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Motivation

Compressed dataset can help model interpretability and efficient learning.

* How neural network compress and memorize large- * Do datasets have to be big?
scale dataset?

_ o *  Can the information from a large dataset be
* Project original data to feature maps.

distilled and integrated?

z c RD f(=) 2 ¢ RY * Can training on “small data” be equally
successful?
* (Can be viewed as an implicit compression process. e
* Whether can we explicitly re-construct the low- * By using the compressed dataset, model
dimensional information from the neural network? training’ parameters tuning and testing process
* Not re-construct to equal size, but distill informative and become easy-approaching.

representative data.

*  Under the data-centric Al, data-efficient
x c RP & 2 € R4 & T e RP learning is important.

* Also offer a perspective of model interpretability.



Definition: Dataset distillation (DD)

Synthesize a distilled dataset which performance 1s comparable to the real one.

Full training dataset (size = 50k)

e Dataset distillation is the task of synthesizing a small dataset such that gE*E
models trained on it achieve high performance on the original large dataset. t" ::iﬁ
Condensed dataset can accelerate network training and reducing data 2 Dataset

storage. = g VA Distillation

* A good small distilled dataset is not only useful in dataset understanding,
but has various applications (e.g., continual learning, privacy, federated
learning, neural architecture search, etc.).

Dlstllled dataset (5|ze =10)

Train

* A dataset distillation algorithm takes as input a large real dataset to be
distilled (training set), and outputs a small synthetic distilled dataset, which
is evaluated via testing models trained on this distilled dataset on a separate
real dataset (validation/test set).

* This task was first introduced in the 2018 paper Dataset Distillation, along
with a proposed algorithm using backpropagation through optimization I ——
steps. In recent years (2019-now), dataset distillation has gained increasing Figure 2. Dataset distillation aims to generate a small synthetic
attention in the research community, across many institutes and labs. datased for ity acmedelaminedion 1 aninollevemistml st

performance as a model trained on the whole real train set.

Wang, Tongzhou, et al. "Dataset distillation." arXiv preprint arXiv:1811.10959 (2018).



Difference between Model-Agnostic Meta-Learning (MAML)

DD try to optimize the input space.

Algorithm 1 Dataset Distillation Algorithm 1 Model-Agnostic Meta-Learning
Input: p(6p): distribution of initial weights; M: the number of distilled data Require: p(7): distribution over tasks
Input: o: step size; n: batch size; T': the number of optimization iterations; 7jo: initial value for 1 Require: o, (3: step size hyperparameters

1: Initialize X = {#;}2, randomly, 7} < fjo

1: randomly initialize 0
2: for each training stept = 1 to 7" do 7. whil Y d d
3:  Get a minibatch of real training data x; = {z¢;}}—, : while not done do
4 Sample a batch of initial weights 87 ~ p(6o) 3: _Sample batch of tasks 7; ~ p(7)
5. |for each sampled 6}’ do 4: |forall 7; do _
é: Compute updated parameter with GD: 0 = 65 — 7V, (%, 65") 5 Evaluate Vo L7 (fo) with respect to K ex.arnples
b ) 6: Compute adapted parameters with gradient de-
;: endF}Ziluate the objective function on real training data: £ = £(x;, 6}") scent: 6! = 0 — VoL (fo)
9: Update X <~ X — aVx ), LD and § 7 — aV; D £ 7. |end for
Output: distilled data X and optimized learning rate 7 9: end while

* Both algorithms look similar. They all select some samples and average on the inner loop’s results to update the
optimized objective. However, DD and MAML choose different optimized variation. DD chooses input dataset and
learning rate while MAML chooses model weight.

*  Outer-loop optimization using Truncated Back-Propagation Through Time (TBPTT), i.e., unroll a limited number of
inner-loop optimization steps while optimizing the outer-loop.

Wang, Tongzhou, et al. "Dataset distillation." arXiv preprint arXiv:1811.10959 (2018).



Dataset Condensation with Gradient Matching (ICLR 21)

Gradient Matching Surrogate Objective: solve the unstable and cross-architecture problem.

[

94 & m B W

Algorithm 1: Dataset condensation with gradient matching

Input: Training set 7

Required: Randomly initialized set of synthetic samples S for C' classes, probability distribution over
randomly initialized weights Pg,, deep neural network ¢g, number of outer-loop steps K, number of
inner-loop steps 7', number of steps for updating weights ¢ and synthetic samples ¢s in each inner-loop
step respectively, learning rates for updating weights ¢ and synthetic samples 7s.

fork=0,---,K—1do
Initialize 00 ~ Pgo
fort=0,---,7 —1do
forc=0,---,C—1do
Sample a minibatch pair BCT ~ T and Bc‘S ~8 > BZ- and Bc‘S are of the same class c.
Compute ‘C'Z- = ‘Blﬁ Z(m,y)GBZ' ‘g(¢9t (:l!),y) and ‘Cf = ﬁ Z(s,y)EBf £(¢Gt (8), y)
Update S.. < opt-algg(D(VeLs(8:), VoLl (8:)),5s,ms)
Update 0;11 + opt-alge(L(0:),50,70) > Use the whole S
Output: S

Matching
Update | Loss
synthetic set|

Small synthetic set

Forward pass
< -
Backpropagation

Algorithm 1 Improved Deep Leakage from Gradients (iDLG)

Require:

F(x; W): Differentiable learning model, W: Model parameters, VW : Gradients produced by private

training datum (x, ¢), N: maximum number of iterations. 7: learning rate.

Ensure:

=S B =

(x’, ¢"): Dummy datum and label.

c —i st VW},T . VW‘}; <0, Vj#i > Extract the ground-truth label.
x' + N(0,1) > Initialize the dummy datum.

: fori < 1to N do

VW' « dl(F(x'; W), ) /oW t> Calculate the dummy gradients.
Lg = ||[VW' — VW|% &> Calculate the loss (difference between gradients).
x' —x' —nV,Lg > Update the dummy datum.

end for

Normal Participant

o Differentiable Model
ﬂ_' Fawy e g IGAE]

VW
A
Malicious Attacker \i Try to match
. v’
3 3 * 1
leferc;g;a},b}%Modcl J—b Pred’ — Loss’ [0.2,0.7,0.1]
ID/oX D=||VW — VW||248D/ ok

Using d(A,B) =) (1 - %) to update the parameters of network that synthesize distilled dataset.

i=1

DD

Deep
Leakage
from
Gradient
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Figure 3: The visualization showing the deep leakage on images from MNIST [22], CIFAR-100 [21],
SVHN [28] and LFW [14] respectively. Our algorithm fully recovers the four images while previous
work only succeeds on simple images with clean backgrounds.



