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Abstract

Contrastive pretraining of image-text foundation mod-
els, such as CLIP, demonstrated excellent zero-shot per-
formance and improved robustness on a wide range of
downstream tasks. However, these models utilize large
transformer-based encoders with significant memory and
latency overhead which pose challenges for deployment on
mobile devices. In this work, we introduce MobileCLIP —
a new family of efficient image-text models optimized for
runtime performance along with a novel and efficient train-
ing approach, namely multi-modal reinforced training. The
proposed training approach leverages knowledge transfer
from an image captioning model and an ensemble of strong
CLIP encoders to improve the accuracy of efficient mod-
els. Our approach avoids train-time compute overhead by
storing the additional knowledge in a reinforced dataset.
MobileCLIP sets a new state-of-the-art latency-accuracy
tradeoff for zero-shot classification and retrieval tasks on
several datasets. Our MobileCLIP-S2 variant is 2.3 X faster
while more accurate compared to previous best CLIP model
based on ViT-B/16. We further demonstrate the effective-
ness of our multi-modal reinforced training by training a
CLIP model based on ViT-B/16 image backbone and achiev-
ing +2.9% average performance improvement on 38 evalua-
tion benchmarks compared to the previous best. Moreover,
we show that the proposed approach achieves 10x-1000x
improved learning efficiency when compared with non-
reinforced CLIP training. Code and models are available at
https://github.com/apple/ml-mobileclip

1. Introduction

Large image-text foundation models, such as CLIP [47],
have demonstrated excellent zero-shot performance and im-
proved robustness [15] across a wide range of downstream
tasks [30]. However, deploying these models on mobile de-
vices is challenging due to their large size and high latency.
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Figure 1. MobileCLIP models are fast and accurate. Comparison
of publicly available CLIP models with MobileCLIP trained on our
DataCompDR dataset. Latency is measured on iPhonel2 Pro Max.
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Figure 2. DataCompDR dataset improves all metrics. Zero-shot
performance of CLIP models with ViT-B/16 image encoder.

Our goal is to design a new family of aligned image-
text encoders suitable for mobile devices. There are two
main challenges towards realizing this goal. First, there is a
tradeoff between runtime performance (e.g., latency) and the
accuracy of different architectures, therefore we should be
able to quickly and thoroughly analyze different architectural
designs. Large-scale training of CLIP models is computation-
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ally expensive, hindering rapid development and exploration
of efficient architecture design. On the other hand, standard
multi-modal contrastive learning [47] at small-scale results
in poor accuracies, which do not provide a useful signal to
guide architecture design choices. Second, reduced capacity
of smaller architectures leads to subpar accuracy that can be
improved with a better training method.

To overcome these challenges, we develop a novel
training approach based on the dataset reinforcement
method [14]: 1) reinforce a dataset once with additional in-
formation, and ii) use the reinforced dataset several times for
experimentation. For a given compute budget, training with
the reinforced dataset results in improved accuracy compared
to the original dataset. We propose a multi-modal variant
of dataset reinforcement for training efficient CLIP models.
Specifically, we reinforce the image-text DataComp [18]
dataset by adding synthetic captions and embeddings from
a strong ensemble of pretrained CLIP models (Fig. 3), ob-
taining DataCompDR. We introduce two variants of our
reinforced dataset, DataCompDR-12M suited for rapid iter-
ation on efficient model design and DataCompDR-1B for
best large-scale training performance.

Training with DataCompDR shows significant learning
efficiency improvement compared to the standard CLIP train-
ing. For example, with a single node of 8 xA100 GPUs, we
achieve 61.7% zero-shot classification on ImageNet-val [§8]
in approximately one day when training a ViT-B/16 [12]
based CLIP from scratch on DataCompDR-12M. Training
with DataCompDR-1B sets new state-of-the-art performance
on several metrics (Fig. 2) while still using a fraction of the
training compute budget compared to previous works.

Utilizing DataCompDR, we explored the design space
and obtained a new family of mobile-friendly aligned image-
text encoders called MobileCLIP with a better latency-
accuracy tradeoff compared to the previous works (Fig. 1).
We exploit several architectural design techniques to ob-
tain efficient image and text encoders, including structural
reparametrization [9—11, 21, 61] and convolutional token
mixing [62]. MobileCLIP includes SO, S1, S2, and B vari-
ants covering various sizes and latencies for different mobile
applications. Our fastest variant, MobileCLIP-SO0, is approx-
imately 5x faster and 3 smaller than the standard OpenAl
ViT-B/16 CLIP model [47], but has the same average accu-
racy. Our contributions are as follows:

* We design a new family of mobile-friendly CLIP models,
MobileCLIP. Variants of MobileCLIP use hybrid CNN-
transformer architectures with structural reparametrization
in image and text encoders to reduce the size and latency.
We introduce multi-modal reinforced training, a novel
training strategy that incorporates knowledge transfer from
a pre-trained image captioning model and an ensemble of
strong CLIP models to improve learning efficiency.

* We introduce two variants of our reinforced datasets:

DataCompDR-12M and DataCompDR-1B. Using Data-
CompDR, we demonstrate 10x-1000x learning efficiency
in comparison to DataComp.

* MobileCLIP family obtains state-of-the-art latency-
accuracy tradeoff on zero-shot tasks, including marking a
new best ViT-B/16 based CLIP model.

