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Background

Personalized portrait synthesis
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Background

Key Challenges

* Fidelity
« Extract useful ID embeddings to guide generation process
« Coarse-grained improvements is insufficient for ID-preserving generation

- Editability
 Embedding ID disrupts the behavior of the original model
« Hard to edit ID attributes with text prompt

 Speed



Background D rexr

Personalized portrait synthesis

Tuning-Based

LoRA
DreamBooth

Tuning-Free

« |P-Adapter

Reference Set

Cyberpunk
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Background

Low-Rank Adaptation (LoRA)

Given
» a pre-trained autoregressive language model P4 (y|x) parametrized by &
« adownstream task to fine-tune on: Z = {(x;, y;)}i=1 ..

Y|
Full fine-tuning: max >: >:10g(P¢,(yt\m,yﬂ)) |AD| = |D,|
(zy)eZ2 t=1
Y
Reparameterized: 111513{ >J >J10g (Pcb{]+&{1>(@)(?;t\-’1?a?;a:s)) 6] K [Py
(z,y)eZ t=1

LoRA: Low-Rank Adaptation of Large Language Models, ICLR 2022
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Background

Low-Rank Adaptation (LoRA)

h |
Pretrained Low-rank-parametrized update matrices:

Weights W, + AW = W, + BA, where
B € R¥™", A € R™¥, r « min(d, k)

Pre-trained weight matrix: W, € Rk

W € Rd)ﬂfd

Intrinsic rank
during adaptation



Background

Low-Rank Adaptation (LoRA)
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Learned over-parametrized models in
fact reside on a low intrinsic dimension
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Intrinsic Dimensionality Explains the Effectiveness of Language Model Fine-Tuning, arXiv:2012.13255
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Hypothesize that the change in weights during
model adaptation also has a low “intrinsic rank”
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Background

IP-Adapter ‘
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Frozen
modules
Xy Denoising U-Net ‘
Trainable
Text Features modules
A girl with sunglasses —> ol
Encoder

IP-Adapter: Text Compatible Image Prompt Adapter for Text-to-Image Diffusion Models, arXiv: 2308.06721
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Background

IP-Adapter

Image encoder
* Frozen CLIP image encoder model

« Trainable projection network

l ‘ Decoupled Cross-Attention
= Image Features

7z f‘ Cross Cross
_* - -
— Attention Attention

| |

Image
Encoder

—_—

Line

Decoupled Cross-Attention
QK'

QK" -,
N v

Vd

Z"°" = Softmax( )V + Softmax (
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InstantID

‘C: A woman with long wavy formal hairstyle.
1 c (o)) image text m ¢
e S ol = = 3
2 k3) ° ross | ross . ® o
—p i 8 .
Face Encoder % é Attention Attentior: S X Text Encoder
o =
a i 3

noise
crop&align
IdentityNet

Loy
o) (A
' A (\, Trainable Modules
= R
-t - e

[ A iz Frozen modules

Embedding

InstantID: Zero-shotldentity-Preserving Generation in Seconds, arXiv: 2401.07519

Ref image landmarks

Adopt a face encoder
instead of CLIP encoder

|ldentityNet for enhancing
identity feature injection
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Conventional Diffusion branch

PuLlD - .

- —>|

ID Encoder

+

/x 2 Lightning T2I branch

prompts list

watercolor »|  prompt path w/o ID
sketch

cinematic

pathw/ID

"

-

PuLID: Pure and Lightning ID Customization via Contrastive Alignment, arXiv: 2404.16022

Contrastive Pair

T2Iw/ ID T2I w/o ID

/
B
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Background

PuLID
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Existing Disadvantages

h———7]

A TR

Pretrained
Weights

W € Rex4

LoRA

« High computing cost

« Unstable training

* Lengthy training process

S e se . .
- e — Key challenge in personalized
| : .
I portrait synthesis:
Denoising U-Net Xi-1 m;dmes . .
. e * Fidelity
- Editability
« Speed
IP-Adapter P
« Quality degradation
« Unnatural facial features

Fail to recover fine-grained details

13
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Method

Overview of HyperLoRA

(1" '
Hyper ID-LoRA ]_, Generated ID-LoRA
— )0l
D | —
Encoder | . FL FL ) ) | .
X M N - R
v T SDXL T L oo U
Base h - y \ :)Steps)
Encoder | Generated Base-LoRA .
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iona
Hyper Base-LoRA ]—- — o
. L )
Inference

Training
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Method

Decouple LORA

Hyper ID-LoRA Specific identity information

Irrelevant features
(clothes, background...)