Dataset Condensation with Differentiable Siamese Augmentation (ICML 21)

Apply data augmentation to both real and synthetic dataset.

Real Set —P DSA ‘ ‘; _'_
o Matching Forward Pass
| Loss <4 - -
| Backpropagation
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Accelerating Dataset Distillation via Model Augmentation (CVPR 23)

Algorithm 1: Efficient Dataset Distillation
Input: Training data 7, loss function [, number of
Early-Stage Models classes C', number of model N, magnitude v,
augmentation function .4, multi-information
function f, deep neural network 1y parameterized
with 6
Output: Condensed dataset S
Definition: D (B, B';0) = ||Vf(6; B) — Vgt (6; B) ||
/+ Early-Stage Pre-train =/
1 Randomly initialize N networks {7i...7n }:
2 forn « 1to N do
3 Update network 7, on real data T
4 for p + 1to Pdo
5
6

Training Dataset

Rl | PR ‘
= EE n : Training for
Lo L= i afew epochs |
EaER

—

Matchingloss | | Taprt ¢ T — 1V, € (Taps ACT))

Condensed Data end
l Gradients 7 end
8 Initialize condensed dataset S

9 fort < OtoT do

Real Data Parameter ! -—| .
Perturbation | 10 Randomly load one checkpoint from {7;...7x'}
A e 4 to initialize g ;
/* Parameter Perturbation =/
Forward propagation —» 11 Sample vector d from Gaussian distribution
Classification loss Back oronas — 12 Parameter perturbation on ¢g: 8 « 0 + - d
ack propagation 13 | form < 0to M do

14 for c + Oto C' do

Figure 2. The illustration of our proposed fast dataset distillation s S;mil e;ngntf';ldbs mini-batch

method. We perform early-stage pretraining and parameter pertur- 6 Upcdate S;,m;eﬁc data S,

bation on models in dataset distillation. 17 Se + Se—AVs.D(A(f(S.)),A(T.))
18 end
19 Sample a mini-batch T ~ T
20 Update network ¢y w.r.t classification loss:
21 gm.-l-] — '9m - nvef (9171: A(T))
22 end

23 end




Dataset Distillation with Distribution Matching (WACYV 23)

Distribution Matching Surrogate Objective: solve the intrinsic problem of gradient descending.

) ) o - real data synthetic data
* Firstly, it samples mini-batch of real and synthetic data and then  —
embeds them with the randomly sampled deep neural networks. ey ta s
* The synthetic data is learned by minimizing the distribution E Ko b
discrepancy between real synthetic data in the sampled embedding )
spaces. i =
2

Tl |5

- 1 , 1 . .o .
* Use minBor, ||rm PRED S > 4w (x:)|  to match the distribution.
i—1 i=1

Algorithm 1: Dataset condensation with distribution matching
Input: Training set 7
1 Required: Randomly initialized set of synthetic samples S for C' classes, deep neural network vy parameterized with
1, probability distribution over parameters Py, differentiable augmentation A, parameterized with w, augmentation

parameter distribution {2, training iterations /', learning rate 7).
2 fork=0,--- K —1do

3 Sample 9 ~ Py (a) Gradient Matching (b) Distribution Matching
4 Sample mini-batch pairs B7 ~ 7 and B ~ & and w,. ~ € for every class ¢
s | Compute £= 3" I5r1 Ciagenr Po(Au () = ms7 Liayens Yo(Aw(s))I”
6 Update § + S —nVsL

Output: S

Figure 1. Synthetic dataset distribution with IPC 50,




CAFE: Learning to Condense Dataset by Aligning Features (CVPR 22)

- CE Loss

=T E 0

CWFA: Category-Wise Feature Averaging Dynamic Bi-level Optimization Module
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Figure 2: Tllustration of the proposed CAFE method. The CAFE consists of a layer-wise feature alignment module to capture
the accurate distribution of the original large-scale dataset, a discrimination loss for mining the discriminate samples from real
dataset, and a dynamic bi-level optimization module to reduce the influence of under- and over-fitting on synthetic images.
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(a) The gradient distribution changes from a uniform to long-tailed
distribution during the training. Meanwhile, the overlap of large-
gradient samples are small among different architectures.
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(b) The visualization of synthetic images and their distributions
generated by gradient matching and CAFE. ConvNet is used.



DataDAM: Efficient Dataset Distillation with Attention Matching
(ICCV 23)

o for
Real Dataset 7; Layer1 Layer2 ------- Layer L-1 Layer L e "

Spatial Mapping Function
T Ti
agy = A(fq))

ag; = A(f5})

Spatial-wise Vectorization

dy == T
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Froward Pass
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[ Spatial Attention Matching (SAM) HMSE Loss];_»éq;{mmn Lm]
T T : KT
$0(Sk) = [£55,++ foi] 1: T‘:’ -------- TV U

Synthetic Dataset S,

Backpropagation

Normalization

~

Te
”29,1”2

S
=341l

T

oa] ]
Es,| -
J \ s s ] T/
(@) (b)

Figure 2: (a) Illustration of the proposed DataDAM method. DataDAM includes a Spatial Attention Matching (SAM) module to capture
the dataset’s distribution and a complementary loss for matching the feature distributions in the last layer of the encoder network. (b) The
internal architecture of the SAM module.




(a) Iteration
0

Figure 10: The learning process of all classes in the CIFAR10 dataset (IPC 50) initialized from Gaussian noise. We take two random images

(b) Iteration
600

(c¢) Iteration
2000

(d) Iteration
5000
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(e) Iteration
15000

for each class and visualize their progression over the 40,000 training epochs.
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(a) CIFARI10 (b) CIFAR100 (c) Tiny ImageNet (d) ImageNet-1K

Figure 6: Example distilled images from 32x32 CIFAR10/100 (IPC10), 64x64 Tiny ImageNet (IPC1), and 64x64 ImageNet-1K (IPC1).



