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Background

 Constraint of ViT & DETR Applications: Huge FLOPs
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* Deploying NNs on NVIDIA Jetson TX2 [4] :
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- I /7 non real-time computation

[1] Alexey Dosovitskiy, et al. An image is worth 16x16 words: Transformers for image recognition at scale. arXiv:2010.11929, 2020
[2] Hugo Touvron, Matthieu Cord,et al. Training data-efficient image transformers & distillation through attention. In Proc. of ICML, 20
[3] Ze Liu, Yutong Lin, et al. Swin transformer: Hierarchical vision transformer using shifted windows. In Proc. of ICCV, 2020

[4] https://www.nvidia.cn/autonomous-machines/embedded-systems/jetson-tx2/

)



Baseline of Quantized DETR

1. Quantized DETR scheme

Symmetric weight quantization:

: w W W
w,y = |clip{ ] Qn,Qp 1,

Qu(z) = aw o Wy,

Asymmetric activation quantization:

z, =(dip{ 22 0z, 21

Qa(z) = ar 04 + 2,



Baseline of Quantized DETR
2. Quantized MHA
Q-FC(z) = Qu(T) Qu(W) = azaw o (T OW,+2/az0wWy),

q = Q-FC(0), k,v = Q-FC(E)
A; = softmax(Qa(q): - Qu(K)] /Va),
Dz’ — Qa(A)i 5 Qa(v)ia



Baseline of Quantized DETR

3. Challenge Analysis

(1) Quantizing backbone (2) Quantizing encoder (3) Quantizing MHA of decoder (4) Quantizing MLPs

(1)
Quantizing query, key, value

and attention weight brings (1) +@)

the most significant drop () +@)+@3)

(D+(2)+(3) +(4)
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3-bit DETR-R50 83.3
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Framework and Proposed Q-DETR
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Framework and Proposed Q-DETR

1. Information Bottleneck of Q-DETR

n&ign I(X; E‘S) — ,BI(ES, q°; yGT) = .f'I(qS; QT)

I(q®;q") = H(q®) — H(q®|q")

min H(q° |q"),
b
s.t. q° = argmaxH(q")

qs



Framework and Proposed Q-DETR

2. Distribution Rectification Distillation

Inner-level optimization:

H(q®) = - / ~ p(g?)logp(a?)
q’eq®

H(q®) = —E[log N (1(q°), 0(q®))]
2

2. % S — u(g®
= —Ellog[(27a(q°)") exp(_(qz2a(/c:g(;2)) I

1 .
= §log 27ro(q‘5)2.



Framework and Proposed Q-DETR

2. Distribution Rectification Distillation

Upper-level optimization: G, = max GIoU®ET,5%),
' 1<GEN ¢

vs _ [ b5, GIOUET,b5) > 7Gi, ¥
7 ] @, otherwise,

N
] 6] = argmax} | GIoU(bF, b]) — pualls — 57 I,
Cp 9 k=1

Lprp(@® ,q") =E[|D°" - D73,



Experiments and Results

Ablation Study

Table 1. Evaluating the components of Q-DETR-R50 on the VOC
dataset. #Bits (W-A-Attention) denotes the bit-width of weights,
activations, and attention activations. DA denotes the distribution
alignment module. FQM denotes foreground-aware query match-
ing.

Method #Bits AP;, #Bits AP;, #Bits AP;,
Real-valued 32-32-32 83.3 - . - -
Baseline 4-4-8 78.0 3-3-8 76.8 2-2-8 69.7

+DA 4-4-8 78.8 3-3-8 78.0 2-2-8 71.6
+FQM 4-4-8 81.5 3-3-8 809 2-2-8 749

+DA+FQM
(Q-DETR) 4-4-8  82.7 3-3-8 82.1 2-2-8 764
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(a) Effect of 7 and A. (b) Mutual information curves.