2. Related Work

Efficient learning for CLIP. One can improve learning ef-
ficiency through utilizing an enhanced training objective.
Examples include image masking [17, 37, 55, 71], uni-
modal self-supervision [35, 43], fine-grained image-text
alignment [72], contrastive learning in image-text-label
space [69], and pairwise Sigmoid loss [77]. CLIPA [34] pro-
posed training at multi-resolutions for cost-effective training.
These methods are complementary to our proposed method.

CLIP training dataset is often comprising noisy image-
text pairs obtained at web-scale. Since the original CLIP
model [47], several works have demonstrated improved re-
sults on large-scale and filtered datasets [16, 18, 51, 52, 77].
Complementary to data collection and filtering, recent works
show that using visually enriched synthetic captions gener-
ated from a pretrained captioning model, along with real cap-
tions, can improve the quality of CLIP models [32, 45, 70].
Our proposed reinforced multi-modal dataset also benefits
from synthetically generated captions, which we show are
crucial for improved learning efficiency.

Previous works like DIME-FM [56], extends unimodal
distillation [26] with a focus on zero-shot classification.
TinyCLIP [68] trains compact CLIP models via cross-modal
affinity mimicking and weight inheritance. Multi-modal dis-
tillation is also explored in setups where the student is a
fused vision-language model for specific tasks [31, 64, 65].
Our proposed multi-modal reinforced training also includes
cross-modal affinity mimicking [68]. Further, we extend uni-
modal model ensembling [33, 46] to multimodal setup, and
store targets obtained from an ensemble of CLIP models.

Offline knowledge distillation methods [14, 54, 76] have
been proposed recently to mitigate the training-time over-
head cost due to running large teacher models. We extend
the dataset reinforcement strategy [14] to the multi-modal
setup of CLIP. Our proposed reinforced multi-modal datasets
result in significant accuracy improvement without adding a
training-time computational overhead.

Efficient architectures for CLIP. Recently there have
been a wide range of architectures that have shown great
promise for accomplishing vision tasks on resource con-
straint devices. These architectures can be broadly classified
into purely convolutional [11, 23, 27, 28, 41, 48, 50, 61],
transformer based [12, 40, 59] and convolution-transformer
hybrids like [22, 36, 38, 44, 53, 62]. Similarly there are
transformer based [63] and convolution-transformer hybrids
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like [20, 67] for text encoding. There have been works
like [68], that prune ViT architectures to obtain smaller and
faster CLIP models or works like [3] that reduce image-text
tokens for faster inference of vision-language models. These
models can still be quite large and inefficient to be deployed
on a mobile device. In our work, we introduce an improved
convolution-transformer hybrid architecture for both vision
and text modalities, that improve over recent state-of-the-art
like [22, 38, 44, 53]. The optimizations introduced in [3, 68]
can be used to further improve efficiency of our models.

3. Multi-Modal Reinforced Training

Our multi-modal reinforced training leverages knowledge
transfer from an image captioning model and a strong en-
semble of pretrained CLIP models for training the target
model. It consists of two main components: i) leveraging the
knowledge of an image captioning model via synthetic cap-
tions, and ii) knowledge distillation of image-text alignments
from an ensemble of strong pre-trained CLIP models. We
follow the dataset reinforcement strategy of [14] and store
the additional knowledge (synthetic captions and teacher
embeddings) in the dataset (see Fig. 3), thereby avoiding
any additional training time computational overhead such as
evaluating the captioning model or the ensemble teacher.

3.1. Dataset Reinforcement

Synthetic captions. Image-text datasets used to train CLIP
models are mostly sourced from the web, which is inherently
noisy. Recent efforts such as DataComp [18] and data fil-
tering networks [16] improve the quality of web-sourced
datasets by using extensive filtering mechanisms. While
these filtered datasets have lower noise, the captions may
still not be descriptive enough. In order to boost the visual de-
scriptiveness of the captions we use the popular CoCa [74]

model and generate multiple synthetic captions xS§;f> for

each image w( 9 o (see Fig. 3a). Ablations on the number
of synthetic captlons generated per image are provided in
Sec. 5.1. Figure 5 shows some examples of synthetic cap-
tions generated by the CoCa model. Real captions in com-
parison to synthetic captions are generally more specific but
noisier. We show (Tab. 3a) a combination of both real and
synthetic captions is crucial to obtain best zero-shot retrieval
and classification performance.

(@)
img?

using a parametrized

Image augmentations. For each image «;

ate multiple augmented images :1:( ’g)

augmentation function A:

we gener-

2(69) _ (1) . g (0.9)
1mg A( 1mg7 ) Y (1)
where a(i"7) are the augmentation parameters that are suffi-

cient to reproduce :c( J ) from :c (see Fig. 3a). Ablations

on the number and different kinds of augmentations used per
image are provided in Tabs. 4a and 13, respectively.

Ensemble teacher. Model ensembling is a widely used
technique for creating a stronger model from a set of inde-
pendently trained ones [33, 46]. We extend this technique to
multi-modal setup and use an ensemble of ' CLIP models
as a strong teacher (see Sec. 5.1 for our teacher ablations).
We compute the feature embeddings of these models for

(4,)

augmented images :f:img and synthetic captions a:g;f) ob-

taining dj-dimensional vectors wi(;g’k) and 1/)5(;;18’]“) for the
k-th teacher model. We also compute the teacher embed-
dings 1/4(;; of the ground-truth captions a:tx (see Fig. 3b).

