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Preliminaries: SDS (Score Distillation Sampling)
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A Better Understanding of SDS:
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SDS Bridge Approximation

Ideally......



A Better Understanding of SDS:

A ox
VoLsps(d,x = g(0)) £ Ey e [w(t) (€4(zs;y.t) — €) 29 (3)
Y0,tgt X? * Y0, tet
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SDS Bridge Approximation
Ideally...... In reality......

Predicted source distribution != source/current distribution!



Preliminaries: What Diffusion Model/SGM Does

Diffusion models/SGM:
Diffusion Process Reverse Process

p(xi|xi—1) — p(xt|®o) — p(®i-1 |28, T0) — D(T1-1|2¢)

____________ l I ___________________l____________

dX; = fi(Xy)dt + g,dW; (forward) dX,; = [ft(Xt) — g2V, log p(X;, t)] dt + g:dW,; (backward)

s0(x, £) ~ Vi log p(x(t)|x(0))

Data Forward SDE Prior Reverse SDE Data

z(0) dz = f(z,t)dt + g(t)dw —»@— dz = [f(z,t) — ¢*(t) V. logpi(z)] dt + g(t)dw




Preliminaries: What Diffusion Model/SGM Does

Diffusion models/SGM:
Diffusion Process Reverse Process

p(xi|xi—1) — p(xt|®o) — p(®i-1 |28, T0) — D(T1-1|2¢)

____________ l I ___________________l____________

dX; = fi(Xy)dt + g,dW; (forward) dX,; = [ft(Xt) — g2V, log p(X;, t)] dt + g:dW,; (backward)
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Preliminaries: Schrodinger Bridge (SB)

Non-linear SB
System
(what we care
about)

VU (X,,t) <=

Reverse drift term

Distribution A :Distribution BI Distribution A
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Preliminaries: Schrodinger Bridge (SB)

Fokker-Plank

. Nelson’s dua}(lity
NOIlS-hI:;eaI' SB () = U, ) W(-. ) R equations
(whazswznéare VI (X, t) — ¢(Xe|Xo, X1) = U(Xe, 8| X0)U(Xe, 8 X1). — a(XelXo, X1) = N(Xy; pe(Xo, X1), 5)

Reverse drift term Real distribution
about) of SB
Sampling
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dX; = [f1(Xe) + B VE(X¢, t)] dt + /BedW; (forward)  dX, = |f,(X;) — ﬁtvix(xt,t)] dt + \/B;dW, (backward)

Distribution A
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Preliminaries: Schrodinger Bridge (SB)

. Nelson’s dua;lity Fokker-Plank
Non-linear SB q(-,t) = V(- t)U(-,1) equations

(WhSa{SfoZn(lzare v\ij(Xt’t) q(Xt|XO’X1) - \Ij(XfﬂﬂXU){I}(Xt&ﬂXl)- — q(X¢| X0, X1) = N (X35 pe(Xo, X1), ¢)

Reverse drift term Real distribution
ab out) of SB
Sampling
Fokker-Plank
Linear SDE ~ - equations
V log p(X3,tXo) V1og¥(Xy, t|Xo) = Vlog p(Xy, t| Xo). Xt
SyStem (used for T =0+ 5p0p Training Data

training) W) g iy Lo

Schrodinger Bridge (SB) can directly use pre-trained diffusion models,
and can model the trajectory between two random distributions!



Now, we can get two points:

Predicted source distribution != source/current distribution!

Schrodinger Bridge (SB) can directly use pre-trained diffusion models,
and can model the trajectory between two random distributions!



Now, we can get two points:

Predicted source distribution != source/current distribution!

|

Schrodinger Bridge (SB) solve the above problem of SDS

|

Schrodinger Bridge (SB) can directly use pre-trained diffusion models,
and can model the trajectory between two random distributions!



Score Distillation Sampling as a Special Case of Schrodinger Bridge

. Nelson’s dualit Xi,1 D Xi,t
_in ]_Dg lI;(Xt’ t) _ elson s auality > —VXE log (q( ] ) ) S Scase > —VXl log (Q( t )
$(X,,t) = (X, t)/U(X,, 1) (X, t) U(z,t) ~ 1 1
Pg ~ N(0,1)
If ¥(z,t) =~ 1, then its gradient V log ¥ (X4, t) =~ 0.
sp(Xt,1) —Vx, logp(Xi,t) < —Vx, log q( X, t)
. SB’s forward: dX; = [f:(X;) + B VE(X;, t)] dt + /B:dW; (forward)
SDS operates using
this learned score! has non-linear drift term vanishes.
] 8X, dzo 1.e., SGM forward = SB’s forward
VoLsps ~ Eq [U’(ﬂ (Sﬂ(Xr,f) + ﬂ) 20 90



TraCe: Overview
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Figure 3: Overview of Trajectory-Centric Distillation (TraCe). Our approach optimizes 3D
parameters ¢ by computing a distillation gradient with a LoRA-adapted 2D diffusion model, €4.
Given a text prompt y and camera parameters c, (1) The current 3D model is rendered in a random

view to produce Zpg. (2) An ideal target view 2™ is estimated from zg, using a pre-trained
p g 0 gap

diffusion model €pretrain Via one-step denoising. (3) An intermediate latent x; is sampled from the

analytic bridge posterior g(z; | zcgred, Tndr) at time ¢. (4) The LoRA model ¢, predicts the noise for
x:, and the difference between this prediction and the target noise is computed. (5) This difference
directs the calculation of the TraCe gradient Vg Lty ce, and drives the update of LoRA parameters ¢.



SDS

Results:

A large, multi-layered, symmetrical wedding cake, with smooth fondant, delicate
piping, and lifelike sugar flowers in full bloom, displayed on a silver stand.
D (0]

A car made out of sushi

a delicious croissant

Figure 4: Qualitative comparisons. We present visual examples with the same text prompt.



Results:

Table 1: Quantitative comparisons. Comparison of different methods on CLIP Score, GPTEval3D
Score, ImageReward Score, running time, and VRAM usage. We report mean and standard deviation
across 83 prompts and 120 views.

Method CLIP Score (%) 1 G&g{,‘gﬁﬁp ImageReward{ Time VRAM
ViT-L/14 ViT-B/16 ViT-B/32

SDS[+7] 68.6146+7.9134 27.70491+3.7004 27.556143.5893 1018.09 -0.4329+0.9125 10min 18147MiB
CSD[“7] 68.0282+7.5093 27.088643.7342 26.584443.8703 983.04 -0.6715+£0.7482 11min 19804MiB
VSD [1°] 67.2697+8.5573  27.0749+3.9675 26.9722+3.9563 1007.49 -0.5330+0.8927 17min 26473MiB
ISM['°] 69.0093£10.2400 27.5460+3.6817 26.9822+3.5495 1012.37 -0.3904+0.9503 20min 10151MiB
SDI["Y] 63.0409+11.7841 25.6487+5.2540 25.542145.0903 971.98 -0.8334+1.0391 10min 16011MiB
TraCe 69.2609+7.8366 27.9334+3.7382 27.7049+3.8671 1028.03 -0.2855+0.8909 14min 18741MiB
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