Figure 5. (a) We select T and A using 4-bit Q-DETR-R50 on VOC.
(b) The mutual information curves of I(X;E) and I(y“";E,q)
(Eq. 4) on the information plane. The red curves represent the
teacher model (DETR-R101). The orange, green, red, and purple
lines represent the 4-bit baseline, 4-bit baseline + DA, 4-bit base-
line + FQM, and 4-bit baseline + DA + FQM (4-bit Q-DETR).
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Experiments and Results

Main Results on VOC For DETR-R50:
Model Method  #Bits AP APso AP7s * compared with
le:rl;;’:lt‘i'lid 3 28'382'832 23:.5, gg:g gg:z the 8-bit PTQ method, our 4-bit Q-DETR achieves a
VI-PTQ  °°° 576 823 63.1 much larger compression ratio than 8-bit VI-PTQ, but
B;ifi)ne i g?:; ;g:g 2431:(1) with a bit of performance improvement (82.7% vs.
- (1]
ereaso CDETR _ simels  823%) |
Baaline 98 405 Y68 7518 * Q-DETR-R50 boosts the performance of 2/3/4-bit
Q-II‘)SETR ig-g gg-; 2-3 baseline by 6.7%, 5.3% and 4.7% AP with the same
Baseffne 228 440 607 458 architecture and bit-width
Q-DETR 50.7 76.4 54.1
Real-valued 32-32-32 56.7 83.7 62.0 For SMCA-DETR-R50:
Percentile 54.7 79.2 60.1 o :
VEPTO 53 350 830 613 Q—DETR with SMCA—DETR—RSO outperforms the
LSQ 496 786 534 2/3/4-bit Baseline method by 6.3% , 5.1% and 3.8%
Baseline  4-4-8 507 79.5 55.4 AP50. a1 :
SMCA-DETR Q-DETR 56.2 833 616 on , d ldfge matgin. o
-R50 LSQ 477 765 517 * Compared with 8-bit post-training quantization
Baseline 3-3-8 499 775 53.6 hod hod achi ionifi 1
Q-DETR 543 82.6 59.5 methods, our method achieves a significantly
LSQ 423 69.7 4438 higher compression rate and comparable performan% \
Baseline 2-2-8 439 704 46.1 ®>
Q-DETR 50.2 76.7 52.6




Experiments and Results
Main Results on COCO

Model Method #Bits  Sizeqyusy OPsigy AP AP;, AP;; AP, AP, AP
Real-valued 32-32-32 159.32 8551 420 624 442 205 458 61.1
Percentile 38.6 - - - - -
VI-PTQ 8-8-8 39.83 2301 5 . ] ] ] ]
LSQ 333 537 339 128 370 516
Baseline 4-4-8 19.92 13.02 341 553 354 143 380 538
Q-DETR 394 602 414 177 434 599
DETR-ES0 LSQ 31.0 523 321 113 339 4835
Baseline 3-3-8 15.03 7.61 323 522 329 123 354 503
Q-DETR 361 559 375 146 394 552
LSQ 247 446 265 63 253 427
Baseline 2-2-8 10.03 532 266 466 265 84 282 444
Q-DETR 314 513 316 11.6 343 496
Real-valued 32-32-32 16475  86.65 41.0 622 436 219 443 39.1
Percentile 375 585 40.1 17.6 39.1 559
VT-PTQ 8:5:8 Ll 2366 402 610 426 203 429 577
LSQ 339 550 350 132 372 514
Baseline 4-4-8 20.59 1348 350 564 364 156 383 525
Q-DETR 383 597 398 177 417 568
SMCIAEDEIRES) LSQ 30.1 526 314 119 334 466
Baseline 3-3-8 15.68 8.05 31.8 537 326 126 352 498
Q-DETR 350 563 369 150 390 531
LSQ 239 422 242 94 262 315
Baseline 3.2-3 10.84 454 254 443 252 84 2712 403
Q-DETR 305 51.8 31.8 120 332 48.0

For DETR-R50:

* Q-DETR-R50 boosts the performance
of 2/3/4-bit baseline by 4.8%, 3.8%
and 5.1% AP with the same
architecture and bit-width

e 2/3/4-bit Q-DETR-R50 achieves
computation acceleration and storage
savings by 16.07x/11.23x/6.57x and
15.88x/10.60x/7.99x, compared to
real-valued ones.

For SMCA-DETR-R50:

* 4-bit Q-SMCA-DETR-R50
theoretically accelerates 6.42x with
only a 2.7% performance gap com-
pared with the real-valued counterpart

-




Conclusion

® This paper introduces a novel method for training quantized
DETR (Q-DETR) with knowledge distillation to rectify the
query distribution.

® Q-DETR generalizes the information bottleneck (IB) principle
and leads a bi-level distribution rectification distillation. We
effectively employ a distribution alignment module to solve
inner-level and a foreground-aware query matching scheme to
solve upper level.

® As a result, Q-DETR significantly boosts performance of low-
bit DETR. Extensive experiments show that Q-DETR
surpasses state-of-the-arts in DETR quantization. Q?@)
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