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A. Datasets

Pre-training Datasets. CC3M [25] and CC12M [3] are two
public image-text datasets, which are widely used in efficient
CLIP [10, 18, 28]. Originally, CC3M and CC12M datasets
consist of around 3.3M and 12.4M image-text pairs, respec-
tively. However, since some URLs have become invalid, we
use all valid samples from each dataset, 83.0% and 81.9% of
the original CC3M and CC12M, respectively. The details are
shown in Table A. We incorporate long captions generated
by MLLM from [28] to enhance the diversity of captions.
Specifically, for each image, we select additional 15 sub-
captions split from the long caption to augment the original
raw data. In this way, we can expand the 2.7M image-text
pairs in CC3M to approximately 44.1M image-text pairs,
and the 10.2M in CC12M to approximately 162.8M image-
text pairs. We then combine the augmented CC3M and
augmented CC12M to the final Merged-15M, which consists
of 206.8M image-text pairs. Under such scales, the models
pre-trained by the baseline can significantly move towards
the results pre-trained on extremely large datasets, such as
LAION-400M [23]. This approach allows us to achieve
plausible acceleration ratios.

Table A. CC3M, CC12M and our Merged-15M datasets used for
pre-training in this paper. Note that we only report the number
of samples in the training set.

Dataset # Total Pairs # Collected Pairs # Augmented Pairs

CC3M 3,318,333 2,753,427 44,054,832
CC12M 12,423,374 10,173,631 162,778,096
Merged-15M - 12,927,058 206,832,928

Zero-shot Classification and Retrieval Datasets. As we
mentioned in the main paper, we follow the standard eval-
uation protocols [6] for all datasets: ImageNet-1K [7] for
zero-shot classification, COCO [15] for zero-shot image-text
retrieval, and VTAB+ [24] for testing zero-shot transfer capa-
bilities. Specifically, VTAB+ is one of the largest zero-shot
benchmarks so far, which consists of 35 datasets, as shown
in Table B. The evaluation is conducted on the official CLIP
benchmark [5].
Datasets for Open-vocabulary Semantic Segmentation
Tasks. We follow the training and evaluation protocol of
SAN. i) We train the model on the training set of COCO-
Stuff [2], which contains 118K images with 171 annotated
classes. ii) We test the model on ADE-847 [30], ADE-150
[30], PC-459 [21], PC-59 [21], and VOC-20 [9]. Specifi-

Table B. Datasets in VTAB+ with abbreviations and test sizes.

Dataset Abbr. Test size

ImageNet-1K - 50,000
ImageNet-v2 - 10,000
ImageNet-R - 30,000
ImageNet Sketch - 50,889
ObjectNet - 18,574
ImageNet-A - 7,500
CIFAR-10 - 10,000
CIFAR-100 - 10,000
MNIST - 10,000
Oxford Flowers 102 Flowers 6,149
Stanford Cars Cars 8,041
SVHN - 26,032
Facial Emotion Recognition 2013 FER2013 7,178
RenderedSST2 RSST2 1,821
Oxford-IIIT Pets Pets 3,669
Caltech-101 - 6,085
Pascal VOC 2007 Classification VOC2007 14,976
SUN397 - 108,754
FGVC Aircraft Aircraft 3,333
Country211 - 21,100
Describable Textures DTD 1,880
GTSRB - 12,630
STL10 - 8,000
Diabetic Retinopathy Retino 42,670
EuroSAT - 5,400
RESISC45 - 6,300
PatchCamelyon PCAM 32,768
CLEVR Counts - 15,000
CLEVR Object Distance CLEVR Dist 15,000
DSPRITES Orientation DSPRITES Orient 73,728
DSPRITES Position DSPRITES pos 73,728
SmallNORB Elevation SmallNORB Elv 12,150
SmallNORB Azimuth SmallNORB Azim 12,150
DMLAB - 22,735
KITTI closest vehicle distance KITTI Dist 711

cally, ADE-150 and ADE-847 have the same 2K validation
images, but have different numbers of categories, 150 and
847 annotated classes, respectively. Similarly, PC-59 and
PC-459 have 5K validation images, but have 59 and 459
classes, respectively. And VOC-20 contains 1449 images
with 20 classes.