Base
Encoder

Hyper Base-LoRA

15
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Method

Decouple LORA + white dress  + beach + spacesuit  + underwater
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Method

Low Dimensional Linear LORA Space

h I |
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Pretrained w il
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Perceiver Resampler

LoRA ~ tterre
Coefficients LoRA Basis

|

ID/Base LoRA
18
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Method

Multi-Stage Training Process

o
B T
7 »
/

Step 1. Base-LoRA warm-up

O] ¢

e  Train ID-LoRA from
\fii‘__l D — I:l .
Wi L[l 1 ] | e eeeees scratch is hard
— LoRA
|:| ------ Lalee Coefficients LoRA Basis
D D‘ 2 T . .
...... N |g o l  Train non-facial
> er —_ —_— raas . . .
| . O 1O © © information into the
Init Latents || -
1) I Y I Base-LoRA
Perceiver Resampler
\_ P / ID/Base LoRA

19
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Method

Multi-Stage Training Process

'~ Face

or \ ~ 7 .
) “ N : r \Enc\oder (__,7
LIP ViT ¢ _
v ID Projector E 3 settlngs

T

" i i N Oy, 1 2 3
| H) Hi Trigger
(lh [ [ [ e — 0 words RS
— & — & LoRA "ttt
D """ ey e value Coef?icients LoRA Basis Base
. %: Z E % m l LoRA [IRIRSSIN
...... 5" 9 5" M
D :D >Q_uery @'-PD >Q_u,:.,,-y @——b @—p ...... ID
Init Latents |:| I D T I LoRA \/ \/ \/
Perceiver Resampler

/ ID/Base LoRA




Method D erxY

Multi-Stage Training Process

Step 2. ID-LoRA with CLIP

- Trigger words | Base-LoRA |ID-LoRA | Training target

Settings 1

(90%) Reconstruct the target image
Set(tg;gf 2 X X \/ Noise prediction align with foundation model
Settings 3 X \/ \/ Noise prediction align with Base-LoRA

(5%)

21
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Multi-Stage Training Process

'~ Face
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ID Projector
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LoRA Basis

l « Clip-related modules frozen
« ID-related modules trainable

LoRA
Coefficients

ID/Base LoRA 29



Experiments

Quantitative Comparison

Fidelity Editability
CLIP-IT ID Sim.T CLIP-IT CLIP-T?

IP-Adapter  0.764 0.566 0.725 0.244
InstantID 0.734 0.681 0.688 0.237
PuLID 0.771 0.613 0.805 0.259
Arc2Face 0.786 0.643 - -
Ours (Full)  0.853 0.678 0.710 0.243
Ours (ID) 0.831 0.625 0.748 0.252

23



Experiments

Quantitative Comparison

Table 2. Inference speed of different methods (milliseconds).

Method [P-Adapter InstantID PulID HyperLoRA

Preprocess 2996 758 236 1143
Inference 6148 8037 6616 4327
Preprocess:

HyperLoRA needs to generate full LORA weights while adapters only predict ID embeddings
Inference:
HyperLoRA does not introduce extra attention modules while adapters do



Experiments

;)Q:;.J( :é’

PEKING UNIVERSITY

Qualitative Comparison
IP-Adapter

Top: white shirt.

InstantID PuLID

Bottom: wolf ears.

HyperLoRA

25



Experiments
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Qualitative Comparison
IP-Adapter InstantID

Top: wavy hair and brown sweater.

Bottom

PuLID HyperLoRA

: play with snowman.

26
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Experiments

Interpolability

Figure 12. ID interpolation with HyperLoRA.

28
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Experiments

Interpolability

Multiple Inputs Single Input

ID Sim. 0.72 ID Sim. 0.65

Figure 10. Multiple input images contribute to a higher ID simi-
larity and a more realistic and aesthetic synthesized portrait.
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* Fidelity
« Can take multiple reference images as input achieving better results
* |D-LoRA learns and only learns face-relevant features

. Editability
« Base-LoRA is optional while generation, allowing flexible editing strategy

« [Easy to adjust or interpolate LoRA coefficients to generate diverse output
« Compatible with other condition control modules (e.g. ControlNet)

« Speed
« Compared to adapters, HyperLoRA does not introduce additional
attention modules
« Compared to traditional LoRA, HyperLoRA does not need lengthy
training process given reference images

30
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