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Dataset Distillation technology aims to synthesize a small-scale, high-information-
density core data set to replace the huge original data set for efficient training.

Match Training Trajectory method optimizing the synthetic dataset makes
the training trajectory of the model on the synthetic dataset approximate
the training trajectory on the real dataset.

T is the trajectory to match.
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Simply increasing T+ will cause the distillation effect to decrease. We
found that this is due to the different knowledge contained in the
trajectories at different stages, and the gradients are also quite different.
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To this end, We proposed PTM-ST. We divided the distillation into several stages, and
each stage used different interpolation trajectories as guidance, which effectively
alleviated the problem of stage gaps.

Algorithm 1 Distillation: Phased Teacher Model with Shortcut-Trajectory

Input: Real dataset X', ). Size, iteration, matching range, interpolation endpoint of each subset:
{(Np, I, T, r, tp)};;:l‘Decay parameter «.learning rate -y.Synthesis steps ¢, expert epochs A7".

f4 o e
Output: A series of synthetic datasets: D1,Ds, ..., Dp.

1: Generating synthetic subsets:

2: forp=1,2,...,Pdo

3:  Initialize X, Y, by real data, S, = I, (identity matrix). DY = (X, V,, Sp)
4 Calculate Shortcut-Trajectory {9;’,, e, H;Jr} based on 0y and 0,,

50 fori=1,2,...,1,do i i

6: Sample an initial network parameter 6%, in {9;; s 9;; }

7 Train the network for ¢ steps on 15,, to é#

8 Compute MTT loss Lyrr = |05 — 0%, A7l12/1160% — 05 ar?

9 Gradient descent: .f,, <+ .2?,, — 'yXV/{,P Ly, J7p <+ 37,) — wvj—}p Lamrr,s

Sp *— gp - ’“/SvgpACMTT
10: EMA: D} < (X, Vp, Sp), D < oDit + (1 — a)D},
11: end forAI
12: D,, < Dy’

s://github.com/Previsior/PTM-ST
s://arxiv.org/abs/2603.25388

ce: https://huggingface.co/datasets/Previsior22/PTM-ST
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Table 3: Results on LLaVA-cc3m dataset. The metrics for training model on the full dataset are
IR@1=9.3, IR@5=25.9, IR@10=36.5; TR@1=9.8, TR@5=26.4, TR@10=37.3.

Pairs | LoRS | Ours
|IR@l IR@5 IR@I0 TR@I TR@5 TR@I0 | IR@ IR@5 IR@I0 TR@! TR@S TR@10
100 [ 12 46 7.7 17 6.9 1.4 23 82 132 29 100 159
200 | 14 53 8.7 24 85 136 27 97 158 37 1.9 184
500 | 1.7 62 101 25 8.7 138 33 114 179 4l 132 19.9
Table 4: Various ablation studies with 500 pairs on Flickr30k and COCO.
Flickr IR@K Flickr TR@K COCOIR@K | COCOTR@K
. 15 10 ‘ 1 s 101 5 101 5 10
(1) BASE (N/A) 162 394 540 [ 34 117 191 |42 138 208
(2) EMA 162 406 543 |35 123 198 |40 136 208
(3) PTM 196 432 555 |42 142 226 |48 151 234
@ ST 195 451 593 |49 159 247 |48 151 238
(5) PTM +EMA 188 450 585 |45 148 231 |48 157 243
(6) ST +EMA 197 467 603 |52 170 263 |50 158 240
(7) PTM+ST 223 505 646 |63 200 30262 199 298
(8) OURS(PTM + ST + EMA) 229 51.6 649 | 66 205 30.7 | 69 20.1 30.0

The experimental results prove the effectiveness of our method, and the
effectiveness of each module is verified through ablation experiments.
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» Dataset Distillation technology aims
to synthesize a small-scale, high-
information-density core data set to
replace the huge original data set for
efficient training.

» Match Training Trajectory method
optimizing the synthetic dataset
makes the training trajectory of the
model on the synthetic dataset
approximate the training trajectory
on the real dataset.



Switch to train on
distilled data Dsyy,
Iteration 1

Network Optimization Trajectory
ﬁ Train on real data (expert)
———= Train on distilled data

Iteration N < M

Constraint: Similar weights
Loss(Dx,,) := Distance(#, v ,0), 1)
@@ cee

Iteration t+M

Train on real data
Iteration £

T: 90,91’.-.’OT_7.--,9T+,---70n
N s
N
matching range
R-mean of Teacher vs Student Gradient Directions In 2D PCA Space
m Teacher
551 um Student
7
* 5 6
45
40
4
35 3+
0
30
= 2 4 8 10

6
Epoch

» Match Training Trajectory method optimizing the synthetic
dataset makes the training trajectory of the model on the
synthetic dataset approximate the training trajectory on the
real dataset.
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» T is the trajectory to match.
MTT will specify a matching range T~ ~T ™.