Datasets for Vision-Language Tasks. The training process
of LLaVA-1.5 [17] consists of two main stages: quick feature
alignment training and visual instruction fine-tuning. For
feature alignment training, we utilize the LLaVA-Pretrain
LCS-558K dataset [17], comprising 558K image-text pairs
filtered from the original LAION [24], CC12M [3], and
SBU [22] datasets, with BLIP-generated captions [13]. Sub-
sequently, visual instruction tuning is performed using the



Table C. Detailed settings of baseline pre-training and chain-of-models pre-training on CC3M and Merged-15M datasets.

(a) Baseline training strategy.

Configuration Setting

Dataset CC3M | Merged-15M

Batch Size 1024
Optimizer AdamW
Optimizer Hyper-Parameters β1, β2=(0.9, 0.98), ϵ=1e-8
Learning Rate Schedule Cosine Decay
Initial Learning Rate 1e-3
Weight Decay 0.1
Training Epochs 128|64
Warmup Iterations 8000
Precision AMP

(b) CoM-PT training strategy.

Configuration Setting

Dataset CC3M | Merged-15M

Batch Size 1024
Optimizer AdamW
Optimizer Hyper-Parameters β1, β2=(0.9, 0.98), ϵ=1e-8
Learning Rate Schedule Cosine Decay
Initial Learning Rate 1e-3
Weight Decay 0.1
Training Epochs In Table D
Warmup Iterations 1000
Precision AMP

Table D. Training epochs for different models in main experi-
ments.
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LLaVA-Instruct-150K dataset [17], which contains 150K
GPT-4-generated multimodal instruction-following samples
[1]. We assess the model’s performance across several down-
stream tasks: TextVQA [26], which evaluates the model’s
ability to read and reason about text within images; Sci-
enceQA [20], a benchmark with multimodal multiple-choice
science questions testing the model’s scientific reasoning
capabilities; POPE [14], designed to evaluate object hal-
lucination in vision-language models; and VQAv2 [11], a
dataset containing open-ended questions about images, re-
quiring models to integrate visual understanding, language
processing, and commonsense knowledge.

B. Experimental Setups

B.1. Contrastive Language Image Pre-training
Compute Infrastructure. All experiments are conducted
on a single node equipped with 8× NVIDIA A100 (80GB)
GPUs.
Implementation Codebase. Our chain-of-models pre-
training is implemented using the OpenCLIP framework [6].
Hyper-parameter Settings. The training loss for our exper-
iments is defined in Equation 1 and Equation 4 of the main
paper, which only has one hyper-parameter α. Based on the
results in the Section D.2, we choose α = 500 (correspond-
ing to r = 0.1 in Figure D) for all experiments.
Training Strategy. Following the standard training proto-
col of OpenCLIP [6], automatic mixed precision (AMP) is
applied as default. Besides that, to ensure fair acceleration
ratios, all experiments on CC3M and Merged-15M datasets

are typically conducted with the same setting, including data
processing pipeline, optimizer, initial learning rate, batch
size, etc. Details are shown in Table C.
Training Arrangement of CoM-PT. Derived from the abla-
tion study regarding training arrangement in Section 5.3.2 of
the main paper, we have summarized: "training epochs al-
location along the model chain decreases linearly as model
size increases exponentially." Following this principle, we
arrange the training epochs for each model as shown in Table
D. Notably, compared to the interpolated minimum epochs
on CC3M (23.45, 18.28, and 12.34 for ViT-S/16, ViT-B/16,
and ViT-L/16, respectively), we allocate additional epochs to
the largest model in practice to obtain superior performance
in the main experiments.

B.2. Side Fine-tuning on SAN

Compute Infrastructure. The experiments are conducted
on a single node equipped with 8× NVIDIA A100 (80GB)
GPUs.
Implementation Codebase. We conduct experiments using
the official repository of SAN [27].
Selection of Segmentation Frameworks and Backbones.
We choose SAN as the segmentation framework based on
the pre-trained ViT-B/16 and ViT-L/16 backbones.
Training Strategy. We directly use the official fine-tuning
strategy of SAN. Details are shown in Table E.

