 82.1 Q-DiT 8/8 683 545 236.52
v arch|tectures—_C_NNs, Tran§formers, LLMs, DiTs; Percentile + QWT 580 179 83.0 etiod #Bin Sie (OB) W2 ) CAW) QA Ave () Q-DIT+QwT 8/8 707 535 236.91
v’ tasks—Recognition, Detection, Generation. Full-precision 882 283 81.4 Fullprecision 16 1606 624 896  66.10 RepQ-ViT 4/8 339 319.68  2.20
ViT-S Percentile [23] 22.5 5.8 79.2 GPTQ 4 573 6.65 9.44 64.90 GPTQ 4/8 351 9.94 166.35
. . i : ; ! GPTQ+QwT 4 680  6.63 9.38 65.18 _Di : :
> Practical Deployment: QwT can be integrated gﬁ:ﬁ;ﬁ:;ogm 3‘2‘2(3) 822 23; g_g;LQwT j;g ggz 2;56 i(l]g 3(8)
with existing PTQ methods and deployed on VILB  Percentile [23] 874 155 758 Language Generation (LLaMA3-8B)

infrastructures that support fixed-point inference. Percentile + QwT 101.6  17.5 8.8 Image Generation (DiT-XL/2)