Reinforced dataset. We store the image augmentation
parameters a'*7), synthetic captions :cg;f), feature embed-

dings 1/)1%’; k) ws(;né *) and 1)“*) of the CLIP teachers as

additional knowledge in the dataset along with the original

image a:‘(m)g and caption sctx) (see Fig. 3c). Note that dataset

reinforcement is a one-time cost that is amortized by several
efficient model training and experimentation.

3.2. Training

Loss function. Intuitively, our loss function distills the
affinity matrix between image-text pairs from multiple
image-text teacher encoders into student image-text en-
coders. Let B denote a batch of b (image, text) pairs and
\I/l(nﬁ;, oM ¢ Rbxdr the matrices of dj,-dimensional image
and text embeddings, respectively, of the k-th model in the
teacher ensemble for batch 3. Correspondingly, we denote
the image and text embedding matrices of the target model
by Pimg, P € RY*?. For given U and V matrices, let
S, (U, V) € RY*? denote their similarity matrix obtained
by applying row-wise Softmax operation to UV " /7, where
T is a temperature parameter. Our training loss consists of
two components, the standard CLIP [47] loss Lcpp(B) and
a knowledge distillation loss Lpisin (B):

Lrow(B) = (1 — X Lcrp(B) + ALpisin(B), 2
1 1
Lpisin(B) = iﬁgiztill(B) + §£TD%§tiu(B)7

K
1 k) ok
L5in(B) = D KL(Sw (Wi, W) [ S (Pimg. Puc)).
k=1

where KL denotes Kullback-Leibler divergence, L1321, is
computed by swapping the text and image embedding terms
of LI2I., and X is a tradeoff parameter.

Efficient training. Training on the reinforced dataset is
as simple as modifying the data loader and loss function
to exploit additional knowledge stored in the dataset and
has the same training cost as standard CLIP training (see
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Figure 3. Illustration of multi-modal dataset reinforcement with one image augmentation and
one synthetic caption. In practice, we use multiple image augmentations and synthetic captions.

Real caption:

“A four bedroom town house 20 paces
from the beach - Appartement”

Real caption:

— “One of the replacement
Fairfax stones.”
JE; Synthetic captions:

e “a view of the beach with a path by it
and bushes in the foreground”

Synthetic captions:

“a large stone stack in the
middle of a green field”

“an area with some old
ruins , a tree , and grass”

“a walkway on the beach for
walkers to get up and go”

Figure 5. Real vs synthetic captions.

Tab. 4d). For every sample, we read the image :ci(;)g and the
corresponding ground-truth caption ar:t(,ft) from the dataset.
Then, we randomly load one of stored augmentation param-
eters a(™/) and reproduce the augmented image &7, We

img
also randomly load one of synthetic captions wgéf). Finally,

we read the stored embeddings, @bi(r;’g’k), ws(;;f’k), and wt(,f{k),
corresponding to the K teacher models.

Using this loaded data, we construct two data batches,
Bieal corresponding to (augmented image, real caption) pairs
and By, corresponding to (augmented image, synthetic cap-
tion) pairs, and compute our training loss in Eq. (2) sepa-
rately on By, and Bgy,. Our final loss is given by

>

BE{Breal 7Bsyn}

CTotal(B) . (3)

Note that we can compute the total loss after a forward pass
of the student model without any extra teacher-related com-
putations since the teacher embeddings required to compute
the distillation loss are readily available as part of the dataset.

4. Architecture

4.1. Text Encoder

CLIP [47] model paired the vision transformer with a classi-
cal transformer comprising of self-attention layers for text
encoding. While this model is effective, smaller and more
efficient models are preferred for mobile deployment. Re-
cently, works like [67] have shown that convolutions can be
just as effective for text encoding. In contrast, we found that
purely convolutional architectures significantly underper-
form their transformer counterparts. Instead of using a fully
convolutional architecture for text encoding, we introduce

(b) Teacher embeddings

i forinference *
f—
GonvFFN

Figure 4. Architecture of convolutional
and reparameterizable blocks, called
Text-RepMixer used in MobileCLIP’s
text encoder MCt.

ConvFFN

(c) Storage

a hybrid text encoder which makes use of 1-D convolutions
and self-attention layers.

For hybrid text encoder, we introduce Text-RepMixer,
a convolutional token mixer that decouples train-time and
inference-time architectures. Text-RepMixer is inspired by
reparameterizable convolutional token mixing (RepMixer)
introduced in [62]. At inference, skip connections are repa-
rameterized. The architecture is shown in Fig. 4. For Feed-
Forward Network (FFN) blocks, we augment linear layers
with an additional depthwise 1-D convolution of similar
kernel dimensions as the token mixer, to obtain ConvFFN
blocks. This structure is similar to the convolutional blocks
used in [20], the main difference being the use of batchnorm
and the ability to fold it with the succeeding depthwise 1-
D convolutional layer for efficient inference. The design
choices for Text-RepMixer is discussed in Appx. F. In order
to find the optimal design for our hybrid text encoder, we
start with a purely convolutional text encoder and start replac-
ing convolutional blocks systematically with self-attention
layers (see Tab. 5). Tab. 1, show the efficacy of our text
encoder when compared with CLIP’s base text encoder. Our
model is smaller, faster and obtains similar performance
as the larger base text encoder when paired with efficient
backbones like ViT-S/16.