B.3. Visual Instruction Fine-tuning on LLaVA
Compute Infrastructure. The experiments are conducted
on a single node equipped with 8× NVIDIA A100 (80GB)
GPUs.
Implementation Codebase. We conduct the experiments
using the official repository of LLaVA [16, 17].
Selection of MLLM and Backbones. We select LLaVA-1.5-
7B [17] as the base MLLM, equipped with either ViT-B/16
or ViT-L/16 as the image encoder.
Training Strategy. The training consists of two stages. i)
In the first stage, we align the features of the image encoder



Table E. Detailed settings of fine-tuning on COCO-Stuff for open-vocabulary semantic segmentation tasks.

(a) SAN with ViT-B/16 backbone.

Configuration Setting

Segmentation Framework SAN
Backbone ViT-B/16
Feature Fusion Blocks 1-9
Mask Recognition Blocks 10-12

Input Resolution 640
Batch Size 32
Optimizer AdamW
Optimizer Hyper-Parameters β1, β2=(0.9, 0.98), ϵ=1e-8
Learning Rate Schedule Poly Decay
Initial Learning Rate 1e-3
Learning Rate Decay 0.9
Weight Decay 1e-4
Training Iterations 60K
Random Resize Crop ✓
Precision AMP

(b) SAN with ViT-L/16 backbone.

Configuration Setting

Segmentation Framework SAN
Backbone ViT-L/16
Feature Fusion Blocks 1-18
Mask Recognition Blocks 19-24

Input Resolution 640
Batch Size 32
Optimizer AdamW
Optimizer Hyper-Parameters β1, β2=(0.9, 0.98), ϵ=1e-8
Learning Rate Schedule Poly Decay
Initial Learning Rate 1e-3
Learning Rate Decay 0.9
Weight Decay 1e-4
Training Iterations 60K
Random Resize Crop ✓
Precision AMP

Table F. Detailed settings of feature alignment training and LoRA-based visual instruction fine-tuning.

(a) Feature alignment training.

Configuration Setting

Multi-Modality Large Language Model LLaVA-1.5-7B
Vision Encoder ViT-B/16 | ViT-L/16
Feature Alignment Projector mlp2x_gelu

Model Max Length 2048
LoRA Rank –
LoRA Alpha –
Per Device Batch Size 48
Gradient Accumulation Steps 1
Optimizer AdamW
Feature Alignment Projector LR 2e-3
LoRA LR –
Learning Rate Schedule Cosine Decay
Warmup Ratio 0.03
Training Epochs 1
BF16 ✓

(b) LoRA-based visual instruction fine-tuning.

Configuration Setting

Multi-Modality Large Language Model LLaVA-1.5-7B
Vision Encoder ViT-B/16 | ViT-L/16
Feature Alignment Projector mlp2x_gelu

Model Max Length 2048
LoRA Rank 128
LoRA Alpha 256
Per Device Batch Size 16
Gradient Accumulation Steps 1
Optimizer AdamW
Feature Alignment Projector LR 2e-5
Lora LR 2e-4
Learning Rate Schedule Cosine Decay
Warmup Ratio 0.03
Training Epochs 1
BF16 ✓

and the LLM by fully fine-tuning a lightweight two-layer
MLP vision-language connector. The experimental setup is
detailed in Table F(a). ii) In the second stage, we perform
efficient visual instruction fine-tuning on the Vicuna-7B-
v1.5 [29] using a LoRA-based [12] approach to enable its
capability in handling vision-related tasks. The correspond-
ing configuration is provided in Table F(b).

C. Architectural Specifications and Training
Complexity of VFM Families

C.1. Model Architectures

Recall that we chose the standard ViT family and the Swin
family in the main experiments. Detailed information about
these two model families is provided in Table G. Note that
the forward MACs are calculated based on 224×224 reso-
lution images and 77 text tokens. Yet, with the inclusion

of additional sub-captions, the forward MACs from the text
encoder become 4× than only using the original caption.

C.2. Calculation of Training Complexity

As we stated in the main paper, the training complexity Ct

comprises the forward complexity Cf , the backward com-
plexity Cb, and the parameter update complexity Cu concern-
ing both models and optimizers. The training complexity Ct

is formulated as:

Ct = Cb + Cf + Cu. (1)

Considering multiply–accumulate operations (MACs), the
backward complexity is approximately 2× larger than the
forward complexity for each layer, except the first layer.
For a network with p layers, we can derive the following



Table G. Architecture specifications for VFM families. Forward MACs and Training MACs represent the computational complexity of the
model for a sample (an image and its corresponding 4 text descriptions) in our experiment.
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ViT Family

