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Decoder is used in latent diffusion models.




Encoder is the right-inverse of the decoder.




What is the left-inverse of
the Decoder?



Encoder? No.
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* Equality holds if the encoder and decoder are linear. (Remark 2)




Gradient descent? Heavy.

backpropagation




We propose a gradient-free
decoder Inversion algorithm!



Motivation of our grad-free method

find a = D(z) is difficult.

zcRE

ﬁllle E(x) =E(D(z)) is easier (Remark 1).
z€RF

This is equivalent to:

find z=2z—p(&(D(z))—-E(x)), VpecRN{0}“
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Fixed point iteration:
2P =28 - p(E(D(2Y)) - ()



Gradient-free

(ours)
2P = 2k p(E(D(2Y) - E(=))
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Gradient-free
(ours)

Fast, Accurate, Mmory-efficie,
and Precision-flexible.
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We make LDM more inversion-friendly!

Inversion VAE

Error Learning—basedé

GAN inversion |

Pixel-space DM,
~ Opt.-based GAN inversion

Normalizing

Flow R :

1-step grad-free iterative grad-based Runtime



Convergence Analysis



Our method provably converges.

Theorem 1 (Convergence of the forward step method). Let 3 > 0, 0 < p < 2/, and ¢ € RY.
Assume T (-) = £ o D(-) — E(x) is continuous. Consider the iteration

2P =2k T2 for k=0.1,... (8)
Assume z* is a zero of T (i.e., Tz* = 0) and
(TzF, 28 —2*) > B T=2F|3 for k=0,1,... 9)

Then, T z¥ — 0. If, furthermore, 2F — 2 then 2™ is a zero of T (i.e., Tz =0).



Our method provably converges

k

2k

with momentum: y* = 2 + a(z

2E = yF —2\BT Yk,

Theorem 2 (Convergence of the inertial KM iterations). Let 0 < o < 1, 3> 0, A > O and © € R".
Assume T (-) = € o D(-) — E(x) is continuous. Let (z*,y") satisfy (10) and (11). Assume z* is a
zero of T (i.e., T z* = 0) and the following holds:

(Ty"* y* — 2% > B Ty"||3 for k=0,1,... (12)

If
M1 —a+20%) < (1 —a)?, (13)

then (y*) and (2*) converge to the same limit points.



Validation on the assumption
(EDz>® — EDzZF, z%° — 2F)

 Cocoercivity: Dz — EDZF|2 > B3>0
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Validation on the assumption in many models

e LaVie InstaFlow
Stable Diffusion 2.1 . -
(Video DM) (Rectified Flow)
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Causality & Evidences

Most instances = Cocoercivity = Convergence = Accuracy

1. most instances showed positive min cocoercivity.
2. fitted lines showed negative slopes

3. bottom points are darker |
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Experiments & Applications



Fast, Accurate, Memory-efficient, Precision-flexible

Stable Diffusion 2.1

m Grad-based Grad-free Grad-free
% D az-bit Agobit . ®1gbit
7 A Pareto
: inefficient
2 - W
ol "E
S %«#
L We seek
@ —25 bottom & left |
© 0 10 20 30
< Runtime for decoder inversion (sec)
Grad-based | 32-bit 8.83
2-bi .81
Grad-free (ours) 3 b,t 38
16-bit |3.15
0 2 4 6 8 10

Peak memory usage (GB)

LaVie
(Video DM)

Grad-based

[ 32-bit A

Grad-free
32-bit

Grad-free
® i6bit

|
—
=]

_%I
‘—EI

I
o
o

We seek
[bottom & left

I
[\
[#5]

IR +

Pareto
inefficient

¥

0 40

Noise recon. NMSE (dB)

80 120

Runtime for decoder inversion (sec)

Grad-based | 32-bit

64.7

32
16

11.7
713

Grad-free (ours)

0 10 20

30 40 50 60 70

Peak memory usage (GB)

InstaFlow
(Rectified Flow)
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Application: tree-rings watermarking

* Invisible, robust watermarking on the initial noise of LDM

LDM Encoder Gradient-based [14] Gradient-free (ours)
Accuracy 186/300 207/300 202/300

SD2.1 [37] Peak memory (GB) 5.71 11.4 6.35
Runtime (s) 5.66 38.0 229
Accuracy 149/300 227/300 227/300

InstaFlow [24] | Peak memory (GB) 2.93 8.84 3.15
Runtime (s) 3.55 35.9 13.6




Application: Background-preserving editing

Method """ Edited Error map (x5) Edited Error map (x5)

Runtime

Oracle

[32]

Grad- 30
based 9.31s

Grad-free
32bit
(Ours)
Grad-free
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16bit 0.56¢ = G = — | | t'f
(Ours) _ — , .

8.53s




Conclusion

* Proposed gradient-free decoder inversion for LDMs with
guaranteed convergence, with or without momentum.

» Validated the assumptions and theorems for various LDMs.

« Experimentally showed advantages over gradient-based methods.
 Fast: up to 5x faster
 Accurate: up to 2.3 dB lower in NMSE
« Memory-efficient: up to 89% saved
* Precision-flexible: 16-bit vs 32-bit
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