4.2. Image Encoder

Recent works have shown the efficacy of hybrid vision trans-
former for learning good visual representations. For Mobile-
CLIP, we introduce an improved hybrid vision transformer
called MCi based on the recent FastViT [62] architecture
with certain key differences explained below.

In FastViT, an MLP expansion ratio of 4.0 is used for FFN
blocks. Recent works like [39, 68] exposed the significant
amount of redundancy in linear layers of FFN block. To im-
prove parameter efficiency, we simply lower the expansion
ratio to 3.0 and increase the depth of the architecture. By
doing so, we retain the same number of parameters in the
image encoder. The stage configuration for the three variants
are described in Appx. A. MCi0 has similar stage configura-
tion as [61]. MCil, is a deeper version of MCi0 and MCi2
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is a wider version of MCil. The stage compute ratios in our
variants are similar to [61]. We find that this design has a min-
imal impact on latency, but a good improvement in capacity
of the model, reflected in the downstream task performance,
see Appx. B. In Tab. 1, we compare our MCi encoder with a
similar sized FastViT-MA36 when used as image encoders
in a CLIP model. Our model obtains much better zero-shot
IN-val performance while being 16.3% faster.

Latency| 0-shot
(txt) IN-val

Base | 33 | 534
MCt (Ours) | 1.6 | 536

Table 1. (a) Base vs. MCt text encoders with ViT-S/16. (b) FastViT
vs. MCi image encoders with Base text encoder. Trained for 30k
iters (~0.24B seen samples) on DataCompDR-12M.

Latency| 0-shot
(img) | IN-val

FastViT-MA36 | 43 | 589
MCi2 (Ours) | 3.6 | 60.0

Text Enc. Image Enc.

5. Experiments

In this section, we present our experimental setup and results.

Evaluation. We evaluate image-text models using the
evaluation benchmark of DataComp [18]. Specifically,
we report zero-shot classification on the ImageNet valida-
tion set [8], and its distribution shifts including ImageNet-
V2 [49], ImageNet-A [25], ImageNet-O [25], ImageNet-
R [24], and ObjectNet [1], which we report their average
as IN-Shift. For zero-shot image-text retrieval, we report
recall@1 on MSCOCO [5] and Flickr30k [73] datasets. Fur-
ther, we report average performance on all 38 datasets in
DataComp evaluations. We also evaluate our models on Vi-
sual Genome Relation, Visual Genome Attributes, Flickr30k-
Order and COCO-Order datasets which are part of the recent
Attribute, Relation and Order (ARO) benchmark [75]. In the
remainder, IN-val refers to zero-shot accuracy on ImageNet
validation set and Flickr30k refers to average zero-shot re-
call@1 for image-text and text-image retrieval. All reported
metrics are obtained without any fine-tuning.

Training setup. We have two setups for ablations and
large-scale experiments. For ablations, we train on datasets
with 12.8M image-text pairs using a global batch size of
8,192 and 8 xNVIDIA-A100-80GB GPUs for 30-45k iter-
ations. For large-scale training, we use a global batch size
of 65,536 with 256 xA100 GPUs for 200k iterations. All
models are trained from scratch (see details in Appx. B).

Dataset. We train on the image-text dataset of DataComp
dataset [18]. We use the Bestpool filtered subset of 1.28B
samples that provides them with best performance at the
largest dataset scale. We refer to this set as DataComp-
1B. For fast experimentation, we create a fixed subset of
12.8M uniformly sampled pairs which we call DataComp-
12M. DataComp-12M was not studied in [18] but in our
experiments, we observed that DataComp-12M consistently
achieves better performance compared with the Bestpool
subset of DataComp-medium with comparable samples.

Syn. Strong Ens. ]

Captions Aug. Teacher IN-val  Flickr30k
0 X X X 445 418
0 4 X X 519 693
1 v X X 54.5 66.1
1 v v X 59.3 705
! / v /| e 7m0
07 4 4 v 607 742

Table 2. Summary of ablations. We train on DataCompDR-12M
for 30k iterations. All ablations are on ViT-B/16:Base. We highlight
our main choices with blue and alternative tradeoffs with gray .
We underline numbers within 0.5% of the maximum.

DataCompDR: Reinforced DataComp. We reinforce the
DataComp dataset using our multi-modal dataset reinforce-
ment strategy. In particular, we create DataCompDR-1B
and DataCompDR-12M by reinforcing DataComp-1B and
DataCompDR-12M. We have a one-time generation pro-
cess, the cost of which is amortized over multiple archi-
tectures and extensive ablations. We generate 5 synthetic
captions per image using the coca_ViT-L-14 model
in OpenCLIP [29], and strong random image augmenta-
tions (10 for DataCompDR-1B and 30 for DataCompDR-
12M). We compute embeddings of an ensemble of
two strong teachers (ViT-L-14 with pretrained weights
datacomp_x1_s13b_b90k and openai in OpenCLIP)
on augmented images as well as real and synthetic captions.
Embeddings are 1536-D concatenations of 2x768-D vec-
tors. We store all reinforcements using lossless compression
and BFloatl6. We analyze all of our choices in Sec. 5.1.
One seen sample for DataCompDR is a triplet of one ran-
domly augmented image, one ground-truth caption, and one
randomly picked synthetic caption.