Dataset Distillation by Matching Training Trajectories (CVPR 22)

Trajectory (network parameters) Matching Surrogate Objective.

(1) Long-range multiple-steps matching. (i1) Explore large-dataset usage.

Cazenavette G, Wang T, Torralba A, et al. Dataset distillation by matching training trajectories[C]

Algorithm 1 Dataset Distillation via Trajectory Matching

Input
Input
Input
Input
Input

: {7;"}: set of expert parameter trajectories trained on Dye,).
¢ M: # of updates between starting and target expert params.
: N: # of updates to student network per distillation step.

: A: Differentiable augmentation function.

: T < T: Maximum start epoch.

1: Initialize distilled data Dy ~ Dieal
2: Initialize trainable learning rate o := o for apply Dsyn
3: for each distillation step... do

4: > Sample expert trajectory: 7% ~ {7;°} with 7* = {0 }2
5: > Choose random start epoch, t < T+
6: > Initialize student network with expert params:
7 ét = 9:
8: forn=0— N —1do
9: > Sample a mini-batch of distilled images:
10: bt—|—n ~ Dsyn
11: > Update student network w.r.t. classification loss:
12: Ot+nt1 = Orpn — aVEL(A(bt4n); Ot4n)
13: end for
14: > Compute loss between ending student and expert params:
15: L=0cin = 07nll3 /1167 — 074 arllz
16: > Update Dsyn and o with respect to £
17: end for

Qutput: distilled data Dsy, and learning rate o




AST: Effective Dataset Distillation through Alignment with Smooth and High-Quality

Expert Trajectories

We observe the dilemma between stronger expert and student alignment.

0.6 8
14 0.40
7
12 Fo.s 0.35
6
0.30
10
- 0.4 -]
= = = 0.25 =
: 8 8 Fa e
< <
[ § | 0.20 é
s . ro3g & 2
3 0.15
4 oz 2 0.10
2 1 0.05
ro.1
0 ]
0 10 20 30 40 50 0 10 20 30 40 50
Expert Trajectory Epoch on CIFAR100 Expert Trajectory Epoch on CIFAR100
NO_MOM MOom = Flat MOM ADAM NO MOM MOM - Flat MOM ADAM
(a) CIFAR-100 (b) Tiny ImageNet

Fig. 9: |0 — O Hg refers to the change of the model weights on two consecutive iterations, shown by dash curve. Correspondingly, the solid curve refers to
the metric of evaluation accuracy. NO_MOM refers to SGD without momentum. MOM means using SGD with momentum alone. Flat MOM denotes smooth
expert trajectories that apply gradient penalty and clipped loss under the usage of SGD with momentum. ADAM means using ADAM as an optimizer alone.
We view the red curve as a much smoother and higher-quality expert trajectory. The |0 — 6412 of Adam is so huge that it cannot fully appear in both
CIFAR-100 and Tiny ImageNet.

Gradient Clipped Gradient Clipped

Momentum Penalty Loss Avg Var |  Acc. (Expert) T Acc. (Distill) +  Momentum Penalty Loss Avg Var | Acc. (Expert) T Acc. (Distill) T
X % x 0.1726 486 39.7 X x x 0.0705 258 8.8
v x x 79611 (x46) 571 (+8.5) 18.8 (—20.9) v x x 22950 (x33) 394 (+13.6) 1.8 (=7.0)
v s x 0.9331 (x5.4) 54.1 (+5.5) 41.7 (+2.0) v v x 1.7358 (x24) 39.0 (+13.2) 10.0 (+1.2)
' ' v 0.5899 (x3.4) 54.4 (+5.8) 42.0 (+2.3) v v v 1.3066 (x18) 39.5 (+13.7) 10.8 (+2.0)
(a) CIFAR-100 (b) Tiny ImageNet

TABLE VII: Comparison between different buffer generation methods using SGD as base optimizer.

Learning Rate Learning Rate

0.008

0.03

0.006

0.004

0.002

Iterations Iterations

0 1k 2k 3k ak 5k 1k 2k 3k 4k 5k

(a) Smooth expert trajectory (b) Non-smooth expert trajectory

Fig. 8: Learning curve for student model learning rate. When applying a non-
smooth expert trajectory, the output of the learning rate may encounter NaN
which will lead to the collapse of the training process.

eXp (mi,yz‘)
C
c=1 eXp (m’z‘:,C) .

f.sc' = log

+1 B, |(IVa (@)l =K’

>

p- - W

Clipped CELoss Gradient Penalty

Smooth expert trajectories is an important factor!



AST: Effective Dataset Distillation through Alignment with Smooth and High-Quality

Expert Trajectories

With refined expert trajectory, an enhanced parameter alignment method 1s proposed.

Representative Initial Distilled dataset (size = 10) (@) Parameter Matching

Outer-loop

I Student
| Trajectory
| Lty
T
I |/
1/
I 1 v"l,l //._~‘\\ }et
1 I‘ ,’ & \A
1 le
I P Expert
@ Generate Smooth TSrpooth -~ I q Trajectory
rajectory -7 © b
[ 4 A . o
= : ° ; & v | N .
1 e -7 6 W _ SN y S -7 i | Weight Perturbation
S0 S e \ e Expert Trajectory S/ - ~e--- I W,
LRI I ) - - V50 " 1/
A\ i -7
= . ' 2 BN ~+ -~ Non-smooth -B £ |
S . . uffer
Full training images (size = 50k) Lsc /‘ Trajectory I
I

3 for each distillation step do
4 Sample smooth expert trajectory 7 ~ {7;} with

7= {0}

5 Choose random start epoch, t < 7, ;
6 Perturb weight on initial expert model with

7 :={0;}; // Method IV-D2

7 Initialize student network with expert parameters

ét =0

8 for n =1 to N do

12

13
14

15

16 end

Sample a mini-batch of distilled images:
bt+n ~ Dsyn;

Compute the cross-entropy loss based on
Eq. (21). ;

