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1 Introduction: Diffusion Binarization

« Large Pre-trained Diffusion models

- Diffusion models (DMs) have garnered impressive attention and applications
In various fields, such as image, speech and video

- 1t still suffers expensive FP32 parameters and operations

* Network Binarization Qy(X) = a B,

—1, if x>0

- compression by binarizing parameters B, = sign(x) ={ 1 otherwise

- accelerating by applying sign operations z=0Q,(w)' 0, @ = 2,2,(B, ®Q,)



1 Introduction: Overview

Evolvable-Basis Binarizer BinaryDM Framework Low-rank Representation Mimicking
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- W1A4 BinaryDM achieves as low as 7.74 FID and saves the performance

from collapse (baseline FID 10.87)

- W1A4 BinaryDM achieves impressive 15.2x OPs and 29.2x model size
savings, showcasing its substantial potential for edge deployment
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2 The Rise of BinaryDM: Bottlenecks of Binarized DMs

 Binarized DMs Architecture

Weight binarization severely restricts the
feature extraction capability of diffusion models, causing significant
damage to information in critical representations of generative models.

e Distillation for Binarized DMs

Introducing discrete binarization functions in
DMs poses a significant hurdle to stable convergence.
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2 The Rise of BinaryDM: Evolvable-Basis Binarizer

EBB enables a smooth evolution of DMs from full-precision to accurately
binarized

Learnable Multi-Basis: In the forward propagation of the Evolvable-Basis Binarizer | BinaryDM Framework

first stage, EBB is defined as: | | T Ewhable Vil |
WE%B = o;sign(w) + o;;sign(w — osign(w)) |

Transition Strategy: In the first stage, regularization loss is

applied to the higher-order learnable scaling factors,

encouraging them to approach Zero:

1 ]
Lgpp = TNZ oy
i=1 . unmmmrnmmmnm

In the second stage, all higher-order terms are removed, and i;]L)eamame_ B
eterministic
the forward propagation is simplified to:

Wbi = o;si

1sign(w)
Location Selection: In BinaryDM, EBB is partially applied to crucial and parameter-sparse locations of the
diffusion models to reduce unnecessary evolution processes and the associated training overhead.
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2 The Rise of BinaryDM: Evolvable-Basis Binarizer (EBB)

 From the representation perspective

- EBB possesses a broader representation range at the early stage and
then gradually transitions to a single-basis state, while the quantitative
information entropy A further illustrates its enhanced representation
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2 The Rise of BinaryDM: Low-rank Representation Mimicking

LRMtor Accurate Optl mization Low-rank Representation Mimicking

. . . 32-bit  1-bit | |
« We use principal component analysis (PCA) to project , |
. T t .
representations to low-rank space: ( Ennﬁfefip "Embed
Module Module

RIP (2, t) = & (w1, 1) B, <), RY (4,) = €5y (. 1) B} &

We construct a mean squared error (MSE) loss between the . '

LRMl
. I Ti t Ti
I-th module of low-rank representations between full- g;lnzgelgp e
. o v Embe
precision and binarized DMs: odule Fprl odule

Lo = | R~ RY|
The total loss function:

Liotal = Lsimple + LEBB + /\— Z LirM;

1=1

[’LRML
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2 The Rise of BinaryDM: Low-rank Representation Mimicking

 From the optimization perspective

- LRM enables binarized DMs to mimic the representation of full-precision
counterparts, improving the optimization process by introducing additional
supervision.
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Experiments: Generation Performance