ViT-T/16 192 12 5.62 256 12 9.48 15.10 5.82 17.57
ViT-C/16 256 12 9.86 320 12 14.80 24.66 9.23 27.87
ViT-S/16 384 12 21.81 384 12 21.29 43.10 14.44 43.65
ViT-M/16 512 12 38.59 448 12 28.97 67.56 21.88 66.17
ViT-B/16 768 12 86.19 512 12 37.83 124.02 35.09 106.27
ViT-XB/16 1024 12 171.36 512 12 37.83 209.19 48.76 148.05
ViT-L/16 1024 24 304.09 768 12 85.05 389.14 100.92 306.11

Swin Family

Swin-T 768 12 27.91 256 12 9.48 37.39 8.76 26.60
Swin-S 768 24 49.23 384 12 21.29 70.52 18.40 55.82
Swin-B 1024 24 87.27 512 12 37.83 125.10 32.71 98.84
Swin-L 1536 24 195.78 768 12 85.05 280.83 73.48 222.94

equation:

Cb =

p∑
i=1

Ci
b = 2

p∑
i=1

Ci
f − C1

f = 2Cf − C1
f , (2)

where Ci
f and Ci

b denote the forward complexity and the
backward complexity of layer i, respectively. Since we select
AdamW [19] as the optimizer, the MACs of the parameter
update Cu are 3× the number of parameters. In this way, we
can calculate the accurate Ct for each model.

For CoM-PT, the total training complexity is computed
as a summation of student’s full training complexity and
teacher’s forward complexity for inverse knowledge transfer.

D. More Ablation Studies

D.1. Inverse Weight Initialization
In this part, we address two key questions regarding our
implementation of inverse weight initialization.

i) What kind of simple approach yields the best perfor-
mance?

ii) Why is applying sophisticated implementations less im-
portant in our inverse knowledge transfer?

D.1.1. Exploration of Effective Simple Approaches
We explore several simple approaches for inverse weight ini-
tialization. As illustrated in Figure A, weight initialization
for width is shown from (a) to (c), and weight initialization
for depth is shown from (d) to (f). Then, we conduct experi-
ments to compare the effectiveness of these approaches.

Table H. Our simple approaches vs. previous sophisticated
designs. Experiments are conducted using the ViT-T/16→ViT-
S/16 sub-chain, trained on the CC3M dataset.

Method ZS Performance
ImageNet-1K COCO

Baseline 26.48 28.34

+IFD 29.29 32.10
+IFD+IWI 30.24 34.15

+IFD+Net2Net [4] 30.07 33.63
+IFD+NetExpand [8] 30.36 34.13

To systematically evaluate these approaches, we conduct
a two-stage analysis in Figure B. First, we examine width
initialization methods within the ViT-T/16→ViT-S/16 sub-
chain. Our findings reveal: i) weight duplication initially
accelerates convergence but ultimately harms final perfor-
mance; ii) simple insertion and linear interpolation improve
convergence speed and final performance, with linear inter-
polation excelling in convergence acceleration while inser-
tion achieves better final results. Subsequently, we study
depth initialization based on simple insertion in width. We
find that, compared to constant and interval insertion in
depth, duplicate insertion delivers the best performance.

Based on this systematic evaluation, we adopt simple
insertion for width differences and duplicate insertion for
depth differences as our default implementation strategy.

D.1.2. The Efficacy of More Sophisticated Designs
We then compare our best simple approaches with previous
sophisticated designs. Specifically, we implement Net2Net
[4] and NetExpand [8], two representative methods for vision
model expansion.
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Figure A. Detailed illustrations of weight initialization in width and depth. First, (a)-(c) illustrates different weight initialization
approaches for width differences. Duplication (a) involves copying the teacher’s weights multiple times and directly assigning these copies
to the student. Interpolation (b) conducts bilinear operations to expand the teacher’s weights to fit the shape of the student. Insertion (c)
involves directly assigning the teacher’s weights to the student, with all remaining weights initialized randomly. Second, (d)-(f) show the
different weight initialization methods for depth differences. (d) only initializes the first p layers across the total q layers, while the interval
insertion (e) skips several layers by calculating q/p. As a combination, the duplicate insertion (f) initializes the skipped layers by duplicating
the weights of the preceding layer.