MobileCLIP architectures. Our MobileCLIP architec-
tures are formed as pairs of MCi:MCt architectures.
In particular, we create 3 small variants MobileCLIP-
SO (MCi0O:MCt), MobileCLIP-S1 (MCil:Base), and
MobileCLIP-S2 (MCi2:Base), where Base is a 12-layer
Transformer similar to the text-encoder of ViT-B/16 based
CLIP [47]. We also train a standard pair of ViT-B/16:Base
and refer to our trained model as MobileCLIP-B.

Benchmarking latency. To measure latency, we use the
input sizes corresponding to the respective methods. For
iPhone latency measurements, we export the models using
Core ML Tools (v7.0) [58] and run it on iPhone12 Pro Max
with i0S 17.0.3. Batch size is set to 1 for all the models. We
follow the same protocol as described in [61].

5.1. Ablation Studies

In this section, we analyze the effect of each component in
our training and architecture. Unless otherwise stated, we
use ViT-B/16:Base encoders trained on DataComp-12M for
30k iterations with global batch size of 8k (~20 epochs).
Table 2 summarizes the analysis of our training.
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B e ‘ {Breul} {Bsyn} {Breul or Bsyn} {Brea], Bsyn}

IN-val 56.4 49.8 57.3 61.7
Flickr30k | 57.0 72.2 68.6 72.0

(a) Real vs synthetic sampling in Eq. (3) (A = 1.0).

A ‘ 01 02 03 04 05 06 07 08 1.0
7

0.9
IN-val ‘544 563 574 582 595 603 607 615 616 6l

Flickr30k | 71.4 71.5 71.8 722 738 736 742 73.1 732 72

)

(b) Ablation on the loss coefficient (\) in Eq. (2).

Table 3. Ablation on the loss. The tradeoff between IN-val and
Flickr30k is controlled by the synthetic sampling and loss coeffi-
cient. We train for 30k iterations.

Strong image augmentations. In contrast to uni-modal su-
pervised and self-supervised methods for vision with strong
augmentations [13, 60], CLIP training recipes [47] often
use light image augmentations to avoid image-text mis-
alignment. However, several works [2, 14, 46] demonstrated
the efficacy of strong augmentations in a distillation setup.
In Tab. 2 we show that strong image augmentations improve
distillation performance (+4.8% on IN-val and +4.4% on
Flickr30k). We provide detailed ablation on the effect of
image augmentations in Appx. C.

Synthetic captions. Similar to image augmentations, syn-
thetic captions (or caption augmentations) can further im-
prove the performance of CLIP models, particularly on
image-text retrieval. For regular CLIP training (A = 0), we
observe in Tab. 2 that including batches with both synthetic
and real captions results in +7.4% on IN-val and +27.5%
on Flickr30k performance improvements. In Tab. 3a, we
observe a similar trend for CLIP training with distillation
loss only (A = 1). In Tab. 3b, we analyze the effect of A
and observe a tradeoff where A = 1.0 is optimal for IN-val
while A = 0.7 is optimal for Flickr30k. Prior work that
exploit synthetic captions primarily focus on improved re-
trieval [32, 70] while distillation works focus on zero-shot
classification [56]. In our large-scale experiments, we bal-
ance the tradeoff for MobileCLIP-B using A = 0.75 and use
A = 1.0 for our small variants.

Ensemble teacher. We find that using an ensemble of
strong CLIP models as a teacher in our multi-modal rein-
forced training is crucial to achieving +2.4% IN-val improve-
ment (Tab. 2). We also observe that the most accurate models
are not the best teachers. See Appx. D for a comprehensive
analysis of different teacher models.

Number of image augmentations and synthetic captions.
We generate multiple image augmentations and synthetic
captions and store them efficiently along with the teacher
embeddings. We investigate the effectiveness of the number
of augmentations and synthetic captions in Tabs. 4a and 4b.
We train models with up to 30 image augmentations and
5 synthetic captions for 45k iterations (~30 epochs). We

Num. Aug. | 1 2 5 10 15 20 25 30
IN-val ‘60.63 6327 64.81 6474 6449 6492 6478 64.74

Flickr30k | 69.61 71.74 74776 7446 7390 7429 7327 75.66
(a) Effect of the number of augmentations.
Num. Caps. | 0 1 2 3 4 5

IN-val 60.67 64.88 65.19 65.19 64.81 64.74
Flickr30k | 6226 73.82 7427 7391 74.07 75.66

(b) Effect of the number of synthetic captions.

Aug. Text Image | Size
Dataset Image Text Syn. Params  Emb, Emb. | (TBs)
DataComp-12M v v X X X X 0.9
v v v v X X 0.9
DataCompDR-12M v v v v 5+1 30 1.9
DataComp-1B v v X X X X 90
DataCompDR-1B v v v v 5+1 10 140

(c) Total storage for samples stored in individual Pickle Gzip files
and BFloat16 embeddings. +1 refers to the ground-truth caption.
For further size reductions see Tab. 16.

. Stored Syn. Stored Time
Dataset Be Lewr Loisin Caption Embeddings | (hours)
DataComp-12M v X X X 13
v v X X 21.1
- {B, v v v X 41
DataCompDR-12M  {B, v v v v 13

(d) Training time per epoch (12.8M samples) on 8 x A100-80GB.

