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ODE Solver Steps Model FLOPs (G) Params (M) Latency(ms) FID| sFID| ISt
= SiT-S/2 6.06 33 0.026 57.64 9.05 24.78
< siT-s2 1 6.06 33 0.026 579 8.72 24.64
FlowDCN-S/2 4.36 (-28%) 30.3 (-8.1%) 0.027 546 88 264
g SiT-B/2 23.01 130 0.084 335 646 43.71
© SiT-B/2 t 23.01 130 0.084 373 655 40.6
FlowDCN-B/2 17.87 (-22%) 120 (-7.6%) 0.076 285 6.09 51
= w/o RMS & SwiGLU 17.88 (-22%) 120 (-7.6%) 0.072 29.1 6.13 504
2 DiT-L/2 80.71 458 02914 2331 i
SiT-L/2 80.71 458 0.291 18.8 529 72.02
g FlowDCN-L/2 63.51 (-21%) 421 (-8.0%) 0.254 138 4.69 85
o DiT-XL/2 118.64 675 0.387 195 - s
SiT-XL/2 118.64 675 0.387 172 507 76.52

FlowDCN-XL/2 93.24 (-21%) 618 (-8.4%) 0.303 113 485 97

samples from our FlowDCN- XL/2 and SiT-XL/2 with Euler ODE solver under 2, 3, 4, 5, 8, 10 steps using the same noise
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Method-Grou pWISGMSDCN Different from DCNv3/DCNv4 ; Long  Towl — Tol [FIDLsFD| ISt PP RY
; At Residuals ImagesM)  GFLOPs
» We Decouple deformable filed into 2
. . ADM-U [10] v 507 3.76 x 101! | 7.49  5.13 127.49 0.72 0.63
Outproecton MoliScal Prio Direction and Scales CDM [39] v i olass UEIoRT]
Direction Prior ~>(~ - LDM-4 [40] v 2137 12122 % 10:‘: 1056 - 103.49 0.71 0.62
g i H T g DiT-XL/2 [12] X 1792 213 x 10° 9.62 6.85 121.50 0.67 0.67
| Delormable comvoluion Deformable Kernels 59() = Smax * sigmoid(W x + 57), DiffusionSSM-XL{16] X 660  1.85x 10 907 552 11832 0.69 0.64
= n g SIT-XL/2[23] X 1792 2.13x 10" [ 861 6.32 131.65 0.68 0.67
V4 p =po + 87(x) * (pr, + Apk(x)). FlowDCN-XL/2 x 384 3571010 836 539 1225 0.69 065
I~ 1 Classifier-free Guidance |
Selected arbitrary-resolution samples (384x384, 224x448, 448x224, 256x256 iti i 9 \wi i 1 ADM-U[10] i 507  3.76x 10'2 | 3.60 -  247.67 0.87 048
Y P ( ) ] | ° Inltlanllze SO Wlth fo"OWIng equatlon LDM-4 [40] v 213 2.22 i 10;2 3.95 - 178.22 0.81 0.55
5 Dyna Weight Scale Direction H H 1 U-ViT-H/2 [11] v 512 6.81 x 10° 2.29 - 247.67 0.87 0.48
Vel Projecton Procion Freqeton  Prodeton to achieve Groupswise MultiScale SRt z o Al e
Motivati | | N | o1 Jog( g ) DiffusionSSM-XL [16] X 660 185X 101|228 449 25913 0.86 056
0 Iva Ions So = log Gf " IS:I}'—XX%[L] X 1792 2.13 x 10’ 206 4.50 270.27 0.82 0.59
— - [18] X 450 - 427 9.99 249.72 0.84 0.51
4 F‘loWDCN-XLIZ (cfg=1.375; ODE) X 384 3.57 x 10:2 2.13 430 243.46 0.81 0.57
: i . . i . i FlowDCN-XL/2 (cfg=1375; SDE) | X 384 3.57x100(2.08 4.38 257.53 0.82 0.57
Arbitrary-resolution image generation still remains a challenging Method-FlowDCN FlowDCN.XL/2 tp-L375; 0DE) X 48 452x100/201 433 25436 081 058
X i X X . K lowDCN- (cfg=1375;SDE) | X 4.52 x 10| 2. .16 0.82 0.5
task in AIGC, as it requires handling varying resolutions and The basic block:
aspect ratios while maintaining high visual quality. Existing Predicted Flow /— \ O Conditioi Tass NG ST22512
| Gate o q ¥ 12
transformer-based diffusion methods suffer from quadratic | J ey X=X+ A::];EI\(J}(I7t;M;1tI-S(§f; (DC;‘)’(X)% Model FID| SFID,  IST  Precision! Recalll
. . . . P 5 X2 = X1 + Wi X1)). BigGAN-d 6. 8.43 8.13 177.90 0.88 0.29
computation cost and limited resolution extrapolation capabilities fcarendReshane /' T S b ; St‘fleGAN-;eE[[?]] 241 406 26775 077 0.52
¥
i i i i Layer Norm , ey - X . ADM [10] 2324 1019 5806 0.73 0.60
making them less effective for this task. In this paper, we propose / ayer Norm Training with rectified flow: ADNLU 1o se @ Dim  on i
1 | 1 i i ADM-G [10] 1.7 .57 172.71 0.87 .4
FlowDCN, a purely convolution-based generative model with linear il SRR uam dhG g R
i i ici i - MultiScal DiT-XL/2 [12] 12.03 7.12 105.25 0.75 0.64
tlme.an.d memory complexﬁy, thaF can efﬁC.'entIy ge'znerate high . \ Do Sl DITXL/2-G [12] (cfg=1.50) 304 502 24082 084 0.54
quality images at arbitrary resolutions. Equipped with a new design T Scale Shit Gt ; ;g;%gNGXEzl(c(;éﬁg;? ODESD, Gt i e o
. . \ - =1.375, b p X g .
of learnable group-wise deformable convolution block, our ! | 5 e Linear A FlowDCN-XL/2(cfg=1375, SDE-250) 244 453 2528 084 0.54
FlowDCN yields higher flexibility and capability to handle different el M\ iepoaes  conation L,= / E[|| vs (e, ) — ve(ae) ||*]dt.
. Cabely) o o 256x256 (1:1) 320x320 (1:1) 224448 (1:2) 160480 (13)
resolutions T e il s
. i . DIT:B + EI z:sg s::g ;g:o; s%::s 6225 2097 123:2 75;3 1.1 1 152:4 33.'91 730
DiT-B + PI .8 8. .0 7247 5402 24.15 | 1334 70. 11.7: 156.5 3.80  7.80
. Explore arch for image generation MethOd-Samp“ng Arbltrary ReSOIUtlon FTB 36 105 40696135 3071 ol 46T 2400 I (368 2207 2528
FiT-B + VisionYaRN | 36.3 11.08  40. 4476 38.04 4470 4192 4279 4587 | 62.84 4482 27.84
+ DCN consumes Linear Complexity compared to Attention . 00 = Sgmod(W T 4 5f) Sps 0 EECESIC i e S S B B2 e e S
. . . Smax Adjustment . Hiin FlowDCN-B (+VAR) | 23.6 772 628 | 201 158 695 | 314 170 624 | 447 178 358
* DCN can handle Arlbltrary Resolution Generation g . Weest + S Adjust 236 772 628 | 307 194 685 | 378 228 544 | 533 226 315
Adjust Smax with corresponding resolution 5%,(%) = sigmoid(W{'x + 57) - Shax - W™
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Figure 1: Selected arbitrary-resolution samples (384x384, 224x448, 448x224, 256x256). Generated
from a single FlowDCN-XL/2 model trained on ImageNet 256x256 resolution with CFG = 4.0.
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* Direct Motivation
e DCN-like arch models are much powerful than others (Generally)
* DCN-like arch owns relatively higher dynamics compared to CNN
* DCN-like arch enjoys relatively sparse pattern compared to Transformer

