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A  ACKNOWLEDGMENT OF LLM USAGE

We used a large language model (ChatGPT) to polish this paper. Its use was limited to grammar
checking, fixing typos, rephrasing sentences for clarity, and improving word choice. All conceptual
contributions, methodological designs, experiments, and analyses were carried out entirely by the
authors. The use of an LLM does not affect the reproducibility or scientific validity of our work.

B PROOF

Proof of Equation (11) . For a Gaussian distribution ¢(x) =~ N(p, ), where o € R™ and
¥, e RMxm,

log g(x) = log ((27) ") + log (det () 7%) — %(sc - = (= - p). (20)

The Jacobian matrix and Hessian matrix are
Vg q(z) = =%, (& — p), V?logg(w) = =, . 1)

Proof of Equation (15) As pi—1j¢(x) = E(xi_1|2s) = J @i—1q(@i—1|@,)da,— 1, the derivative
of pug 1)t 1s

Vo tii—1jt(®t) = Vo, [ xi_19(xi1]2i)da, = /wt71thQ(th71|th)d-’Bt71 (22)

For V,q(x:_1|x:) part, using bayes rule to get

(l‘t|wt—1)Q($t—1))
Q($t>

— o(x q(xi|Ti 1)

_q( tfl)vmt( q(mt) )

— a(x Va,q(@t|@:—1) - q(@¢|xi—1) Ve, q(xr)
_q( t—l)( q(il?t) q(mt)Q )
_ a@)g(@i|e ) (thq(wt\cct_l) thQ(ﬂct))

q(xy) -

Ve, t(Ti_1|2e) = Vg, (L (23)

q(xi|Ti1) q(xt)
= q(xi—1|xt)(Va, log g(@i|xi—1) — Vg, log g(x:))
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Substitude V., q(x;_1|z;) in Equation
Ve, ti—1t(x) = /wt—1LI(ﬂ’3t—1|$t)Vaz,, log q(x¢|xs—1)dxs o 24

*/mt—ﬂ(ﬂ?t—ﬂﬂ?t)vmt log g(x¢)dxi—1

As forward diffusion process is Gaussian process q(x:; x;_1) = N (x¢|drxs_1,621), the partial
derivative of log q(x¢|x;—_1) with respect to latent variable x; is

Ty — Qg

Va, logq(xi|z: 1) = (25)

)
Oy

The first term of Equation (24) can be calculated by

QL1 — Lt

/$t71Q(33t71‘33t)Vm IOgQ($t|$t71)diBt71 :/wtfl( )q<$t71‘$t>dwt71 (26)

o7

OA[t Lt

= — | x_1(xi—1 — —)g(xi_1|xs)da)—
&tz/tl(tl dt)q(t1|t)t1

Decompose the term @;_1 (&;xi—1 — @) in Equation by

T
Ti1 (T — Tt) 27)
Qi
_ _ _ _ Tt
= (@1 —Tr—1 +T4—1)(Xt—1 — T + Tp—1 — 5)
t

= (@1 —Tp—1) (@41 — Ty—1) + Ty—1(T4—1 — Ty—1)
_ __ Tt _ o T
+ (X411 — Tpo1) (T 511:) + T 1 (T dt)-

Integrating term by term gives

/(mt—l —T1)(@p—1 — Tp—1)q(@e—1|@e)dms 1 = B4 (@), (28)

/ For (@1 — To1)q(@es o) da, 1 = O, 29)

/(a:t,l — T 1)(Ti—1 — ®)q(x—1|2t)d2t—1 = 0, (30)

/ftfl(itfl — I (@) de s = Ty (T — 0. 31)
o Qi

Therefore, the Equation (26), which is the first term of Equation (24):

a x
/$t71Q($t71|$t)Vm log q(x¢|xs—1)dxs 1 = ;;(Zt—ﬂt(w) + X1 (1 — d*t)) (32)
t t

The second term of Equation (24) is calculated by

/$t71Q(iBt71|wt)th log g(x+)dxs—1 = T—1 Vg, logg(x:). (33)
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Decompose the term V5, log ¢(x;) by

Ve
Ve logg(a,) = L4 (34)
q(xs)
_ fthQ(iﬂt|€3t71)Q(iBt71)dwt71
q(xt)
_ Ja(@ilzi1)Va, log g(@i|zi—1)q(-1)dwi
q(x)
IQ(wt‘mt—l)%(mt—l - %)Q(mt—l)dmt—l
B q(x:)
Q(iBt|th71)q(€Bt71) o Ty
- = Y,
/ Q(Sct) 5,52(wt ! OAét) Tt
OAét Tt
== _ 1 — —)dzs_
6,52 q(iBt 1\%&)(% 1 &t) L1
_ G T
= &tg (-’Ut—1 dt)
Therefore, the second term of Equation (24))
Gy _ x
/mt—1Q(wt—1|ﬁct)V:c log q(x¢)dx:—1 = ;;mt—l(xt—l - gt) (35)
i t

Substitute the first term and second term in Equation (24) by Equation (32) and Equation (33) to
achieve

Va1 (x) = ﬁztflﬁ(w) (36)
i
Therefore, the Hessian matrix in Equation (I5) is
&2 1
V2 loggi(w) = =55 _1p(x) — 1 (37)
Oy 0%

C MORE EXPERIMENTS

Table ] and Table[5]report results on LSUN bedroom 256 %256 and ImageNet 256 <256 across NEF
from 3 to 20. Our method yields consistent gains at every NEF, improving FID over all baselines
without extra calculation.