Figure B. Ablation study on various simple weight initialization
approaches. For width initialization, experiments are conducted
on the ViT-T/16→ViT-S/16 sub-chain. Progressively, with the best
simple width initialization method, we explore depth initialization
on the ViT-B/16→ViT-L/16 sub-chain. Inverse feature distillation
is applied as default. Details for each method are in Figure A.

Table H presents the comparative results. Our simple
implementation achieves performance comparable to these
sophisticated designs, delivering 3.76%|5.81% gains to the
baseline on ImageNet-1K|COCO, respectively. In com-
parison, the sophisticated method, NetExpand, only pro-
vides a marginal 0.12% improvement to our approaches on
ImageNet-1K.

These results demonstrate that our simple approach is
already good enough, which strikes a promising balance
between simplicity and performance.

Figure C. Validation curves of different choices in Table 4(b) of
the main paper.

D.2. Inverse Feature Distillation

In this part, we aim to suggest why we typically ensure
LIFD < Ltask by setting an appropriate α. Specifically, we
train a series of models using CoM-PT with varying coeffi-
cients of feature distillation, and observe their performance
trend on the validation set of CC3M and ImageNet-1K. As
shown in Figure D, feature distillation can enhance the per-
formance of the ViT-S/16 on both datasets when the ratio
r between distillation loss and task loss is small, whereas
a larger r tends to impair its performance. In the optimal
setting, LIFD is maintained at approximately 10% of Ltask,
acting strictly as an auxiliary loss. This differs significantly
from traditional FD, where the optimal feature distillation
loss magnitude is typically larger than the task loss.



(a) Performance of ViT-S/16 under different r. (b) Loss curves r = 0.1.

Figure D. Ablation study on inverse feature distillation magnitude. For better illustration, we define r as the ratio between the magnitude
of LIFD and Ltask. The experiment is conducted on ViT-T/16→ViT-S/16 on the CC3M dataset. We show how IFD enables ViT-S/16 to
achieve target performance (128-epoch individual pre-training) with only 24 epochs. The teacher model is ViT-T/16 trained individually for
128 epochs. Inverse weight initialization is applied as default.

Table I. Zero-shot Top-1 accuracy (%) across the 35 datasets of the VTAB+ benchmark. Detailed results corresponding to the VTAB+
averages presented in Table 2 of the main paper.

PT Dataset CC3M Merged-15M
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ImageNet-1K 26.16 30.16 30.24 31.80 31.83 33.77 34.27 33.84 35.88 36.19 36.13 36.71 36.77 37.06 43.97 45.90 45.85 47.15 47.39 48.80 49.47

ImageNet-v2 22.85 26.47 25.91 27.42 28.00 29.39 29.94 29.00 30.99 31.31 31.54 31.59 31.83 32.30 38.24 39.52 39.85 41.35 40.79 43.06 42.84

ImageNet-R 37.15 42.36 40.77 44.09 43.76 47.60 47.94 47.35 50.70 50.72 52.16 52.04 51.85 52.96 63.28 66.06 65.61 69.16 67.70 71.65 71.02

ImageNet Sketch 16.93 21.24 20.53 22.81 21.32 24.54 24.76 24.92 26.25 26.80 27.66 27.12 27.42 27.52 35.09 36.74 36.96 39.27 38.69 41.06 41.10

ObjectNet 16.05 18.02 16.95 19.41 19.46 19.73 21.45 22.67 24.71 24.07 25.46 24.43 25.31 25.50 30.56 31.70 32.99 34.94 33.29 36.92 36.24

Imagenet-A 7.48 9.79 8.13 10.11 9.51 10.73 11.29 12.09 14.68 13.76 15.24 14.75 14.99 15.15 18.28 21.57 19.75 24.89 21.63 24.55 25.85

CIFAR-10 66.53 74.42 78.38 73.50 77.74 77.81 83.06 74.02 77.39 74.59 71.21 75.95 72.85 77.59 89.08 89.43 90.69 90.36 91.28 91.66 93.52

CIFAR-100 35.38 41.87 42.19 42.27 44.60 46.03 51.75 40.86 43.47 46.21 45.58 47.84 47.51 48.72 58.88 62.07 62.53 63.87 65.69 65.21 70.17

MNIST 34.20 19.66 37.03 22.45 37.93 21.01 20.61 25.43 33.94 30.39 28.76 42.60 13.44 51.63 46.03 18.91 28.09 25.08 14.90 27.45 20.06