Table 2: Results for LDM on multiple datasets in unconditional generation by DDIM with 100 steps. Table 4: Ablation results on LSUN-Bedrooms 256 x 256.
Model Dataset Method #Bits Sizesy FID| sFID| Precision] Recallf Method #Bits FID| sFID| Prec.t Recallt
FP 32/32 10454 3.09 7.08 65.82 45.36 FP 32/32 3.09 7.08 65.82 45 36
LSQ 2732 698 749 1279 6402 37.60
“Baseline  I[/32  35.8 843 1311 6545 2988 Vanilla 1/32 843 13.11 65.45 20 88
BinaryDM  1/32 358 699 1215 6751  36.80
Q-Diffusion 28 698 6201 3356 1648 14.12 +EBB 132 739 12.34 65.98 35.84
LSQ 28 698 648 1166 6255 3892 +LRM 1/32 6.99 1215 67.51 36.80
LDM.4 LSUN-Bedrooms “Baseline ~ ~ ~ 1/8° ~ 35.8 ° 937 1210  ~ 6436  30.76
256 X 256 BinaryDM 1/8 358 651 1167 6580 3528
Q-Diffusion 4/ 1349 42746 27723 000 0.00
EfficientDM 44 1349 10.60 - - - Table 5: Inference efficiency of our proposed BinaryDM of LDM-4 on LSUN-Bedrooms 256 x 256
LSQ 2/4 69.8 1295 1279 5597 3430
Baseline 1/4 35.8 ~ 1087 T15.46 64.05 ~ 2650 Model Method #Bits Sizeas OPs ., 19, FID}
TDQ 1/4 358 1128  12.80 5514 2732
ReActNet 1/4 358 1023 13.02 6143 2068 Full-Precision 4/4 1045.4 96.0 3.09
Q-DM 1/4 358 999 1196 5762 2930 ATt
INSTA-BNN 14 358 942 1239 6005  31.08 LDM.4 gﬁll);gﬁ:gﬁ jﬁ }gjg %i'g 4%3‘28
BI-DiffSR 1/4 358 858 1181 6261 3086 : : .
BinaryDM 1/4 358 774 10.80 6471 3298 LSQ 2/4 69.8 12.3 12.95
FP 3232 11252 482 17.66 7518  46.80 BinaryDM 1/4 35.8 6.3 7.74
LS 2/32 741 816 1987 7498 3576
- ga;%ﬁng ST TIA2 T 381 991 1794 7489 26.88 Table 6: Training time-cost of BinaryDM compared to the advanced PTQ method.
BinaryDM  1/32 38.1 814 1744 7551 3456 . - .
Q-Diffusion 278 741 20123 23870 2.39 8.60 Dataset Method #Bits Sizews) Timem) FIDJ.
LSQ 2/8 741 811 1925 7704 3498 o
Lpm.g  LSON-Churches - g line =~~~ 1/8 ~~ 38.01 ~ 1094 1605 7430 2566 LSUN-Bedrooms Q-Diffusion 4/4 134.9 13.7 427.46
BinaryDM /8 381 863 1513 7774 3348 BinaryDM 1/4 358 11.3 13.93
EfficientDM __ 4/4 1442 1434 - - - o
Q-Diffusion  4/4 1442 19835 18443 548 012 LSUN-Churches Q-Diffusion 4/4 144.2 10.9 198.35
LSQ 2/4 741 1000 19.08 7493 2580 BinaryDM 1/4 38.1 9.0 15.11
" Baseline ~ 1/4 38.1 1298 2155 7078 2530
BinaryDM 1/4 381 991  18.04 7372 29.96
FP 32/32 10454 664 1416 7688  50.82
Q-Diffusion  4/32 1349 11.60 1030 - -
" Baseline 1732 35.8 1049 1156 = 7264  39.62
BinaryDM  1/32 358 870  9.68 7392 4222
LDM4 FFHQ Q-Diffusion 8% 2650 10.87 10.01 - -
256 x 256 Q-Diffusion 48 1349 1145 906 ; -
" Baseline ~  1/8 35.8 1079 1077 7320  41.70
BinaryDM 1/8 358 958 1074 7448 4175
Baseline 174 358 1507 1248 7434 3512

BinaryDM 1/4 358 1234 1118 74.83 38.09
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Conclusion

From the representation perspective, we present an Evolvable-Basis Binarizer (EBB) to
enable a smooth evolution of DMs from full-precision to accurately binarized. EBB
enhances information representation in the initial stage through the flexible combination
of multiple binary bases and applies regularization to evolve into efficient single-basis
binarization.

From the optimization perspective, a Low-rank Representation Mimicking (LRM) is
applied to assist the optimization of binarized DMs. The LRM mimics the
representations of full-precision DMs in low-rank space, alleviating the direction
ambiguity of the optimization process caused by fine-grained alignment.

W1A4 BinaryDM achieves as low as 7.74 FID and saves the performance from collapse
(baseline FID 10.87), achieving impressive 15.2x OPs and 29.2x model size savings,
showcasing its substantial potential for edge deployment.
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