Table 4: Experiments on LSUN bedroom 256 x256 guided with various NFE. The quality of images
is measured by FID. We use the implementation from the DPM-Solver-v3 repository. * We borrow
results reported in AMED-Plugin, “(NEF)” denotes the actual NEF corresponding to the reported
FID.

NFE 3 4 5 6 8 10 12 15 20
AMED-Plugin*  101.5 - 2568 8.63(7) 7.82(9) - - - -

UniPC 109.31 39.89 13.99 655 400 357 335 3.8 3.07
+Ours 59.27 2008 896 548 379 338 3.9 3.08 3.02
DPM-Solver-v3 6443 19.17 896  5.13 356 320 3.2 3.2 3.10
+Ours 5441 1549 677 455 345 314 305 3.04 3.04

D MULTI UPDATE

In Table [§] we examine the effect of applying multiple updates within ParaDiGMS. In particular,
we compare the latent variable before each Picard iteration with the updated latent variable after the
iteration when our refinement method is applied.
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Table 5: Experiments on ImageNet 256256 guided with various NFE. The quality of images is
measured by FID. We use the implementation from the DPM-Solver-v3 repository. * We borrow the
results (NFE€[5,20]) reported in DPM-Solver-v3.

NFE 3 4 5 6 8 10 12 15 20
UniPC* 5221 2453 15.62 1191 929 835 795 7.64 7.44
+ Ours 50.79 22.60 1438 11.07 9.06 826 797 7.74 7.46
DPM-Solver-v3* 6538 2637 15.10 1139 896 827 794 7.62 7.39
+ Ours 60.80 2434 1453 1084 886 8.08 7.85 7.55 7.46
Table 6: Experiments on multi-update
Number of Iters 1 2 3 4 5
Difference 51.7352  1.2923 1.2919 1.2919 1.2919

E ABLATION STUDY

Table[7] presents an ablation study on the choice of the parameter A. We compare different strategies,
including the default setting —Hm(x;_1);) = L fixed constant values, and empirical values

2 b
Ti—1
collected from experiments.

Table 7: Experiments on LSUN bedroom 256 x256 guided with various NFE. The quality of images
is measured by FID. We use the implementation from the DPM-Solver-v3 repository.

NFE 3 4 5 6 8 10 12 15 20

DPM-Solver-vd 6443 19.17 896 5.13 356 320 3.12 3.12 3.10
+ Ours 5441 1549 6.77 455 345 314 3.05 3.04 3.04
+O0urs A =1 6342 1871 742 476 352 3.8 3.09 3.08 3.06
+Ours A =0.5 4944 14.68 6.74 437 342 3.14 3.05 3.05 3.05
+ Ours empirical 53.17 15.61 6.89 4.61 348 3.16 3.07 3.06 3.06

F CHECKPOINTS

For all experiments, we employ publicly released model checkpoints to ensure reproducibility and
fair comparison. In particular, we reference the official implementations of DPM-Solver-v3 and
ParaDiGMS, and list the specific checkpoints used in Table|[§]

G MORE VISUALIZATION

Figure [] presents additional visualizations of generated images on the LSUN Bedroom 256 x256.
Integrating our plug-in refinement yields images with richer details and improved semantic coher-
ence compared to the baselines.
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864

865 . . .

866 Table 8: Checkpoints of models in experiments
867

868
869 Datasets URL

870 ImageNet 256 X256 guided lhttps://openaipublic.blob.core.windows. |
871 jnet/diffusion/jul-2021/256x256_ |
872 diffusion.pt|

873 LSUN bedroom 256 x256 https://openaipublic.blob.core.windows. |
874 net/diffusion/jul-2021/1sun_bedroom.pt|
875 Stable Diffusion https://huggingface.co/CompVis/

- stable-diffusion-v—-1-4-original/
resolve/main/sd-v1-4.ckpt|

877 Stable Diffusion v2 https://huggingface.co/stabilityai/

878 stable—diffusion—Zl
879

880

881

882

883 UniPC UniPC + ours DPM-v3 DPM-v3 + ours
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915 Figure 4: Visualization of generated images using LUSN bedroom 256 x2560f UniPC, DPM-Solver-
916 v3, and our method integrated with 3 and 4 NFEs. We refer to DPM-Solver-v3 as DPM-v3.
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https://openaipublic.blob.core.windows.net/diffusion/jul-2021/256x256_diffusion.pt
https://openaipublic.blob.core.windows.net/diffusion/jul-2021/256x256_diffusion.pt
https://openaipublic.blob.core.windows.net/diffusion/jul-2021/256x256_diffusion.pt
https://openaipublic.blob.core.windows.net/diffusion/jul-2021/lsun_bedroom.pt
https://openaipublic.blob.core.windows.net/diffusion/jul-2021/lsun_bedroom.pt
https://huggingface.co/CompVis/stable-diffusion-v-1-4-original/resolve/main/sd-v1-4.ckpt 
https://huggingface.co/CompVis/stable-diffusion-v-1-4-original/resolve/main/sd-v1-4.ckpt 
https://huggingface.co/CompVis/stable-diffusion-v-1-4-original/resolve/main/sd-v1-4.ckpt 
https://huggingface.co/stabilityai/stable-diffusion-2
https://huggingface.co/stabilityai/stable-diffusion-2
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