Flowers 15.92 19.45 19.53 23.73 20.36 19.97 22.44 19.61 19.79 20.77 25.48 20.49 24.22 21.74 22.52 29.87 25.97 32.01 29.05 32.56 29.16

Cars 2.74 4.04 3.92 5.01 4.35 5.81 4.89 4.70 5.20 4.99 5.45 4.58 4.73 4.60 16.75 19.13 18.83 22.56 21.89 23.53 23.41

SVHN 9.22 19.81 24.48 17.03 10.98 19.46 22.12 15.41 11.66 26.28 20.69 23.97 23.42 19.50 15.21 24.83 16.59 16.61 25.96 30.71 22.76

FER2013 24.28 26.68 30.80 28.75 34.30 30.61 40.62 18.84 32.56 31.72 41.36 34.79 34.10 28.25 24.30 34.15 25.56 38.53 35.69 30.55 41.08

RSST2 49.97 50.08 47.94 49.91 50.08 50.08 50.08 50.08 50.08 49.91 49.91 48.59 49.91 49.91 50.13 50.08 50.08 50.08 50.08 50.08 50.13

Pets 30.72 33.09 29.90 34.01 35.43 30.99 39.41 33.66 33.96 35.16 33.36 38.87 37.99 38.16 54.29 53.26 60.18 57.07 62.01 56.55 62.28

Caltech-101 66.24 70.96 71.64 70.94 71.57 73.74 73.03 70.60 71.65 71.83 71.39 72.88 72.69 72.74 77.47 78.39 77.47 78.23 78.85 79.75 79.85

VOC2007 43.32 40.00 46.01 46.11 52.11 51.76 53.41 40.89 44.82 48.54 47.99 46.27 50.81 51.30 58.49 64.31 71.79 55.98 67.13 65.30 70.01

SUN397 43.02 41.19 47.44 41.16 49.05 39.96 52.10 41.89 43.72 49.38 44.42 48.70 50.85 50.42 53.18 53.73 54.85 57.29 56.21 55.28 58.02

Aircraft 1.74 1.23 1.38 1.83 1.68 1.77 2.01 2.01 1.11 1.38 2.01 1.32 1.38 1.56 1.95 3.45 2.07 2.70 1.83 3.81 2.55

Country211 49.97 50.08 47.94 49.92 50.08 50.02 50.10 50.08 50.12 49.92 49.92 48.60 49.92 47.01 49.07 4.62 5.80 50.00 50.03 50.07 50.14

DTD 16.44 17.07 20.16 20.16 20.05 19.63 22.71 19.61 21.82 24.47 24.04 26.01 23.51 25.90 27.61 27.02 32.39 30.77 31.60 28.57 33.30

GTSRB 10.26 10.15 9.25 12.72 12.04 18.31 12.91 9.95 12.19 14.51 12.91 13.26 12.68 11.80 14.66 11.68 14.06 14.50 12.76 17.14 15.64

STL10 90.55 92.04 91.63 91.15 92.91 92.00 94.65 87.11 88.70 92.24 90.75 93.00 94.03 93.23 96.86 95.56 96.50 96.68 96.80 95.69 97.90

Retino 6.33 30.37 3.19 30.89 2.49 12.74 2.57 4.17 8.03 7.54 5.02 30.23 24.20 44.95 2.50 6.83 3.63 9.06 5.00 59.02 5.00

EuroSAT 29.75 31.30 33.15 30.90 33.45 32.65 36.00 36.20 37.20 38.15 34.75 39.40 38.35 39.45 40.70 40.05 42.80 37.95 42.30 37.40 41.60

RESISC45 23.08 27.57 23.84 29.08 29.84 30.27 35.98 34.27 32.48 33.44 33.63 33.17 32.51 33.38 39.94 41.81 41.25 43.90 45.24 45.44 47.71

PCAM 40.67 49.33 55.64 57.44 49.51 54.24 48.41 53.11 54.30 55.80 54.30 55.21 65.11 49.66 57.50 54.25 51.99 54.97 50.81 48.88 55.60

CLEVR Counts 12.94 14.31 14.75 17.70 18.41 18.53 15.21 19.03 19.93 20.03 21.17 12.34 24.27 23.03 19.55 26.79 16.64 26.13 25.28 22.66 14.77