Table from DCNv3/DCNv4 Table from MambaOut

Model Size Scale Acc Throughput
Swin-T 20M 2247 813 1989/3619 Mask R-CNN . . ) . 5 <
e S5 o o e Model FPS | 35+ MS Table 2: Performance of object detection and instance segmentation on COCO with Mask
InternTmage-T 30M 224% 835 1409/1746 ode #param X X+ R-CNN. The MACs are measured with input size of 800 x 1280.
Flashinternlmage T 30M 2242 g3 2316/3154 APP AP™[APP AP™ T Token Param  MAC Mask R-CNN 1 x schedule
2 : (G52 ers80%) : Mixing Type | (M) (G) [ AP® AP, AP}, | APT . APL  APS
Swin-S SOM 2247 830 116772000 Swin-T 48M 66/106|42.7 39.3 |46.0 41.6 ComvNeXeT 1097 o . T 7 B X ML
ConvNeXt-5 LS ris e e ConvNeXt-T 48M  78/1131442 401 |462 41.7 FocalNet-T [59] Conv 49 268 | 461 682 506 415 651 445
Internlmage-$ oM 224 M O Swin-T [51] Attn 48 267 | 427 652 468 393 622 422
T g O G804 S AN 250 Internlmage-T 49M 54/ 69472 425 |49.1 437 ViT-Adapter-S [10] Attn 48 403 | 447 658 483 399 625 428
win- : CSWin-T [22] Attn ) 279 | 467 686 513 422 656 454
ConvNeXt-B BOM 2047 838 1241/1888 FlashInternlmage-T | 49M 72/102 | 48.0 43.1 | 49.5 44.0 PVTv2.B2 [80] &k e e e e e
ol SRR el o RSP R Swin-S 6OM 45/ 771|448 409 | 482 432 SG-Former-S [65] Conv+Atn | 41 - | 4 60 520 426 659 460
Flashnternlmage-B| 97M 224> 84,9 17271816 | TransNeXt-Tiny [69]  Conv+Atn | 48 356 | 499 715 549 446 686 481
: : (+51%/ +76%) ConvNeXt-S T0M 54/ 83|454 418 |47.9 429 VMamba-T [50] Conv + SSM 2 286 | 7465 685 507 _ 421 T 655 453
ComNeXCL |19 384 875 253 /436 InternImage-S 69M 44/ 56|47.8 433 |49.7 445 el S il s e
m‘t’“:ﬂe i 5 S g : : s : EfficientVMamba-B [58]  Conv + SSM 53 252 437 66.2 479 402 633 429
R ol FlashInternlmage-S | 69M 57/ 83|49.2 44.0 |50.5 44.9 VMambaV9-T [50] Conv + SSM 50 270 | 474 695 520 427 663 460
e e PlainMamba-L1 [25] Conv+SSM | 31 388 | 441 648 479 391  6l6 419
InternImage-XL 335M 3842 88.0 125/174 Swin_B 107M 33 / 59 46 9 42 3 48 6 43 3 = % & v ) 2 gl
el 2 : i : MambaOut-Tiny Conv 43 262 | 451 6713 496 410 641 441
Flashlnternlmage-L 223M 3842 88.1 - — - - — - —= — — -
S (+5T%/ + 87%) ConvNeXt-B 108M 43/ 70(47.0 427 |48.5 435
Tﬁble 4.11n;age clacslsiﬁ;ation pe;for:famefm Imag/egectl-\;li- W; Internlmage-B 115M 33/ 43|48.8 44.0 |50.3 44.8
show relative speedup etween ashIntern! mage w, V4 ane
its InternImage counterparts. DCNv4 significantly improves the FlaShInteI'IlImage-B 1 15M 44 / 67 50-1 44-5 50-6 45-4

speed while shows state-of-the-art performance.
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e Revisit DCN module

% % query pixels response pixels
Window: Share/Fixed
Weights: Dynamic
Value Range: Bounded
(a) Attention
£

Window: Dedicated/Fixed
- Weights: Static
P Value Range: Unbounded

(c) Convolution

value range (0, 1) 3 (—00, +0)

Window: Dedicated/Adaptive
Weights: Dynamic
Value Range: Bounded

(b) DCNv3

Window: Dedicated/Adaptive
Weights: Dynamic
Value Range: Unbounded

(d) DCNv4

* DCN prediction
* Deformable field (offsets)
* Dynamic weight (DCNv3/v4)
* Softmax (DCNv3)
* unbounded (DCNv4)