Get v based on Eq. (20) and balance £;r.:

fprp =v x €y // Method IV-C2

Update student model:
Orini1=0n—aVipyr;

if nin {£} then

Calculate intermediate matching loss

N 2 2
N = s
// Method IV-D1

end

17 Get the final loss £ = Zsi Bi x Ly ;
18 Update D,,,, and o with respect to L

19 end



Main Results

IPC CIFAR-10 CIFAR-100 Tiny ImageNet
1 10 50 1 10 50 1 1
Full Dataset | 84.820.1 | 56.220.3 | 39.520.4

Random 14.422.0 26.0+1.2 434+1.0 42+03 14.6£0.5 30.00.4 1.4£0.1 5.0£0.2
Herding [8] 21.5+1.2 31.620.7 40.420.6 8.40.3 17.3x0.3 33.720.5 2.8+0.2 6.3+0.2
Forgetting [9] | 13.5+1.2 23.31.0 23.3+1.1 45202 15.1+0.3 30.5+0.3 1.620.1 5.1+0.2

DC [26] 28.340.5 44.9+0.5 53.9+0.5 12.840.3 25.2+0.3 - - -
DM [27] 26.0£0.8  48.9:0.6 63.0£0.4 11.4£0.3 29.7+0.3 43.6+0.4 3.9£0.2 12.9+0.4

DSA [36] 28.8+0.7 52.120.5 60.620.5 13.9£0.3 32.3203 42.8+0.4 - -

CAFE [39] 30.3+1.1 46.3+0.6 55.5+0.6 12.9+0.3 27.8+0.3 37.9+0.3 - -
FRePo [33] 45.140.5 59.1+0.3 69.6£04 | 2594017  40.9+0.1 - 135+0.17  20420.1
MTT [22] 46.220.8 65.420.7 71.620.2 243£0.3 39.7+0.4 477402 8.8+0.3 23.240.2
TESLA [24] | 485+087  66.4+0.8 72.620.7 24.8+04  41.7x0.3 47.9+0.3 9.8+0.4 24.4+0.6
FTD [23] 468403  66.6:037  73.82027 252402  434+03Y 5072031 10403  24.5202F
Ours | 48.8+0.9 67.1:0.4 74.6+0.5 | 26.6:04  44.4:0.6 517407 | 13.7+14 25.7+1.1

TABLE III: Performance comparision trained with 128 width-ConvNet [49] to other state-of-the-art methods on the CIFAR and Tiny ImageNet. We cite the
reported results from Sachdeva er al. [11] and Du et al. [23]. IPC: Images Per Class. Bold digits represent the best results and 1 refers to the second-best

results among all the methods..

Evaluation Model
ConvNet ResNet VGG AlexNet
o DC 53.94+0.5 20.8+1.0 38.8+1.1 28.7+0.7
S CAFE 55.5+0.4 25.3+0.9 40.5+0.8 34.0+£0.6
S MTT | 71.6+02 619+07 554408  48.2+1.0
p= FTD 73.840.2 65.7+0.3 58.4+1.6 53.8+0.9
Ours 74.6+0.5 67.3+04  60.3+0.5 56.7+0.3

TABLE IV: Generalization testing of different architectures on CIFAR-10
dataset with IPC 50.

P ImageNette ImageWoof ImageFruit ImageMeow
1 10 1 10 1 10 1 10
Full dataset 87.4+1.0 67.0+1.3 63.9+2.0 66.7+1.1
MTT [22] |47.7409 63.0+1.3 | 28.6+0.8 35.8+1.8 | 26.6+0.8 40.3+1.3 | 30.7+1.6 40.4+2.2
FTD [23] | 52.2+1.0 67.7+0.7 | 30.1£1.0 38.8+1.4 | 29.1+0.9 44.9+1.5 | 33.8+1.5 43.3+0.6
Ours 53.1+0.8 68.4+1.2 | 31.6x0.6 39.5+1.5 | 30.0+1.2 45.4+1.5 | 34.6+1.5 44.9+1.7

TABLE V: Applying our methods to 128 x 128 resolution ImageNet subsets.
Bold digits represent the best results.

Dataset Image per class | 1 Iter. (sec) | 1k Iter. (min) 5k Iter. (min)

1 0.5 83 41

CIFAR-10 10 0.6 11 50
50 09 15 75

1 0.6 11 50

CIFAR-100 10 0.85 14 70
50 1.97 33 163

. 1 1.15 20 95
Tiny ImageNet 10 242 40 200

TABLE VI: Distillation time for each dataset and support IPC.
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Extremely high compression: 1 image per class

Apple fish baby bear beaver bed bee beetle




Towards Lossless Dataset Distillation via Difficulty-Aligned
Trajectory Matching (ICLR 24)

Acc. (%)
Distillation ~ generate add 90
filgorithm — © [y = | 9 2 | pememeeemeegpea—-lTT oo
Patt Synthetic Dataset
train (b) Normal atlemns y
70
generate ] add — = Full Dataset
—8— Random
50 1 =&~ DM
- , . Easy Patterns Small Synthetic Dataset = DSA
Large Original Dataset Small Synthetic Dataset Distillation —e— DC
Algorithm —4— FTD
- l —=— Qurs
optimize 8 30 - . . . .
generate |1} add 10 50 500 1000 2000
Distillation el IPC
Algorithm . .
(a) (c) Ours Hard Patterns Large Synthetic Dataset (d) Performance Comparison

Figure 1: (a) Illustration of the objective of dataset distillation. (b) The optimization in dataset distillation can be
viewed as the process of generating informative patterns on the synthetic dataset. (¢) We align the difficulty of
the synthetic patterns with the size of the distilled dataset, to enable our method to perform well in both small and
large IPC regimes. (d) Comparison of the performance of multiple dataset distillation methods on CIFAR-10 with
different IPC. As IPC increases, the performance of previous methods becomes worse than random selection.



Vision-Language Dataset Distillation (arxiv 24)

Image-Label Image-Basis " Vision-Language
labels distilled images labels Basis distilled images distilled text embeds distilled images
- i " - “a cat figurine set in the 4
cat cat bathroom by a toilet” i
— . 01 -0.4
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dog y-* dog through shallow water”
. 101 04

“surfer surfing in a
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beautiful texture”
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Figure 1. Dataset Distillation Comparison. (Left) Prior dataset distillation methods (Wang et al., 2018; Cazenavette et al., 2022; Nguyen
et al., 2020) are class-specific: they distill the key information for each individual discrete class. (Center) Even the recently developed
method (Deng & Russakovsky, 2022), which enables information sharing between classes through learned bases, still assumes a discrete
set of classes. (Right) In contrast, we set out to distill vision-language datasets with no discrete classes; we do so via a novel method

which jointly distills the images and texts.