Table 4. Ablations on storage/cost. Training on DataCompDR has
no time overhead. We train for 45k iterations (~30 epochs).

Num. Self-attn. | 6 | 4 2 1 0
Num Params. (M) | 44.5 424 404 393 383
Latency (ms) 1.9 1.6 14 1.3 12
IN-val | 609 608 602 600 57.9

Table 5. Ablation on architecture. Effect of the number of self-
attention layers in MCt. We train for 30k iterations.

observe that the performance nearly saturates at 5 augmenta-
tions and 2 synthetic captions suggesting each augmentation
can be reused multiple times before the added knowledge is
fully learned by the model. When needed, fewer augmenta-
tions and synthetic captions can help reduce the generation
time and storage overhead. For maximal performance, we
reinforce DataCompDR-12M and DataCompDR-1B with 10
and 30 augmentations, respectively, and 5 synthetic captions.

Training time. A major advantage of reinforced training
is the minimal time difference with non-reinforced training.
We provide the wall-clock times in Tab. 4d for regular CLIP
training as well as training with online distillation and a
caption generator. We measure the time for training on
one epoch of DataCompDR-12M on a single node with 8x
A100-80GB GPUs. An epoch takes 1562 iterations with
global batch size 8192 on DataCompDR-12M. Without any
dataset reinforcement, training is 16 x slower while with
partial reinforcements of synthetic captions it is 3 slower.

Storage size. We report the storage requirements for our
reinforced datasets compared with the original DataComp
dataset. We report the storage size of one file per image-text

15968



pair. If present, we store all corresponding reinforcements
in the same file. We store files in the Pickle format and
compress each file with Gzip compression. The image-text
embeddings are saved in BFloat16. We report the total stor-
age size for 12.8M samples of DataCompDR-12M and 1.28B
samples of DataCompDR-1B in Tab. 4c. We provide analy-
sis on additional size reductions in Appx. E and verify that
using BFloat16 does not impact the accuracy. For minimal
storage overhead, we recommend 5 augmentations/synthetic
captions for 30 epochs on DataCompDR-12M and 2 for 10
epochs on DataCompDR-1B which are based on our abla-
tions in Tabs. 4a and 4b.

Hybrid text encoder. We ablate over the number of Text-
RepMixer blocks that can effectively replace self-attention
layers with negligible impact on zero-shot performance. For
this ablation, we choose a 6-layer purely convolutional text
encoder and systematically introduce self-attention layers
in the middle. From Tab. 5, we find that even introducing
a single self-attention layer substantially improves the zero-
shot performance. The best tradeoff is with 2 blocks of Text-
RepMixer and 4 blocks of self-attention layers. This variant,
MCt, obtains similar performance as the pure transformer
variant, while being 5% smaller and 15.8% faster.

5.2. Small Scale Regime

In Tab. 6, we compare methods trained on datasets with
12-20M samples, a relatively small range for fast explo-
ration (e.g., architecture search). MobileCLIP-B trained
on DataCompDR-12M with less than 370M samples sig-
nificantly outperforms all other methods with up to 4x
longer training. Also MobileCLIP-B shows great scaling
with number of seen samples (65.3—71.7%) in comparison
to previous work SLIP [43](42.8—45.0%). In comparison
to CLIPA [34] which uses multi-resolution training for effi-
ciency, training with DataCompDR-12M is more efficient:
CLIPA obtains 63.2% with 2.69B multi-resolution seen sam-
ples (which has equivalent compute as ~0.5B 2242 seen
samples), that is worse than MobileCLIP-B’s 65.3% with
only 0.37B seen samples. Further, TinyCLIP-39M/16 in
comparison to MobileCLIP-S2 has higher latency and less
accuracy, and TinyCLIP-8M/16 is significantly less accurate
than MobileCLIP-SO (41.1% vs 59.1%) while having a close
latency (2.6 ms vs 3.1 ms).

5.3. Learning Efficiency

Training longer with knowledge distillation is known to con-
sistently improve performance for classification models [2].
In Fig. 6a we show our reinforced training also benefits
from longer training, achieving 71.7% ImageNet-val zero-
shot accuracy after 120 epochs using only a 12M subset of
DataComp-1B. In comparison, non-reinforced training at
best reaches 55.7% accuracy.