AP (X) = Wg;formablex o= bdeformablea
W(x) = W\:geightx + Duyeight-

K

Y9 (po) = > wix?(po + pr + Apr (%)),
k=0

y = concat(y!, y2, ..., y©).
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* Improve DCN module with MultiScale

* Multiscale is pivotal for CV tasks

* Deformable-DETR employs FPN (explict) as MultiScale feature
* Retentive Net uses different gamms decay rates for different heads

o S Defora e Bounding Box Predictions

Self-Attention in Encoder

——.» Multi-scale Deformable
Cross-Attention in Decoder

S Transformer
Self-Attention in Decoder

Decoder|

Ak e SR S g ot

mo0

Object Queries

Figure 1: Illustration of the proposed Deformable DETR object detector.

2.2 Gated Multi-Scale Retention

We use h = dmoset/d retention heads in each layer, where d is the head dimension. The heads use
different parameter matrices Wg, Wi, Wy, € R4*x4, Moreover, multi-scale retention (MSR) assigns
different  for each head. For simplicity, we set v identical among different layers and keep them
fixed. In addition, we add a swish gate [HG16, RZ1.17] to increase the non-linearity of retention
layers. Formally, given input X, we define the layer as:

v = i 2—5—arange(0,h) c ]Rh
head; = Retention(X, ;)

Y = GroupNorm,, (Concat(heads, - - - ,headp))
MSR(X) = (swish(XW¢g) 0 Y)W,

®

where W, Wo € Rnow X dnowel are learnable parameters, and GroupNorm [WH18] normalizes the
output of each head, following SubLN proposed in [SPP"19]. Notice that the heads use multiple y
scales, which results in different variance statistics. So we normalize the head outputs separately.

The pseudocode of retention is summarized in Figure 4.
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* Groupwise MultiScale DCN module

Out Projection MultiScale Prior
Direction Prior
[ Deformable Convolution
- Deformable Kernels
S
— e
= = seee
ower® o L
5 = B
. S— =2
o e | |
Dyn Weight Scale Direction
Value Projection Prediction Prediction Prediction
[— Input features | ]

(b) MultiScale DCN Block. Dynamic weight and scale&
direction deformable field are predicted from input fea-
tures, then merged with priors to form the deformable
kernels to extract features.

* Decouple deformable field
* Into Directions
* Into Scales

$(X) = Spmax * sigmoid(WIx),
p = po + 5(x) * (Pk + Apk(x)),

Introducing scale priors groupwise

s = log(GL_g)-

59(x) = Smax * sigmoid( W2 x + s3),

p=po + 89(x) * (pr + Apk(x)).



ImageNet 256x256 Benchmark

T Long Total Total |FID|sFID| ISt P+ Rt

Residuals Images(M) GFLOPs
ADM-U [10] 507 3.76 x 1011 | 7.49 5.13 127.49 0.72 0.63
CDM [39] 4.88 - 15871 - -