Vision-Language Dataset Distillation (arxiv 24)

Bi-Trajectory-Guided Co-Distillation

The approach consists of two stages:

1. Obtaining the expert training trajectories {T*} with each trajectory 7° = {6’;" ?zﬂ, by training multiple models for 1" epochs on the
full dataset D. For our multimodal setting, the models are trained using bidirectional contrastive loss.

2. Training a set of student models on the current distilled dataset D using the same bidirectional contrastive loss, and then updating
the distilled dataset D based on the multimodal trajectory matching loss of the student models' parameters and the optimal 6”.

contrastive image trajectories
Image loss
Encoder .\‘ . P
e / joint
D | embeddin i i i
_— \ distilled g bi-trajectory matching loss
distilled pairs space
sets ™ text trajectories S
“the cat looks Text:ii {_) Ot YO ..'
away fromthe 0 . v’ :
person next to it" Encoder contrastive :
loss R Y
.-"':T"
# pretrained and frozen pretrained and trainable projection layer, train from scratch --@--  Expert Trajectory —e— Student Trajectory

update distilled set



Vision-Language Bi-Trajectory Matching

Following the MTT formulation, we randomly sample M image-text

pairs from D to initialize the distilled dataset D (more details can be
found elsewhere). We sample an expert trajectory (i.e., the trajectory
of a model trained on the full dataset) 7% = {9* 0 and a random

starting epoch s to initialize 95 = 0%

We train the student model on the distilled dataset for R steps to
obtain 95+f2- We then update the distilled dataset based on

multimodal trajectory matching l0ss £irqjectory COMputed on the

accumulated difference between student trajectory and expert
trajectory:

— 07 2

trt,s+ R ‘ ‘ 2

2= Oimgasnllz 110

Hgimg}s+R img,

o= e

2
img,s emgis—l—R”2

txt, 5+R

12 trajectory —

” trt,s a:ts—l—R”Z

We update the distilled dataset by back-propagating through multiple (

R) gradient descent updates to the D specifically, image pixel space
and text embedding space. We |n|t|aI|ze the continuous sentence
embeddings using a pretrained BERT model and update the distilled
text in the continuous embedding space. For the distilled image
optimization, we directly update the pixel values of the distilled
images.

Vision-Language Dataset Distillation (arxiv 24)

—e—  Expert Trajectory

. Student Trajectory

Stage 1: Expert training OZ;
P,
Hf o

Py Y ;
— L / e - /"."\‘T__T'
— },_

if

Stage 2: Distillation ’glr' O

e _ .j trajectory



Taxonomy of existing approaches

A bilevel optimization problem.

* Nested loop: The inner-loop typically optimizes a representative learning algorithm on the data
summary, and using the optimized learning algorithm, the outer-loop optimizes a tractable proxy of

Minimum.

* Existing approaches:
* Meta-model matching
* Gradient matching
* Distribution matching
e Trajectory matching

[ Data Distillation J

N

—

Meta-Model

Matching
DD, KIP, RFAD,

FREPO, LINBA,
DiISTILL-CF

Gradient
Matching
DC, DSA, DCC,

IDC, GCoND,
DosCoND

Distribution
Matching
DM, CAFE,

IT-GAN, KFS,
GCDM

Trajectory
Matching

MTT, HABA,
TESLA
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Squeeze, Recover and Relabel: Dataset Condensation at ImageNet Scale
From A New Perspective (NeurIPS 23)

Decouple the bilevel optimization process: pretrained model assisted DD

LI‘CCOVEI‘

‘Cbilevel
(I) joint (I) decoupled

Figure 2: Overview of our framework. It consists of three stages: in the first stage, a model is trained
from scratch to accommodate most of the crucial information from the original dataset. In the second
stage, a recovery process is performed to synthesize the target data from the Gaussian noise. In the
third stage, we relabel the synthetic data in a crop-level scheme to reflect the true label of the data.
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e.g. ImageNet-1K
2. Cross model architectures.
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Squeeze, Recover and Relabel: Dataset Condensation at ImageNet Scale
From A New Perspective (NeurIPS 23)

An inversion process towards neural network. Borrowed from Deeplnversion [1].

* How neural network compress and
memorize large-scale dataset?

* Project original data to feature maps.
f(@) ) “
cRP —5 2z ¢ R?

* (Can be viewed as an implicit compression

process. Ren(®) = D llm(@) —E (i | Tll, + Z o7 (@) HE (o7 | T)|,
* Whether can we explicitly re-construct the . ’ )
low-dimensional information from the £ H’%"" 22 H(’z
neural network? : ch«zk g~ ! a{ck vey
p f(=x) d D where [ is the index of BN layer, () and o; (:1:) are mean and variance. BN and BN} are
reRY — 3y zeeR % T eER running mean and running variance in the pre-trained model at [-th layer, which are globally counted.

* Don’t use the surrogate like before.

* Instead by aligning the BN statistics (mean and
variance), syn data are compelled to encapsulate a
portion of original image distribution.

[1] Yin, Hongxu, et al. "Dreaming to distill: Data-free knowledge transfer via deepinversion." CVPR. 2020.



Squeeze, Recover and Relabel: Dataset Condensation at ImageNet Scale
From A New Perspective (NeurIPS 23)

Main results.
Dataset IPC  MTT[1] TESLA[11] TESLA[11](ViT) TESLA[11](R18) SRe?L (R18) SRe’L (R50) SReZL (R101)
T 90 280403 i} - 41.110.4 42.240.5 42.540.2
y- 100 _ i - 49.740.3 51.240.4 51.54+0.3
10 64.0+13"1  17.8+13 11.04+0.2 7.740.1 21.340.6 28.440.1 30.940.1
- 27.94+12 - - 46.840.2 55.64+0.3 60.840.5
100 - 52.840.3 61.0+0.4 65.840.2
200 - 57.040.4 64.6+0.3 65.940.3

Table 4: Comparison with baseline models. T indicates the ImageNette dataset, which contains only
10 classes. TESLA [11] uses the downsampled ImageNet-1K dataset. Our results are derived from the
full ImageNet-1K, which is more challenging on computation and memory, meanwhile, presenting
greater applicability potential in real-world scenarios. The recovery model used is R18.