CLEVR Dist 15.87 24.43 21.47 22.61 24.14 24.81 11.43 23.10 24.05 15.75 15.93 15.83 20.15 15.80 14.93 22.67 25.38 9.42 20.77 9.98 25.79

DSPRITE Orient 1.84 2.97 2.52 3.32 2.42 2.76 3.20 2.51 2.83 2.47 1.96 2.89 1.90 3.03 1.13 2.48 2.40 2.59 2.46 2.65 2.74

DSPRITE Position 3.21 3.26 3.20 3.20 3.21 3.25 3.03 3.03 3.04 3.07 3.01 3.49 3.10 3.17 3.20 3.14 3.17 3.14 3.06 3.08 3.07

SmallNORB Elv 11.06 9.32 10.36 10.83 13.99 10.12 11.44 11.25 12.41 10.48 11.84 11.10 10.27 10.76 11.14 13.78 11.2 10.74 11.05 10.77 10.09

SmallNORB AZim 4.15 6.13 5.17 5.24 5.46 5.1 4.97 5.15 5.19 6.19 6.10 5.13 6.29 5.21 5.44 5.88 5.43 5.39 4.83 6.35 5.08

DMLAB 18.06 17.04 18.01 11.96 14.40 16.67 14.49 14.25 15.75 16.64 14.61 19.07 17.44 17.73 18.21 19.43 17.20 18.29 16.16 14.15 17.69

KITTI Dist 12.24 33.47 18.00 43.18 29.54 37.69 25.04 24.47 28.55 32.49 35.16 36.43 17.16 13.08 36.99 24.75 36.99 33.61 23.07 31.08 45.43

Avg-35 25.61 28.84 28.61 30.08 29.89 30.39 30.78 28.72 30.55 31.35 31.17 32.53 31.80 32.68 35.35 34.97 35.22 36.98 36.89 38.90 38.89



Table J. Zero-shot Top-1 accuracy (%) on ImageNet-1K for model chains
with different expansion ratios.

Model Chain
Models

ViT-T/16 ViT-C/16 ViT-S/16 ViT-M/16 ViT-B/16 ViT-XB/16 ViT-L/16

baseline 26.16 28.54 30.16 31.08 31.80 32.44 33.77

2× Expansion 26.16 - - 31.22 - - 33.82

4× Expansion 26.16 - 30.24 - 31.83 - 34.27

8× Expansion 26.16 29.05 30.32 31.46 32.14 32.76 34.33

Table K. Comparison of Top-1 accuracy (%) on ImageNet-
1K: baseline vs. CoM-PT under varying training epochs.

# Baseline Epochs Method Models
ViT-T/16 ViT-S/16 ViT-B/16 ViT-L/16

32 baseline 24.40 27.53 28.77 29.84
CoM-PT 24.40 28.23 29.00 29.99

64 baseline 25.41 28.83 30.57 32.02
CoM-PT 25.41 29.49 30.75 32.03

128 baseline 26.16 29.98 31.80 33.77
CoM-PT 26.16 30.24 31.83 34.27

E. More Detailed Results

Model Performance on VTAB+. In Table I, we detail the
performance of models on each dataset of VTAB+ in the
main experiments. From the results, we can see that: i) CoM-
PT achieves performance comparable to baseline across most
datasets; ii) the average performance across all 35 datasets
confirms that CoM-PT maintains lossless acceleration rela-
tive to baseline pre-training. Some datasets exhibit inherent
instability (e.g., Retino) due to the large domain gaps be-
tween the pre-training data and these specialized datasets.
However, this instability affects both methods similarly, and
the averaged results across the full benchmark provide a
robust evaluation that mitigates domain-specific variations.

Model Chains with Different Expansion Ratios. To vali-
date our claim in Section 5.3 of the main paper that all mod-
els achieve lossless performance, Table J details ImageNet-
1K results for model chains with varying expansion ratios.
The results clearly demonstrate that every model in the
chains maintains performance-lossless acceleration com-
pared to the baseline.

Model Performance under Various Training Epochs. In
Table K, we illustrate the performance of models pre-trained
by baseline and our CoM-PT under varying training epochs.
We can observe that our CoM-PT outperforms the baseline
on each individual model. This confirms that the acceleration
ratios reported in Figure 9(a) of the main paper are achieved
in a performance-lossless manner.
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