v
WA b i
LDM-4 [40] v 213 222x10° (1056 - 103.49 0.71 0.62
DiT-XL/2 [12] X 1792 213 x 107 [ 9.62 6.85 121.50 0.67 0.67
DiffusionSSM-XL[16] X 660  1.85x 10 |9.07 5.52 118.32 0.69 0.64
SIT-XL/2[23] X 1792 2.13x 10'! | 8.61 6.32 131.65 0.68 0.67
FlowDCN-XL/2 X 384 3.57x10'° 836 539 1225 0.69 0.65
. Classifier-free Guidance |
o E p rr] I rn g N ADM-U[10] v 507  3.76x 1012|360 - 247.67 0.87 0.48
X e rl e ntS O n a e et LDM-4 [40] v 213 2.22x 1019|395 - 17822 0.81 0.55
U-ViT-H/2 [11] v 512 6.81x 101|229 - 24767 0.87 0.48
DiT-XL/2 [12] X 1792 213 x 10T [ 227 4.60 278.24 0.83 0.57
DiffusionSSM-XL [16] X 660  1.85x 101 | 228 4.49 259.13 0.86 0.56
SIT-XL/2[23] X 1792 2.13x10' | 2.06 4.50 270.27 0.82 0.59
FiT-XL/2[18] X 450 - 427 999 249.72 0.84 0.51
FlowDCN-XL/2 (cfg=1.375; ODE)| X 384 3.57x10°|2.13 430 243.46 0.81 0.57
| \ FlowDCN-XL/2 (cfg=1.375; SDE) | X 384  3.57x10%°| 2.08 4.38 257.53 0.82 0.57
Predicted Flow | FlowDCN-XL/2 (cfg=1.375; ODE)| X 486  4.52 x 10%°| 2,01 4.33 25436 0.81 0.58
% Gate = —— FlowDCN-XL/2 (cfg=1.375; SDE) | X 486  4.52 x 10%°| 2.00 4.37 263.16 0.82 0.58
: /I SwiGLU Table 4: Image generation quality evaluation of and existing approaches on ImageNet 256 x 256.
Linear and Reshape
I' Scale Shift Total images by training steps X batch size as reported, and total GFLOPs by Total Images x GFLOPs/Image. P
/ refers to Precision and R refers to Recall.
Layer Norm / RMSNorm
4 =
N x | FlowDCN Block Gate —_— Class-Conditional ImageNet 512x 512
g MultiScale Model FID] SsFID| N Precisiont  Recallt
I l % peh BigGAN-deep [7] 843 813 17790 088 0.29
Patchify Embed \\ Scale Shift StyleGAN-XL [7] 2.41 4.06 267.75 0.77 0.52
| | \ RMSNorm Linear ADM [10] 2324 10.19 58.06 0.73 0.60
o e NV — = ADM-U [10] 996 562 121.78 0.75 0.64
Latent ] \ Input Features Condmon/ ADM-G [10] TA2 657 19271 0.87 0.42
Erbehy ADM-G, ADM-U 385 586 221.72 0.84 0.53
A DiT-XL/2 [12] 12.03 T7:12 105.25 0.75 0.64
(a) FlowDCN Architecture. Our FlowDCN Dl o 2]( et O i e 0
. : ow - cfg=1.375, - . : 3 : ;
consists of stacked MultiScaleDCN blocks and FlowDCN-XL/2(cfg=1.375, SDE-250) 2.44 453 2528 0.84 0.54
SwiGLU blocks. We also emplo}' RMSNorm Table 5: Benchmarking class-conditional image generation on ImageNet 512x512. Our
to stabilize trainin g. FlowDCN-XL/2 is fine-tuned for 100k steps from the same model trained on 256 x 256 resolution

setting of 1.5M steps
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* Experiments on ImageNet

Predicted Flow

Linear and Reshape

Layer Norm /

N x | FlowDCN Block

| | X
Patchify Embed

' I
Noised Time t
Latent Lab'el y

Gate

SwiGLU
Scale Shift

RMSNorm

—

Gate

MultiScale
DCN

Scale Shift
RMSNorm

—

\ Input Features

N

Linear

Condition /

(a) FlowDCN Architecture. Our FlowDCN
consists of stacked MultiScaleDCN blocks and
SwiGLU blocks. We also employ RMSNorm

to stabilize training.

Model FLOPs (G) Params (M) Latency(ms) FID] sFID| ISt
SiT-S/2 6.06 33 0.026 57.64 9.05 24.78
SiT-s/2 6.06 33 0.026 579 8.72 24.64
FlowDCN-S/2 436 (-28%) 30.3(-8.1%)  0.027 546 8.8 264
SiT-B/2 23.01 130 0.084 33,5 6.46 43.71
SiT-B/2 T 23.01 130 0.084 373 655 406
FlowDCN-B/2 17.87 (-22%) 120 (-7.6%)  0.076 285 6.09 51
w/o RMS & SwiGLU 17.88 (-22%) 120 (-7.6%) 0.072 29.1 6.13 504
DiT-L/2 80.71 458 0.291 233 - -
SiT-L/2 80.71 458 0.291 188 529 72.02
FlowDCN-L/2 63.51 (-21%) 421 (-8.0%) 0.254 138 4.69 85
DiT-XL/2 118.64 675 0.387 19.5 - -
SiT-XL/2 118.64 675 0.387 172 5.07 76.52
FlowDCN-XL/2 93.24 (-21%) 618 (-8.4%) 0.303 11.3 4385 97
Table 3: Image generation metrics comparisons between SiT [23], DiT [12] under 400k training