Squeeze, Recover and Relabel: Dataset Condensation at ImageNet Scale
From A New Perspective (NeurIPS 23)

Distillation animation.




Generalized Large-Scale Data Condensation via Various Backbone and
Statistical Matching (CVPR 24)

Augment recover process: Propose generalized matching to preserves the rich and diverse information
within the synthetic data.

—

BatchNorm

——
[ Channel] [Channel}
Var Mean

SRe2L
ImageNet-1k Top-1 Acc. 21.3%

|4
|

——t—
—t—
Channel Channel
Var Mean
[ Patch ] Patch
Var Mean
GV-BSM (OIII'S) Figure 11. Synthetic data visualization on ImageNet- 1k randomly selected from G-VBSM.

ImageNet-1k Top-1 Acc. 31.4%
TPC=10, evaluation model=ResNetl8)



Generalized Large-Scale Data Condensation via Various Backbone and
Statistical Matching (CVPR 24)

Augment recover process: Propose generalized matching to preserves the rich and diverse information
within the synthetic data.

Dataset IPC  MTT [1](CWI128) DataDAM [20] (CW128) TESLA [2](R18) SRe2L (R18) SRe2L (R50) SRe2L (R101) G-VBSM (R18) G-VBSM (R50) G-VBSM (R101)

Tinv-ImageNet 50 28.0+0.3 28.74+0.3 - 41.1+£0.4 422405 42.5+0.2 47.6+0.3 48.74+0.2 48.84+0.4
y g 100 - 49.7+£0.3 51.2+0.4 51.5+£0.3 51.0+0.4 52.14+0.3 52.3+0.1

10 64.0+1.3f 6.3+0.0 7.7+0.1 21.3+0.6 28.4+0.1 30.9+0.1 31.4+0.5 35.4+0.8 38.2+0.4

ImageNet-1k 50 - 15.5+0.2 - 46.8+0.2 55.6+0.3 60.8+0.5 51.8+0.4 58.74+0.3 61.0+0.4
100 - 52.8+0.3 61.0+0.4 62.8+0.2 55.7+£0.4 62.24+0.3 63.7+0.2

Table 4. Comparison with baseline models in Tiny-ImageNet and ImageNet-1k. T indicates the ImageNette dataset, which contains only
10 classes. DataDAM [20] and TESLA [2] use the downsampled 64 x 64 ImageNet-1k. We cite the experimental results from SRe2L [34].

Coreset Selection Training Set Synthesis (CW128) Training Set Synthesis (R18) | Whole Dataset
Random Herding K-Center Forgetting| DC [42] DM [41] CAFE [31] KIP[I5] MTT[!] DataDAM[20] G-VBSM | SRe2L G-VBSM (CW128)

10 [26.0£1.2 31.640.7 14.7£0.9 23.3+1.0 [4491+0.5 48.94+0.6 50.9+0.5 46.1£0.7 65.3£0.7 542+08 46.5+0.7 27.2£0.5 53.5+0.6

Dataset IPC

CIFAR-10 5 143411.0 404£0.6 27.01.4 233+1.1 |53.940.5 63.0404 623204 532407 716402 670404 543403 (475406  59.2404 84.8+0.1
1 | 42403 83403 84403 45402 [128403 114403 140403 120402 243403 145405 164407 ]2.0402 259405
CIFAR-100 10 |14.6405 173403 173403 15.140.3 |252403 297403 315402 40.1404 33.14-04 34.8405 38.7402(31.6405  59.5+0.4 562403

50 [30.0£0.4 33.740.5 30.5+0.3 - 30.6£0.6 43.6:04 47.7+0.2 - 429403 494403 45.7+0.4 |49.54+0.3 65.040.5

Table 5. Comparison with baseline models on CIFAR-10/100. All methods, except for SRe2L. and G-VBSM, use a 128-width ConvNet
(CW128) for data synthesis and evaluation. G-VBSM utilizes {CW128, WRN-16-2, ResNet18 (R18), ShuffleNetV2-0.5, MobileNetV2-
0.5} for data synthesis and {CW128, R18} for evaluation. We cite the experimental results, except for SRe2L’s, from DataDAM [20].




Dataset Distillation in Large Data Era (arxiv 23)

Augment relabel process: Apply Curriculum Data Augmentation to distill larger dataset.

Algorithm 1: Our Curriculum Data Augmentation
via RandomResizedCrop

Input: squeezed model ¢y, recovery iteration S,
curriculum milestone 7', target label y,
default lower and upper bounds of crop
scale (3; and (3, in RandomResizedCrop,
decay of lower scale bound ~

Output: synthetic image x

Initialize: =, from a standard normal distribution

for step s from O to S-1 do

if s < T then

a <
Bu if step
Bi+v*(By—s/T) if linear

Bir+y*(Bu+cos(mxs/T)) /2 ifcosine
else
| a<+ f

end

: x7 < RandomResizedCrop(xs,min_crop =

- SR . a,max_crop = f3,)

[ Optimizer at step s] synthetic x’; < x7 is optimized w.r.t ¢ and y in Eq. 6.

T o411 < ReverseRandomResizedCrop(x s, x’;)

[RPE

Figure 3: Curriculum data synthesis. end
return x < xgs




Generalizing Dataset Distillation via Deep Generative Prior (CVPR 23)
Use the learned prior from pre-trained deep generative models.

Distilled Latent Codes Synthetic Images

Generative Prior

(1 Per Class) (1 Per Class)
Final Deliverable Similar Test

oA

Generative Latent
Distillation

1

Performance

Train

Real Training Images
(1300 Per Class)

Figure 2. Rather than directly distilling a dataset into synthetic pixels (like all previous methods), our new method GLaD instead distills into
the latent space of a deep generative prior. This enforces a tuneable amount of coherence in the output synthetic images, leading to far better
generalization to new architectures.



