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* Traditional 1image pyramids processing high-res images: significant computational overhead
» Parameter-inverted Design: large models for low-res images to extract rich context; small models
for high-res images to focus on details.

* Cross-branch interactions improves efficiency and avoids redundant modeling.
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Method Open(@GV)Lab

* Parameter-Inverted Image Pyramid Networks (PIIP)

* Multi-resolution Branches: Different-sized model for different resolutions with parameter-
inverted design.

* Cross-branch Interactions: Added every few layers to integrate features of different scales.

* Branch Merging: combines outputs of all branches to form the final output.
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Experiments - Detection

Model

Resolution

#Param #FLOPs

Mask R-CNN 1 x schedule

AP®> AP2, AP:2 AP™ APE AP%L
ViTDet-B [23] 1024 90M 463G | 438 676 477 399 63.6 422
1120/896/448 146M 243G | 439 657 475
PIIP-TSB (ours) 1568/896/448 147M 287G 40.2 63.8 426
1568/1120/672 149M 453G | 46.6 684 51.1 414 652 443
ViTDet-L [23] 1024 308M 1542G | 468 70.8 514 425 673 453
1120/672/448 493M 727G | 467 69.0  50.6 5.
PITP-SBL (ours) 1344/896/448 495M 1002G ‘ 425 673 454
1568/896/672 497M 1464G | 494 719 539 437 684  46.6
1344/896/672/448 506M 755G | 469 699  50.6
PIIP-TSBL (ours) | 1568/1120/672/448  507M 861G 428 669 456
1792/1568/1120/448  512M 1535G | 49.6 724 542 442 692 475
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(a) Object detection

Comparison with baseline on COCO val2017
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(b) Instance segmentation
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Experiments - Detection

Method AP APY. AP2. AP™ APE APR
Mask R-CNN 1 x schedule
PVTv2-B5 [51] 474 68.6 519 425 657 46.0
ViT-B [24] 429 657 46.8 394 626 420
ViTDet-B [23] 432 658 469 392 627 414
Swin-B [30] 46.9 - - 42.3 - -
ViT-Adapter-B [7] | 47.0 682 514 418 651 449
PIIP-TSB (ours) | 47.9 702 525 426 672 455
ViT-L [24] 457 689 494 415 656 446
ViTDet-L [23] 46.2 69.2 503 414 658 44.1
ViT-Adapter-L [7] | 48.7 70.1 532 433 67.0 469
PIIP-SBL (ours) | 49.9 728 547 446 693 479
DINO + MS schedule
PIIP-SBL-3x (ours) | 57.9 769  63.3 - - -
PIIP-H6B-1x (ours) | 60.0 79.0 65.4 - - -

Method AP® AP2, AP®. AP™ APZ: APH
Cascade R-CNN 1 x schedule
Swin-L [30] 51.8 710 562 449 684 489
ConvNeXt-L [31] 53.5 728 583 464 70.2 50.2
PITP-SBL (ours) 53.6 73.3 579 463 703 50.0
Cascade R-CNN 3x + MS schedule
Swin-B [30] 519 709 570 - - -
Shuffle-B [22] 52,2 713 57.0 - - -
ViT-B [24] 50.1 69.3 54.3 - - -
ViT-Adapter-B [7/] 52.1 70.6 56.5 - - -
PIIP-TSB (ours) 53.1 /23 574 46.5 70.1 51.1
Swin-L [30] 539 724 588 46.7 70.1 50.8
RepLKNet-31L [12] | 53.9 725 58.6 465 70.0 50.6
ConvNeXt-L [31] 54.8 73.8 508 476 71.3 51.7
PIIP-SBL (ours) 54.5 73.8 59.1 4777 71.6 52.1

Comparison with SoTA

Lab



Experiments - Segmentation & Classification

Table 5: Comparison with baseline on ADE20K

Table 6: Semantic segmentation performance on

using UperNet. ADE20K using UperNet.
Meth 1 #FLOP I
ethod Crop Size OFS mloU Method Crop Size mloU
ViT-B 640~ 159G 51.0 _ )
PIIP-TSB (ours) | 896/4482/336 | 118G  51.6 Swin-B [28] 012 48.1
8 2
VITL 6402 545G 53 6 ConvNeXt-B [29] 5122 49.1
PIIP-SBL (ours) | 1120/448%/336 | 456G 54.3 RepLKNet-31B [11] 012 49.9
SLaK-B [27] 5124 50.2
2
Table 7: Image classification performance on ImageNet. Underline InternImage-B [40] S 50.2
indicates FLLOPs or metrics on par with the baseline. PIIP-TSB (ours) 896/4482%/336 | 51.6
Model Resolution #FLOPs Top-1 Acc Swin-L [28] 6402 521
DeiT-B [42] 224 17.2G 81.8 RepLKNet-31L [11] 6402 52.4
PIIP-TSB (ours) 368/192/128 17.4G 82.1 ConvNeXt-L [29] 6402 53.2
ViT-L [40] 224 61.6G 84.0 ConvNeXt-XL [29] 6402 53.6
VIT-L [40] (our impl.) 224 61.6G 85.2 Internlmage-L [46] 6402 53.9
PIIP-SBL (ours) 320/160/96 39.0G 85.2 PIIP-SBL (ours) 1120/4482/336 | 54.3
PITP-SBL (ours) 384/192/128 61.2G 85.9

Table 3: Experiments on the large-scale vision foundation model InternViT-6B.