Seen Latency (ms) | Zero-shot

Name Dataset

Samples (img+txt) IN-val
CLIP-B/16 [43, 47] CC-12M [4] 0.39B 1154353 36.5
CLIP-B/16 [43, 47] YFCC-15M [57] 0.37B DT 37.6
MobileCLIP-B CC-12M [4] 0.37B 104 +33 38.1
SLIP-B/16 [43] CC-12M [4] 0.39B 115433 40.7
SLIP-B/16 [43] YFCC-15M [57] 0.37B o 428
MobileCLIP-B DataComp-12M [18]  0.37B 104 +33 50.1
MobileCLIP-B DataCompDR-12M 0.37B 104 +33 65.3
CLIP-B/32 [7, 47] 32.8
SLIP-B/32 [7, 43] 34.3
FILIP-B/32 [7, 72] YECC-15M [57] 0.49B 59+33 39.5
DeCLIP-B/32 [35] 432
DeFILIP-B/32 [7] 45.0
RILS-B/16 [71] LAION-20M [51] 0.5B 11.5+33 45.0
TinyCLIP-8M/16 [68] YFCC-15M [57] 0.75B 2.0+0.6 41.1
SLIP-B/16 [43] YFCC-15M [57] 0.75B 11.5+33 44.1
CLIP-B/16 DataComp-12M [18]  0.74B 104 +33 53.5
MobileCLIP-SO DataCompDR-12M 0.74B 15+16 59.1
TinyCLIP-39M/16 [68] |  YFCC-15M [57] 0.75B 52+19 63.5
MobileCLIP-S2 DataCompDR-12M 0.74B 3.6+33 64.6
MobileCLIP-B DataCompDR-12M 0.74B 10.4+3.3 69.1
SLIP-B/16 [43] YFCC-15M [57] 1.5B 11.5+33 45.0
CLIP-B/16 DataComp-12M [18] 1.48B 104 +33 55.7
MobileCLIP-B DataCompDR-12M 1.48B 10.4+3.3 71.7
CLIPA-B/16 [34] | LAION-400M [51] 269BF | 115433 | 632

Table 6. Small-scale CLIP training. MobileCLIP-B notation
refers to our re-implementation of ViT-B/16 image encoder and
standard Base text encoder. T refers to multi-resolutions. Models
are grouped based on the number of samples seen.

30 30 DataComp

70 70 —e— DataCompDR
60 60 ImageNet-val
50 50 ---- Flickr30k

Error (%)
Error (%)

Number of Iterations Dataset Size

(b) Data Scaling

(a) Iteration Scaling

Figure 6. Learning efficiency up to 1000 x. Training on DataCom-
pDR is 10x more iteration efficient and 100x more data efficient
on ImageNet-val and 18 x and 1000x more efficient on Flickr30k
compared with non-reinforced training.

We also demonstrate scaling with dataset size in Fig. 6b,
where we deploy subsets of DataComp-1B from 1.28M to
all 1.28B samples. For all experiments we train for 20k
iterations with global batch size of 65k (equivalent to one
epoch training on 1.28B subset). Training on DataCompDR
reaches above 55.2% accuracy with 1.28M samples while
training on DataComp-1B gets only to ~6% accuracy. In
this setup, we observe more than 100x data efficiency using
DataCompDR. Moreover, we observe 1000 data efficiency
for performance on Flickr30k.

5.4. Comparison with State-of-the-art

In Tab. 7, we compare with methods with large scale train-
ing. MobileCLIP-SO0, trained on DataCompDR-1B signif-
icantly outperforms recent works like TinyCLIP [68], and
has similar performance as a ViT-B/32 model trained on
DataComp [18] while being 2.8 x smaller and 3x faster.
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’ | - Seen | Image Text Params (M)  Latency (ms) | Zero-shot CLS  Flickr30k Ret. COCO Ret.  Avg. Perf.
Name Dataset Samples Encoder Encoder (img+txt) (img+txt) - on 38
\ ples | & 2 | IN-val  INshift T—I 15T T—I 1T
DataComp-1B [18] ViT-L/14 Base ~ .

Ensemble Teacher OpenAL-400M [47] VITL/14 Bace ) ) 80.1 69.6 74.5 923 46.7  66.5 67.3
TinyCLIP-RN19M [68] LAION-400M [51] 15.2B ResNet-19M Custom 18.6 +44.8 19+19 56.3 43.6 58.0 75.4 30.9 478 48.3
TinyCLIP-RN30M [68] LAION-400M [51] 15.2B ResNet-30M Custom 29.6 +54.2 2.6+2.6 59.1 457 61.5 80.1 338 516 50.2
TinyCLIP-40M/32 [68] LAION-400M [51] 15.2B ViT-40M/32 Custom 39.7+44.5 30+19 59.8 46.5 59.1 76.1 335 487 51.2
MobileCLIP-S0O DataCompDR-1B 13B MCi0 MCt 11.4+424 15+1.6 67.8 55.1 67.7 85.9 404 58.7 58.1
OpenAI-RN50 OpenAI-400M [47] 13B ResNet-50 Base 38.3+63.4 33+33 59.8 45.1 57.4 80.0 285 488 48.1
TinyCLIP-61M/32 [68] LAION-400M [51] 15.2B ViT-61M/32 Custom 61.4+54.0 43426 62.4 48.7 62.6 78.7 36.5 52.8 53.0
TiyCLIPeMA2 681 | R ST 1sse | vitems2 cusom © &) 645 () 660 849 385 569 | ()
MobileCLIP-S1 DataCompDR-1B 13B MCil Base 21.5+63.4 25+33 72.6 60.7 71.0 89.2 440 62.2 61.3
OpenAI-RN101 OpenAlI-400M [47] 13B ResNet-101 Base 56.3 +63.4 43433 62.3 48.5 58.0 79.0 30.7 498 50.3
OpenAI-B/32 OpenAI-400M [47] 13B 63.3 48.5 58.8 78.9 304 50.1 52.5
LAION-B/32 LAION-2B [52] 32B ViT-B/32 Base 86.2 +63.4 59+33 65.7 51.9 66.4 84.4 39.1 56.2 54.8
DataComp-B/32 DataComp-1B [18] 13B 69.2 55.2 61.1 79.0 37.1 535 58.0
DataComp-B/32-256 DataComp-1B [18] 34B ViT-B/32-256 Base 86.2+63.4 62+33 72.8 58.7 64.9 84.8 399 579 60.9
MobileCLIP-S2 DataCompDR-1B 13B MCi2 Base 35.7+63.4 3.6+33 744 63.1 734 90.3 454 634 63.7
VeCLIP-B/16 [32] WIT-200M 6.4B Base 86.2 +63.4 11.5+33 64.6 ) 76.3 91.1 484 672 )
OpenAI-B/16 WIT-400M [47] 13B Base 86.2+63.4 11.5+33 68.3 55.9 67.7 85.9 404 587 58.1
LAION-B/16 LAION-2B [52] 34B Base 86.2 +63.4 11.5+33 70.2 56.6 69.8 86.3 423 594 58.7
EVAO02-B/16 Merged-2B [55] 8B Base 86.2+63.4 (-) 74.7 59.6 71.5 86.0 422 58.7 58.9
DFN-B/16 DFN-2B [16] 13B ViT-B/16 Base 86.2 +63.4 11.5+33 76.2 62.3 69.1 85.4 434 604 60.9
DataComp-B/16 DataComp-1B [18] 13B Base 86.2 +63.4 11.5+33 73.5 60.8 69.8 86.3 423 594 61.5
SigLIP-B/16 [77] ‘Webli-1B 40B Custom 929 +110.3 99+58 76.0 61.0 74.7 89.1 478 657 62.3
MobileCLIP-B DataCompDR-1B 13B Base 86.3 +63.4 104 +3.3 76.8 65.6 713 914 50.6 68.8 65.2
MobileCLIP-B (LT) DataCompDR-1B 39B Base 86.3 +63.4 104 +3.3 71.2 66.1 76.9 92.3 50.0 68.7 65.8