steps budgets. All metrics are calculated from the sampled 50k images under 250 Euler SDE sampling steps
without classifier-free guidance. i: reproduced result. Latency(ms) is the 1-NFE latency and collected from
Nvidia A10 GPU with 16 batchsize under float32.
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* VVisualizations on ImageNet
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Figure 3: Visualization Comparison with SiT. Best viewed zoomed-in. We sample both our FlowDCN-
XL/2 and SiT-XL/2 with Euler ODE solver under 2, 3, 4, 5, 8, 10 steps using the same latent noise. At the fewer
steps sampling scenery, our FlowDCN generates slightly clearer and higher-quality images.

Ours
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* Resolution Extension

89(x) = Smax * sigmoid(W x + s7), with Smax Adjustment without Siax Adjustment
- g Figure 4: Visualization Comparison about S,,,x Adjustment. Here are the 512 x 512, 256 x 512 and
p bo +s (X) % (p k gl Ap k (X) ) 3 512 x 256, three type resolution images. We employ the same latent noise as start, sampling with Euler SDE

solver for 250 steps. With Smax Adjustment, sampled images consistently looks better.

Adjust Spax to match inference resolution. As shown in Eq. (10), Spax controls the maximum
sampling range in multiscale deformable convolution. As discussed in Sec. 3.1, we treat it as a

resolution-dependent hyperparameter. It is straightforward to observe that scaling Sy, With the Method 256256 (1:1) 320320 (1:1) 224x448 (1:2) 160x480 (1:3)

relative aspect ratio between train size and inference size could match the reception field between FID| sFID, ISt | FID|, sFID| ISt | FID| sFID| ISt | FID| sFID| ISt
train and inference: DiT-B 4483 849  32.05 | 9547 108.68 1838 | 109.1 110.71 14.00 | 143.8 122.81 8.93
g g : T o Hiest DiT-B + EI 4483 849 32.05 | 81.48 6225 2097 | 1332 7253 11.11 | 1604 9391 7.30

s5,(x) = sigmoid(W x + 57) - Smax - . (15) DiT-B + PI 4483 849 3205 | 7247 5402 2415|1334 7029 1173 | 1565 9380 7.80

aimn

\ : West FiT-B 3636 11.08 40.69 | 61.35 30.71 31.01 | 4467 24.09 37.1 | 56.81 22.07 2525
89 (x) = SlngId(WZx + sg) - Smax * (16) FiT-B + VisionYaRN | 36.36 11.08 40.69 | 44.76 38.04 4470 | 41.92 4279 4587 | 62.84 4482 27.84
Wiin FiT-B + VisionNTK | 36.36 11.08 40.69 | 57.31 31.31 3397 | 43.84 2625 39.22 | 56.76 24.18 26.40

FlowDCN-B 28.5 6.09 51 344 27.2 522 [ ‘117 62.0 23.7 211 111 5.83

FlowDCN-B (+VAR) | 23.6 192 62.8 | 29.1 15.8 69.5 314 17.0 62.4 | 447 17.8 35.8

+ Smax Adjust 23.6 7.72 62.8 30.7 19.4 68.5 37.8 22.8 544 | 533 22.6 31.5

Table 9: Benchmarking resolution extrapolations on ImageNet with various aspect ratio training.
VAR indicates various aspect ratios training. We follow the same evaluation pipeline of FiT without using CFG.
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* Resolution Extension

59(X) = Smax * sigmoid( W2 x + s3),
p = po + 57(x) * (pr + Apk(x)).

Adjust Spax to match inference resolution. As shown in Eq. (10), Spax controls the maximum
sampling range in multiscale deformable convolution. As discussed in Sec. 3.1, we treat it as a
resolution-dependent hyperparameter. It is straightforward to observe that scaling Sp,x with the

relative aspect ratio between train size and inference size could match the reception field between
train and inference:

H,
59 (x) = sigmoid(WT'x + 5) - Smax - H;es't I
g = si i T 9 I/Vtest
59 (x) = sigmoid(WZx + 9) - Smax - o
Wtrain

®
37)