Latent Dataset Distillation with Diffusion Models (arxiv 24)

Distilled c
Conditioning
Code
(T —1)x
Distilled Z Forward
Latent —y Diffusion —» |§]" —> —» tﬁ' Decoder
Code Process

Denoising U-Net

Similar Test

<Ferformance | Train | Synthetic i
Image

Fig. 1: Overview of the LD3M framework. Two components influence the generation
of the synthetic images: The distilled latent codes and the distilled conditioning codes.
The distilled latent codes are perturbated via Gaussian noise to the initial state zr.
Next, it is iteratively denoised (7" — 1) times with the pre-trained denoising U-Net of
the LDM. Within each computation of the intermediate state z:, we add a linearly
decreasing influence of zr to allow an enhanced gradient flow to the distilled latent
codes while making the conditioning also learnable. The pre-trained decoder translates
the final latent code zp back to pixel space. Note that LD3M can be used with any
existing distillation algorithm, e.g., DC, DM, or MTT.

Fig. 10: Images distilled by DC in LD3M for IPC=10 and ImageNet-B.




Application



Meta Knowledge Condensation for Federated Learning (ICLR 23)

One-shot FL.

- o e o o e e e mmn e e e e e e e e e e L, wm mmm s s e s s e e ~
Ve Decentralized Knowledge Condensation . \ [ ol Central Model Training \
I/ Z Knowledge Condensation I
1 & Optimization | |
8 =4 [ | — y |
| -
S el
I Z / \ g
Q | I Learnable e |
a | |
I LJ‘> - I:> éz - Constraint = %D I
P \ } I I 3 .
Z | | £ |
g D “ FL Model > &, - I <:| I | e |
6
| Z Dynamic Condensed || ]
\ : = Weights Knowledge I I
Active  Conditional / \ Uioniedss ]
\ C]lents Initialization P b, g s

Figure 1: Illustration of our pipeline, in which only three active clients are shown. In our method, the
local clients conduct meta knowledge condensation from local private data, and the server utilizes
the uploaded meta knowledge for training a global model. The local meta knowledge condensation
and central model training are conducted in an iterative manner. For meta knowledge extraction on

clients, we design two mechanisms, i.e., meta knowledge sharing, and dynamic weight assignment.

For server-side central model training, we introduce a learnable constraint.

1

17
138

Algorithm 1: FedMK

Input: Original data D; global parameters W generator parameter w¥; the communication
budget .
Qutput: Optimal W¢;
while not over the communication budget do
the server selects active clients C' uniformly at random, broadcasts W; to the selected clients
C.
r>Federated Meta Knowledge Extraction on selected clients C:
for all user ¢ € C in parallel do
we +— Wg:
fort =1, ..., #Round do
conduct the conditional initialization: sz — 'Dr 1.¢ ~randint[1,C], ¢ # ¢
calculate dynamic weights by Eq. 6;
generate e by Eq. 3;
end
send the D¢ to the server.
end
r>Global Model Training on the server:
update generator parameter w¥ by Eq. 9;
generate Dpseu by the updated generator G,
update global parameter W by Eq. 10.

end
return W¢ as W5




FedDM: Iterative Distribution Matching for Communication-Efficient Federated
Learning (CVPR 23)

Able to guarantee (&, 0)-differential privacy with the Gaussian mechanism.

Algorithm 1 FedDM: Federated Learning with Iterative
Distribution Matching

1: Imput: Training set D, set of synthetic samples S, deep
neural network parameterized with w, probability dis-
tribution over parameters P, training iterations of dis-
tribution matching 7', learning rate 7). and 7;.
Server executes:
for eachroundr =1,..., Rdo

for clientk =1,...,K do

S + ClientUpdate(k, w,.)
Transmit Sj. to the server

end for

Aggregate synthesized data from each client and

build the surrogate function by Equation 9
9:  Update weights to w1 on & by SGD with the learn-

ing rate 7,
10: end for
11: ClientUpdate(k, w,.):
12: Initialize Sy, from random noise or real examples.
13: fort =0,---, 7 —1do
14 Sample w ~ P, (w;)
15:  Sample mini-batch pairs BP* ~ Dy, and BS* ~ Sy
for each class ¢

16:  Compute L. based on Equation 8, £ <« ZS:_DI L.
17: Update S « Si — ﬂcvSkﬁ
18: end for

e AR

Figure 14: Synthesized images when no noise is added.

Figure 15: Synthesized images with o = 2



Privacy for Free: How does Dataset Condensation Help Privacy? (ICML 22)

A milestone for data-efficient and privacy-preserving machine learning.

* They identify the privacy benefit of DC and propose to use DC for efficient and privacy-preserving data

generation in machine learning pipeline.

* The synthetic dataset generated from random initialization is much more robustness against Membership

inference attacks (MIA).

* The privacy is for free due to the dataset distillation. DC- synthesized data are perceptually irreversible to

original data in terms of similarity metrics of L2 and LPIPS.

Privacy Barrier

Not accessible by adversary 1
-

o

i _—T——_— i:: S Train @‘Mm € T ’1—fAcc ~ 50%) !
E [()rlgmaj DC I|I Synthetic ‘@' _ i
i f_lftasf_t_,z i'i dataset | Analyse '-:?;Compare _& M' i
: ""b&;}'ﬁ}}jg}'"'"I'I"""""""""""Te?ﬁe?'""""""""""""I

Figure 1. DC-synthesized data can be used for privacy-preserving
model training and cannot be recovered through MIA and visual
comparison analysis.

Membership privacy (Loss-based MIA, DC with random initialization)

[Ux{x|XETmem LG <STH+|Ux{x | xETRSem L (x) 27}|

Advantage (%) =2 X (.

|Tmem|+|Trgem|

|Tn€em|= Tmem n Trr({em = @ and Tmem U Trr(iem =T

—50% ), where |Tem| =

¢GAN model can still
leak privacy (Chen et
al., 2020). Not private!

Takeaway: The advantage of loss-
based MIA is close to 0, indicating
the attack cannot effectively infer
data membership privacy.