Table 7. MobileCLIP family of models has the best average performance at various latencies. Retrieval performances are reported @1.
Last column shows average performance on 38 datasets as in OpenCLIP [29]. Models are grouped by their total latency in increasing order
and by performance within each group. “Base” refers to standard CLIP Transformer-based [63] text encoder with 12 layers, and “Custom”
stands for customized text encoder used in the respective method. For TinyCLIP-63M/32 and EVA02-B/16, we were unable to reliably
benchmark models. Note: EVA02-B/16 [55] uses MIM pretrained weights for its vision encoder and OpenCLIP-B pretrained weights for its
text encoder. TinyCLIP models use advanced weight initialization methods utilizing OpenCLIP models trained on LAION-2B[52] dataset.
All other models, including ours are trained from scratch. “(LT)” refers to longer training schedule, described in detail in Appx. 1.

MobileCLIP-S2 obtains 2.8% better average performance
on 38 datasets and significantly better retrieval performance
when compared to ViT-B/32-256 model trained 2.6 x longer
on DataComp [18]. MobileCLIP-S2 is 1.5x smaller and
1.4x faster than ViT-B/32-256 model. MobileCLIP-B ob-
tains 2.9% better average performance on 38 datasets and
better retrieval performance while being 26.3% smaller than
SigLIP-B/16 [77] model, which is trained approximately 3 x
longer on WebLlI dataset.

5.5. Retrieval Performance Analysis

We evaluate our models on the recent Attribute, Rela-
tion and Order (ARO) benchmark [75]. We compare our
MobileCLIP-B trained on DataCompDR-1B with all the
publicly available ViT-B/16:Base models in Tab. 8. Opti-
mizing solely for zero-shot classification or retrieval using
noisy webscale datasets can degrade the compositional un-
derstanding of natural scenes. DataCompDR largely im-
proves the models performance on ARO benchmark while
obtaining good performance on zero-shot classification and
retrieval tasks. Compared to the recent SigLIP method [77],
MobileCLIP-B obtains 19.5% and 12.4% better accuracy on
Visual Genome Relation and Attributes datasets and achieves
improved recall@1 on Flickr30k-Order and COCO-Order
datasets by 69.7% and 50.3%, respectively.

IN-val VG VG COCO Flickr30k

Method Dataset zero-shot Rel. Attr. Order Order
CLIP OpenAl-400M [47] 683 587 622 504 571.3
CLIP LAION-2B [52] 702 39.7 623 31.0 375
CLIP DataComp-1B [18] 735 359 57.0 29.6 352
SigLIP [77] Webli-1B 76.0 351 56.0 327 40.7
CLIP DFN-2B [16] 762  33.1 574 185 225
MobileCLIP-B DataCompDR-1B 76.8 54.6 684 555 61.2

Table 8. Performance on ARO benchmark. All the models use
ViT-B/16 as image encoder and the Base text encoder. For VG Rel.
and VG Attr. datasets, Macro Acc. is reported and for Flickr30k-
Order and COCO-Order recall@1 is reported following [75].

6. Conclusion

In this work we introduced MobileCLIP aligned image-text
backbones, designed for on-device CLIP inference (low la-
tency and size). We also introduced DataCompDR, a rein-
forcement of DataComp with knowledge from a pre-trained
image captioning model and an ensemble of strong CLIP
models. We demonstrated 10x-1000x learning efficiency
with our reinforced dataset. MobileCLIP models trained on
DataCompDR obtain state-of-the-art latency-accuracy trade-
off when compared to previous works. MobileCLIP models
also exhibit better robustness and improved performance on
Attribute, Relation and Order (ARO) benchmark.
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