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Motivation
 DETR suffers from extremely slow convergence
 The difficulty in matching queries with features

Contribution

« Aplug-and-play module

« Semantically aligning object queries with features
* Explicitly searching for objects’ salient points
 Scalability
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DETR: Object query matched to all spatial locations because of its random initialization
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Deformable DETR: Replacing the original dense attention with deformable attention



Related Work

Decoder 2 i E
Spatially Scale Selection

N Modulated Network i

Co-Attention i

Query
i Embeddings

e Modulated
Co-Attention

Self-Attention

( \ Self-
Attention
Encoder
D

Self-
ResNet ;
Backbone -> Attentionf C )J—

Forwarding
Linear projection

Generate the Gaussian
map through MLP

Calculate co-attention

Keys - :
weights

Self-
Attention
Encoder Generate scale attention

throught linear layer

Encoder

Self-
Attention @ Concatenate
\ J Encoder
. @ Element-wise multiplication
Intra-Scale Multi-Scale Values
Self-Attention Self-Attention (+) Element-wise addition

Figure 2. The overall pipeline of Spatially Modulated Co-Attention (SMCA) with intra-scale self-attention, multi-scale self-attention,
spatial modulation, and scale-selection attention modules. Each object query performs spatially modulated co-attention and then predicts
the target bounding boxes and their object categories. IV stands for the number of object queries. L stands for the layers of decoder.

SMCA DETR: Replacing the cross-attention module to impose spatial constraints
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The cross-attention module in DETR’s decoder can be interpreted as a
‘matching and feature distillation’ process. Each object query first matches its
own relevant regions in encoded image features, and then distills instance-level
features from the matched regions for subsequent prediction. However, modules
between cross-attentions perform projections on object queries, which leads to
unaligned semantics between object queries and encoded image features.
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Method | multi-scale | #Epochs #Params (M) GFLOPs | AP APys APg7s APs APy APL

o
EXp erlment Baseline methods trained for long epochs:

Faster-RCNN-R50-DCS5 [©7] 108 166 320 41.1 614 443 229 459 550
Faster-RCNN-FPN-R50 [+, 5] v 108 42 180 420 62.1 455 26,6 454 534
DETR-R50 [7] 500 41 86 420 624 442 205 458 611
DETR-R50-DC5 [7] 500 41 187 433 63.1 459 225 473 6l.1
Comparison of SAM-DETR with other detectors under shorter training schemes:

Faster-RCNN-R50 [©5] 12 34 547 35.7 56.1 380 192 409 487
DETR-R50 [“] § 12 41 86 223 395 222 6.6 228 366
Deformable-DETR-R50 [7] 12 34 78 31.8 514 335 15.0 357 447
Conditional-DETR-R50 [ 1] 12 44 90 322 521 334 139 345 487
SMCA-DETR-R50 [ 1] 12 42 86 31.6 51.7 33.1 141 344 465
SAM-DETR-R50 (Ours) 12 58 100 33.1 542 3377 139 365 517
SAM-DETR-R50 w/ SMCA (Ours) 12 58 100 36.0 56.8 373 158 394 553
Faster-RCNN-R50-DCS5 [©7] 12 166 320 373 5838 397  20.1 417 500
DETR-R50-DC5['] § 12 41 187 259 444 260 79 271 414
Deformable-DETR-R50-DCS5 [67] 12 34 128 349 543 376 19.0 389 475
Conditional-DETR-R50-DC5 [© 1] 12 44 195 359 558 382 178 388 520
SMCA-DETR-R50-DC5 [11] 12 42 187 325 528 339 142 354 48.1
SAM-DETR-R50-DCS (Ours) 12 58 210 383 59.1 40.1 21.0 418 552
SAM-DETR-R50-DC5 w/ SMCA (Ours) 12 58 210 40.6 61.1 428 219 439 585
Faster-RCNN-R50 [*7] 36 34 547 38.4 58.7 413 20.7 427 531
DETR-R50 [“] § 50 41 86 349 555 36.0 144 372 545
Deformable-DETR-R50 [57] 50 34 78 394 596 423 20.6 43.0 555
Conditional-DETR-R50 [ 1] 50 44 90 409 618 433 208 446 592
SMCA-DETR-R50 [ 1] 50 42 86 41.0 - - 219 443 591
SAM-DETR-R50 (Ours) 50 58 100 39.8 61.8 41.6 205 434 596
SAM-DETR-R50 w/ SMCA (Ours) 50 58 100 41.8 632 439 221 459 609
Deformable-DETR-R50 [57] v 50 40 173 438 62.6 477 264 471 580
SMCA-DETR-R50 [ 1] v 50 40 152 437 63.6 472 242 470 604
Faster-RCNN-R50-DCS5 [©5] 36 166 320 39.0 605 423 214 435 525
DETR-R50-DC5 [“] § 50 41 187 36.7 57.6 382 154 398 563
Deformable-DETR-R50-DCS5 [67] 50 34 128 415 61.8 449 241 453 56.0
Conditional-DETR-R50-DC5 [ 1] 50 44 195 438 644 46.7 24.0 47.6 60.7
SAM-DETR-R50-DCS (Ours) 50 58 210 433 644 46.2 25.1 469 o6l1.0

SAM-DETR-R50-DCS w/ SMCA (Ours) 50 58 210 450 654 479 262 490 633




Ablation Study

|

Query Resampling Strategy

SAM
Avg | Max | SPx1 | SPx8

RW | AP APys APy s

223 395 22.2

v v 252 489 233
v v 270 502 258
v v 286 50.3 28.1
v v v 1303 520 2938
v v 320 534 328
v v v’ 331 542 337

Table 2. Ablation studies on our proposed design choices. Results
are obtained on COCO val 2017. ‘SAM’ denotes the proposed
Semantic-Aligned Matching. ‘RW’ denotes reweighting by previ-
ous query embeddings. Different resampling strategies for SAM
are studied, including average-pooling (Avg), max-pooling (Max),
one salient point (SP x1), and eight salient points (SP x8).

Salient Point Search Range
within ref box | within image AP APo5  APor7s
v 931 549 337
v 30.0 52.3 29.2

Table 3. Ablation study on the salient point search range. Results
are obtained on COCO val 2017.



