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1. Background 3. Theoretical Justification 5. Experiments
Diffusion models (DMs) have become a leading paradigm in generative modeling. DMs operate The use of gradients estimated at multiple timesteps for improved integral approximation can be (Para.) NFE (Para.) NFE
by gradually refining a noisy input through a denoising process, producing high-fidelity outputs. theoretically justified by the following mean value theorem for vector-valued functions [4]: Method 2 5 . o Method 3 5 - o
However, the mulh.—step sequehhal denpsmg Process mtroduces substantial latency. Recent When f has values in an n-dimensional vector space and is continuous on the closed interval |a, b o o
efforts on accelerating DMs typically fall into three categories. : : . g DDIM 73.36 49.66 27.93 1643 g DDIM 82.96 4381 27.46 19.27
and differentiable on the open interval (a, b), we have o EDM 306.2 97.67 37.28 15.76 o EDM 2494 89.63 37.65 16.76
. . n % DPM-Solver-2 155.7 57.30 10.20 4.98 5 DPM-Solver-2 140.2 4241 12.03 6.64
= Solver-based methods develop fast numerical solvers to reduce sampling steps. However, : : o f 1 S AMED-Solver 1840 750 436 1347 S AMED-Solver 3810 1074 666 a4
inherent truncation errors lead to significant quality degradation when the number of fb) = fla) = (b—a) Z kS (ck), (1) 2 ' ' ’ ' 2 ' ' ' '
function evaluations (NFE) is low (e.g., < 5). k=1 3 DP.I\/I—Solver++(3l\/l) 110.0 24.97 6.74 342 9 DP.I\/I—SoIver++(3|\/|) 91.52 2549 10.14 648
T o | | - for some ¢, € (a,b), A, > 0,and S A, = 1 © UniPC 109.6 2398 583 3.21 ? UniPC 91.38 24.36 9.57 634
= Distillation-based methods distill student DMs to generate high-quality samples within a k U Ak = k=17k — + £ iPNDM 4798 13.59 508 3.17 £ iPNDM 58.53 18.99 9.17 591
minimal number of NFEs, often as low as one. However, this requires extensive training with In the context of denoising process, the function outputs an d-dimensional vector as x € R?. > AMED-Plugin 10.81 6.61 3.65 2.63 > AMED-Plugin 28.06 13.83 /.81 5.60
carefully designed objectives, making the distillation process computationally expensive. The exact integral of ey(xy, t) over the interval [t,, t,+1] can be expressed as a simplex-weighted T ParaDIGMS 51.03 18.96 7.18 6.19 T ParaDiIGMS 4111 17.27 13.67 6.38
* Parallelism-based methods accelerate diffusion models by trading computation for speed. combination of gradients evaluated at d intermediate points, scaled by the interval length hy, = O EPD-Solver (ours) 1040 4.33 282 249 O EPD-Solver (ours)  18.28 6.35 526 4.27
- A" EPD-Plugi 10.54 4.47 327 2.42 0" EPD-Plugi 19.89 8.17 4.81 4.02
While promising, this direction under low NFEs remains underexplored. tn, — tp41, as formulated in our EPD-Solver. _Plugih (Burs ' ' ‘ ‘ _lugih (ours ' ' ' '
(a) Unconditional CIFAR10 32 x 32 (c) Conditional ImageNet 64 x 64
2. Motivation 4. Method: EPD-Solver
Method (Para.) NFE Method (Para.) NFE
At a high level, various e><|.st|ng O.DE solvers utilize gradgnts at different J.mmesteps to approxi- Definition of parameters and inference 3 5 7 9 3 5 7 9
mate the ODE solution with varying accuracy. As shown in Figure below: - t o . bk b . o DDIM 7891 4393 2886 21.01 o DDIM 8613 3434 1950 13.24
. . e define the parameters at step n as = 1Th A, 0, On 1 1 % , , , , % , , , ,
= DDIM [5] adopts the rectangle rule that uses the gradient at the start point dy,, ;. > > n = s Ans Oy On by D EDM_ ] 3560 116.754.51 28,86 D EDM_ ] 2710 175.7°78.6735.0/
: . : I , , , oo DPM-Solver-2 266.0 8/7.10 2259 9.26 oo DPM-Solver-2 210.6 80.60 23.25 9.61
- Eth\/l [3] adopts/ the trapezoidal rule that averages the gradients of the start point d,,, and - 77,]% C (th,tn]z: k-th intermediate timestep. S AMED-Solver 4731 14.80 882 631 S AMED-Solver 5821 1320 7.10 5.65
the end point d; . o > = 1 1al '
DOINt dy, . o >‘,’g > 0,2 A = 1: combining weights. S DPM-Solver++(3M) 86.45 22.51 8.44 4.77 S DPM-Solver++(3M) 111.9 23.15 8.87 6.45
= AMED [6] optimizes a small network g to output an intermediate timestep s, € (tn, thr1) = 5 k-th timestep perturbation. 7 UniPC 8443 2140 744 447 % UniPC 1123 9334 873 661
to compute the gradient ds,,. " op: scaling perturbation. 6% and oy, are proposed to mitigate exposure bias [2]. £ iPNDM 4598 1717 7.79 4.58 £ iPNDM 80.99 26.65 13.80 8.38
. o . . . > AMED-Plugin 26.87 1249 6.64 424 > AMED-Plugin 101.5 25.68 8.63 /.82
@ x:: Sample at timestep t. O x,: Sample at midpoint 7. O d;: Gradient at timestep t. hy =t, —t,.1: Step length at timestep ¢. Upd ate ru|e:
€ g |: Diffusion network. g¢:Light network to predict s,,. : K gradient computation can be efficiently paralleized. K 2 2 2 g ParaDIGMS 43.64 20.92 16.39 38.81 g ParaDIGMS 100.3 31.68 1585 8.56
Xt, = Xt, . + (1 +on)hn ) 1 )\nGQ(XTﬁ, T+ 0p) © EPD-Solver (ours) 21.74 7.84 4.81 3.82 ® EPD-Solver (ours) 1321 7.52 597 5.01
Xtni1 g DX, Xt Xs, Xty Xtnia o EPD-Plugin (ours) 19.02 7.97 5.09 3.583 o EPD-Plugin (ours) 14.12 8.26 5.24 451
T T T Distillation-based optimization (b) Unconditional FFHQ 64 x 64 (d) Unconditional LSUN Bedroom 256 x 256
€6 g4 €6 3 €6 = Generating accurate teacher trajectory: Given a student time schedule with N steps . L
tn sn . . . : See the main paper for qualitative results.
: Tstu = {to = tmin, ---, Ly = tmax}, We insert M intermediate steps between t,, and t,,11, I.€.,
X¢ X¢ hnd; X; =X — ! Xtp, = Xt 4 nds, Xtp, = Xt, n kAfL ok . .
0 = Xens F Rndiy tn = Xtyy + ghaldi + ] pia Fhnd w1+l 2 Aad g Tea = {t0, ..., tn, th . tM ¢, 1. . tx), The teacher trajectories are generated by any ODE
(2) DDIM (b) EDM (c) AMED (d) EPD (ours) solver (e.g, DPM-Solver) and store the reference states as {y }V . References
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