Methods Tipe  FashionMINST CIFAR-10 CelebA
. cGAN 0.002 0.29 £0.89 —044+188 —-0.57x£0.97
(baseline, 0.01 0.18 +£1.21 —058+2.09 —-0.81x0.95
non-private)  0.02 0.04 = 0.70 —077+£1.59 —-047x1.22
0.002  —0.34£0.42 0.31+£193 —0.66£1.44
DM 0.01 —0.29 £ 0.48 1.06 £1.20  —0.56 £ 1.52
0.02 0.18 £0.53 0.72+0.70 —0.67+1.18
DSA 0.002 0.09 £+ 0.51 0.39 + 1.04 —-0.39 + 1.90
0.01 0.52 +0.55 1.27+1.71 —1.16 £0.90
KIP 0.002 —-113+1.84 0.25+£1.20 —0.56 +£1.07
(w/o zca) 0.01 —0.95 + 0.96 0.25+1.80 —1.51+0.69
KIP 0.002 —-0.56+2.02 —-064+1.8 —1.06=+1.10
(w/ zca) 0.01 —-1.69+1.96 —-022+£1.27 -—-1.80+1.91

Dong T, Zhao B, Lyu L. Privacy for Free: How does Dataset Condensation Help Privacy?[J]. arXiv preprint arXiv:2206.00240, 2022.



Privacy for Free: How does Dataset Condensation Help Privacy? (ICML 22)

Visual privacy:
Find the top 3 most similar images via comparison (L, norm & LPIPS).

Pipe = 0.002
g - q Takeaway: The adversary
C ; ; t KRS cannot recover raw data from
(73) -
OmpreS.SIOn ratio :" 01319 01442 _0iada —ggese - _ogsgr - 00953 ¢ Synthetic data by visual
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Backdoor Attacks Against Dataset Distillation (NDSS 23)

Naive backdoor attacks don’t have much effect.

Pre-defined
Trigger
Downstream

X
— FEENNEREEES ——

L Lreed] 4 415
EEONEANE L™
TAGEERENE—
I O e
NeFeENEAsee

Original Training
Dataset (X)

X/ \X
\ X/

Backdoored
Model

Fig. 2: Trigger insertion via NAIVEATTACK.

»

s 2 |

(a) Trigger image (b) DD distilled image (c) DC distilled image
Fig. 3: Illustration of pre-defined trigger used by the NAIVEATTACK
and samples of distilled images by DD and DC models. We use
airplane class from CIFARI10 for DD model to generate Figure 3b
and DC model to generate Figure 3c.

Inject directly.

Original Training IIal TeRgor
Dataset (X)

|

i Downstream
e —— s rEREEnEEss X |
SEENEANE L P S e (1)
=asnEnzess— 0 < —FENNSEEEEE X
1 O e >< - |
NeWeENEA<n P . o |

NSRS X
y ey - i Backdoored
Updated Trigger | Model

Fig. 4: Trigger updating on DOORPING.

(a) DD trigger image (b) DD training image

i

(d) DC trigger image (e) DC training image (f) DC distilled image
Fig. 5: Illustration of the optimized trigger by DOORPING attack
and samples of distilled images by DD and DC models. We use
the airplane class from CIFARI10 as our target backdoor class when
employing DOORPING.

Finetune trigger.



Backdoor Attacks Against Dataset Distillation (NDSS 23)

ASR results. On the other hands, prove that DD is robust to normal backdoor attacks.

DD AIexNet DC AIexNet DD ConvNet DC ConvNet

1.0 1.0 1.0 1.0

0.8 T 0.8 0.8 0.8
o 0.6 0.6 0.6 0.6
)
<

0.4 0.4 0.4 0.4

0.2 0.2 0.2 0.2

|
0.0 o 0.0 0.0 0.0
FMNlST CIFARlO STLIO SVHN FMNlST CIFARlO STL10 SVHN FMNlST CIFARlO STLlO SVHN FMNlST CIFARlO STLlO SVHN
" Clean Model NAIVEATTACK B DoorPiNG

Fig. 6: ASR of clean model, NAIVEATTACK and DOORPING for different distillation algorithms and different model architectures.



Potential direction

1. Vision-language dataset distillation.
« Use reconstruction method, such as BN statistic, conv channel statistic.
* Improve the efficiency of DD process.

2. Improve the cross-architecture ability and generalization capacity for various scale dataset.
3. Inverse the process: distill informative dataset from LM and use this to efficiently train small model.

4. Back to reconstruction attack:
* We see the potential of this DD techniques and know the origin of DD from DLG. How about back to reconstruction?
* E.g. Understanding Reconstruction Attacks with the Neural Tangent Kernel and Dataset Distillation (Noel Loo et al.,
ICLR 2024)

5. In FL scenario, is it really safe to transmit meta-knowledge? If safe, can have better method to prove? If not,
privacy problems can be explored.

6. Connected with Explainable Al

* E.g. Help explain fine-grained classification problem.



Integrated Gradients (IG) Method

What’s IG: using integrated gradients and comparing with the baseline to attribute feature.

...accumulate local gradients

« Integrated gradients is inspired by the Difference fom baseline 1 @+ af; — )
Aumann-Shapley value, which provides a I (f, @, ) = (z; — ;) X / S da
theoretically grounded way to determine Le=0 i
how much different groups of From baseline to input. ..
partICIPantS Contrlbute tO the SyStem' (1): Interpolated Image (2): Gradients at Interpolation  (3): Cumulative Gradients 54): Sum of Cumulative Grads

po
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* Focus on the missingness that contributes to
the final result.
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* Steps:
* Select a baseline

* Interpolate the image between baseline and e ;
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Mean Cumulative Sum of Gradients

alpha = 0.60

Baseline Input x' Segmented Image Original Image Integrated Gradients Attributions

* Problems:
e Hard to well-defined a notion of
missingness towards a DL models.
* Like ‘Why doesn’t the attribution for “killer

whale” highlight the black parts of the killer
whale?’

8o




Usage 1n the XAIL: DD + IG

Use distilled images as baseline and explain why network can achieve fined-grained classification.

* Assumed steps:
* Find a hierarchical dataset, which labels contain a coarse and fined annotation.
 Distill the dataset using coarse labels and get distilled dataset (image per class=1).
* Train a neural network to classify the fined annotated dataset.
* View distilled image as baseline and then interpolate the image between baseline and original image.
* Use IG method to explain why network can make the proper prediction.

* Potential advantages:

* Distilled images are highly abstract, helping people understand why local and tiny features can make model do fined -
grained task.

» Serve well as a notion of missingness in IG because DD is a machine learning method and focuses on the coarse
dataset.
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