> Simply increasing T* will cause the distillation effect to
decrease. We found that this is due to the different
knowledge contained in the trajectories at different
stages, and the gradients are also quite different.
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To this end,

We proposed PTM-ST.
We divided the
distillation into several
stages, and each stage
used different
interpolation
trajectories as guidance,
which effectively
alleviated the problem
of stage gaps.



Algorithm 1 Distillation: Phased Teacher Model with Shortcut-Trajectory

Input: Real dataset A, y Size, iteration, matching range, interpolation endpoint of each subset:
{(Np, I,, T, , T\, tp)} [, .Decay parameter «,learning rate ~.Synthesis steps ¢, expert epochs AT

Output: A series of synthetlc datasets: Dy, Ds, ..., Dp.
1: Generating synthetic subsets:
2: forp=1,2,...,Pdo S
3:  Initialize Xp, yp by real data, S, = I (1dent1ty matrix). DO e pes Moy i )
4:  Calculate Shortcut-Trajectory { 9p _ T+} based on 6 and 0,
r P
50 for:=1,2,...,1,do
6: Sample an initial network parameter 07 in {07 _,... 0 . }
T Train the network for ¢ steps on D,, to 6%,
8: Compute MTT IOSS~EMTT = 6% — 9?+AT||2/~||91} 19?+AT||2
9: G~radien~t descent: A, < Xp —yaV g Lvrr, Vp < Vp — 7y Vy Lwrr,
Sp < Sp —1sVg, EMTT
10: EMA: D « (Xp,yp, ), Db+ oDyl + (1 — a)D?,
11:  end for_

12; D — D Iy
13: end for




~m- RAND —4&- MTT-VL ~®- LoRS == PTM-ST (Ours)

Flickr30K - Image Retrieval Flickr30K - Text Retrieval
50 Table 3: Results on LLaVA-cc3m dataset. The metrics for training model on the full dataset are
IR@1=9.3, IR@5=25.9, IR@10=36.5; TR@1=9.8, TR@5=26.4, TR@10=37.3.
40
Pairs | LoRS | Ours
%30 | R@1 IR@5 IR@10 TR@! TR@5 TR@I10 | [R@1 IR@5 IR@I0 TR@1 TR@5 TR@I10
g 100 1.2 4.6 7.7 1.7 6.9 11.4 2.3 8.2 13.2 2.9 10.0 15.9
= 200 | 1.4 53 8.7 24 8.5 13.6 2.7 9.7 15.8 3.7 11.9 18.4
20 500 | 1.7 6.2 10.1 25 8.7 13.8 33 11.4 17.9 4.1 132 19.9
10
100 200 500 100 200 500
Number of Distilled Pairs Number of Distilled Pairs
MS-COCO - Image Retrieval MS-COCO - Text Retrieval ) ) ) ) ) )
- Table 4: Various ablation studies with 500 pairs on Flickr30k and COCO.
Flickr IR@K Flickr TR@K COCO IR@K COCO TR@K
2 No. Model 1 s 10 | 1 s 101 5 101 5 10
20 (1) BASE (N/A) 122 330 457|162 394 54034 117 19.1 |42 138 208
= (2) EMA 129 337 463|162 406 543 |35 123 198 |40 13.6 208
® (3) PTM 134 352 481|196 432 555 |42 142 226 |48 151 234
& 15 4) ST 142 37.8 508 | 19.5 451 593 |49 159 247 |48 151 238
(5) PTM + EMA 143 377 507 | 188 450 585 |45 148 231 |48 157 243
10 6) ST+ EMA 154 383 514|197 467 603 |52 170 263 |50 158 240
(7) PTM +ST 154 388 522|223 505 64.6 |63 201 302 |62 199 29.8
= (8 OURS(PTM + ST + EMA) | 155 39.6 53.6 | 229 51.6 649 | 6.6 20.5 30.7 | 69 20.1 30.0
100 200 500 100 200 500
Number of Distilled Pairs Number of Distilled Pairs

The experimental results prove the effectiveness of our method, and the effectiveness of each module is verified through ablation experiments.



