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Abstract

Token compression methods focus on scenario when training and

inference compression degrees are consistent ( 1© & 4©).

Performance significantly degrades when compression degrees in

training and inference are not equal ( 2© & 3©).

After directly inserting our ToCom without re-training, the

performance is recovered.
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Motivation

The greater the disparity between the compression degrees during

training (source degree) and inference (target degree), the more the

performance degradation.
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However, the gap between models with different source degrees is

transferable across tasks. MDA
m denotes model trained with source

degree m on dataset DA, then

MDA
m − MDA

n + MDB
n ≈ MDB

m . (1)

Evidence: Evaluated on DB with target degree 16 (ToMe merges 16

tokens per layer). DA is CIFAR100.

Dataset DB MDB
0 MDA

16 − MDA
0 + MDB

0
CUB-200-2011 82.4 83.2

Stanford Cars 87.6 87.9

Stanford Dogs 89.5 90.3

Oxford Flowers 89.6 91.2

Method

We intend to find a universal plugin to compensate for the gap be-

tween models with different source degrees on any datasets.

Mm ⊕ Pm→n = M′
n ≈ Mn. (2)

Challenge: 16 × 17 choices of (m, n) in Eq. 2 for DeiT-B + ToMe,

significant training and storage overheads for all Pm→n.

Use LoRA as Pm→n{
WM′

n
= WMm

+ s · AB, if W ∈ {Wq, Wv},

WM′
n

= WMm
, otherwise,

(3)

Estimate the gap between models only at adjacent compression

degrees. When n > m:

Mm ⊕

n−1⊕
i=m

Pi→i+1

 = M′
n ≈ Mn. (4)

Suppose the gap between models is invertible, Pn→m = 	Pm→n.

When n < m:

Mm 	

m−1⊕
i=n

Pi→i+1

 = M′
n ≈ Mn, (5)

Pre-training with self-distillation on ImageNet for only 10 epochs.

Only the plugin P is trainable.

L =

LKD

(
M̂m ⊕

(⊕n−1
i=m Pi→(i+1)

)
, M̂n

)
, if n > m

LKD

(
M̂m 	

(⊕m−1
i=n Pi→(i+1)

)
, M̂n

)
, if n < m

(6)

in which m and n are randomly sampled in each step satisfying m 6= n.
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Experiments

DeiT-B, ToMe, source r < target r
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VTAB-1K Natural Specialized Structured

Avg.

Acc.
∆ Avg.

Acc.
∆ Avg.

Acc.
∆

Target r = 16 (1.9× inference speedup)

Source r = 0 73.7 80.0 56.7

+ToCom 75.8 +2.1 83.6 +3.6 57.9 +1.2

Source r = 4 74.0 81.0 57.2

+ToCom 75.7 +1.7 83.8 +2.8 58.0 +0.8

Source r = 16 75.5 83.6 58.8

Target r = 12 (1.5× inference speedup)

Source r = 0 75.9 82.8 58.6

+ToCom 76.6 +0.7 84.5 +1.7 59.1 +0.5

Source r = 4 76.0 83.5 58.8

+ToCom 76.5 +0.5 84.5 +1.0 59.2 +0.4

Source r = 12 76.5 84.1 59.3

DeiT-B, ToMe, source r > target r

VTAB-1K Natural Specialized Structured

Avg.

Acc.
∆ Avg.

Acc.
∆ Avg.

Acc.
∆

Source r = 16 (1.9× training speedup)

Target r = 0 76.0 84.0 57.8

+ToCom 76.4 +0.4 84.6 +0.6 59.2 +1.4

Target r = 4 76.0 84.2 57.9

+ToCom 76.3 +0.3 84.6 +0.4 59.2 +1.3

Target r = 16 75.5 83.6 58.8

Source r = 12 (1.5× training speedup)

Target r = 0 76.9 84.5 59.1

+ToCom 77.0 +0.1 84.9 +0.4 59.4 +0.3

Target r = 4 76.8 84.6 59.2

+ToCom 76.9 +0.1 84.9 +0.3 59.5 +0.3

Target r = 12 76.5 84.1 59.3
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