Mask R-CNN 1 x schedule UperNet 160k
Model #Param , n ,
#FLOPs Resolution AP AP™ Crop Size #FLOPs mloU
InternViT-6B [8] 5919M | 24418G 1024 53.8 48.1 512° 6105G  58.36
7269M 5643G  1280/1024/256 53.5 47.5 | 640/512%/192 1903G  57.82
PIIP-LH6B (ours) 7271M | 10368G  1280/1024/512 54.4  47.8 | 640/512°/256  2592G  58.42
7273M | 13911G  1280/1024/640 55.7 49.0 | 640/512°/384 4560G  59.65




Experiments - Ablation

Table 9: Ablation on image pyramid and parameter-inverted design. ‘PI’, ‘IP’ and ‘Inter’ represent
parameter-inverted, image pyramid and interactions. ‘MS’ means multi-scale training, following [10].

Mask R-CNN 1 x schedule

Figure | Branches PI IP Inter. Resolution #Param #FLOPs AP® APb APb. APm APm Apm
Fig. 1(a) B 1024 oOOM 463G 438 67.6 4777 399 636 422
Fig. 1(b) B v MS O0M 463G 448 69.2 491 410 658 439
- BBB v 896/448/224 262M 369G 433 658 46.6 379 615 396
- BBB v 896/672/224 263M 457G 438 663 473 382 622  39.7
Fig. 1(c) BBB v v 896/448/224 341M 466G 445 665 48.2 387 626 40.6
- TSB v 896/896/896 148M 468G 446 664 4833 390 6277 414
Fig. 1(d) TSB v v 448/672/896 147M 452G 426 642 456 365 595  38.0
Fig. 1(e) TSB v Y v 1568/1120/672 | 149M 453G 466 684 51.1 414 652 443
Fig. 1(a) L 1024 308M 1542G | 46.8 708 514 425 673 453
Fig. 1(c) LLL v v 896/448/224 1053M 1458G | 469 69.7 51.2 408 653 433
- SBL v 848/848/848 495M 1539G | 472 694 51.0 41.1 654  43.7
Fig. 1(e) SBL v Y v 1568/896/672 497M 1464G | 494 719 539 437 684

46.6

Open(@GV)Lab



Experiments - Ablation Open(CGV)Lab

Table 8: Ablation on Branch
Merging on COCO val2017. We
use PIIP-TSB 1568/896/672.

Table 4: Experiments of initializing with differ-
ent pre-trained weights on COCO val2017 with
PIIP-SBL 1568/1120/672.

47 - A b m
Ll ViT-S VIiT-B/ViL-L | AP® Ap™ Out Branch | AP" AP
- I 4 i B $31 370
- 1568/896/445 5 —~ 1}1 I P AugReg [43] {ﬁugReg [43] 48.3 42.6 S 447 391
1344/896/448 A L4 AN - © DeiT III [46]  Uni-Perceiver [66] | 48.8 429 T 456 406
« 44 1120/896/448 A L DerT 111 [46] MAE [18] 9.1 43.0 B+S 454  39.8
EI - ol o DeiT III [46] DeiT III [46] 500 444 B+T 463 41.1
% A DeiT III [46] DINOvV2 [38] 51.0 44.7 S+T 46.2 40.9
4214 DeiT III [46] BEiTv2 [39] 51.8 454 B+S+T 46.6 414
a1l ° ViT-B
- o PIP-TBL Table 10: Baseline with higher resolution.
. Ao PlIP-TSB
200 250 300 350 400 450 500 550 Model Resolution #Param #FLOPs APP
GFLOPs
(a) Variants with different resolutions VfTDEt'L L4 I D42G 408
ViTDet-L 1792 308M 6458G 48.3
PITP-TSBL | 1792/1568/1120/448 512M 1535G 49.6




Experiments - Ablation Open(GV)Lab

Table 11: Ablation on attention type and number of interactions with PIIP-TSB 1120/896/448.

¥Tnteraction Regular Attention Deformable Attention
#FLOPs AP® APP APP  APP | #FLOPs APP APP AP2 APP
Y ViT-B ., 0 176G 413 590 446 225 | 176G 413 59.0 446 225
46| 4 Interl2 -t 1 211G 41.1  59.1 449 226 | 182G 419 598 455 224
gl | & A= yo ¢ 2 245G 41.7 595 452 227 | 187G 425 605 464 231
¢ Interd 4 315G 416 592 453 228 | 198G 430 61.0 473 233
X 441 ¢ Inters B 6 384G 42.1 597 458 232 | 210G 433 618 469 23.6
w1 || ™ Inter’ v ' 12 500G 420 600 459 231 | 243G 439 624 479 244
< 43- Inter0 A
e
@t' i Table 12: Ablation on interaction directions with PIIP-TSB under resolution 1120/896/448.
41 | ViT-B
all | | . | fype et et . e ot i e Ve
100 200 300 400 500 il 1T
GFLOPs #FLOPs 210G 230G 230G 243G 283G g | v e
(b) Number of interactions APP 435 432 43.6 43.9 44.0 | Rl
Ap™ 38.7 38.3 38.6 38.6 38.7 }
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Conclusion Open(@V)Lab

* Introduces the Parameter-Inverted Image Pyramid Networks (PIIP) to address the computational
challenges of traditional image pyramids.

* PIIP balances computational efficiency and performance with the parameter-inverted design and
feature interaction mechanism.

* Experiments on detection, segmentation and classification tasks demonstrate that PIIP outpertorms
traditional single-branch networks while reducing computational costs.

* Provides an efficient and effective framework of multi-scale feature integration for future research.
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Thanks for Listening !

Code Link: https://github.com/OpenGV Lab/PIIP

Contact: wangzhaokai(@sjtu.edu.cn
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