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Abstract. Self-supervised vision-language pretraining from pure images
and text with a contrastive loss is effective, but ignores fine-grained align-
ment due to a dual-stream architecture that aligns image and text rep-
resentations only on a global level. Earlier, supervised, non-contrastive
methods were capable of finer-grained alignment, but required dense an-
notations that were not scalable. We propose a single stream architecture
that aligns images and language at multiple levels: global, fine-grained
patch-token, and conceptual/semantic, using two novel tasks: symmetric
cross-modality reconstruction (XMM) and a pseudo-labeled key word
prediction (PSL). In XMM, we mask input tokens from one modality
and use cross-modal information to reconstruct the masked token, thus
improving fine-grained alignment between the two modalities. In PSL,
we use attention to select keywords in a caption, use a momentum en-
coder to recommend other important keywords that are missing from the
caption but represented in the image, and then train the visual encoder
to predict the presence of those keywords, helping it learn semantic con-
cepts that are essential for grounding a textual token to an image region.
We demonstrate competitive performance and improved data efficiency
on image-text retrieval, grounding, visual question answering/reasoning
against larger models and models trained on more data. Code and models
available at zaidkhan.me/SIMLA.
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1 Introduction

To learn a join representation of images and language, early work [6,33,48] follows
a supervised approach, using a pre-trained object detector to extract image re-
gions, which are then aligned with corresponding image captions or dense annota-
tions. Such approaches are limited by the amount of available densely annotated
data and the semantic concepts the pretrained object detector can represent. A
recent alternative approach is to directly align image representations with the
corresponding text representations using a contrastive loss [42,29,17,55,14,35],
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sidestepping the need for a pretrained object detector or dense annotations. Such
approaches can learn from image-text pairs alone, which can be scraped from
the web at large scales. However, the image-text contrastive learning paradigm
is data hungry, using 1b+ [17,57] or 100m+ [42,62] pairs to overcome the nois-
iness of web-scraped image-text pairs. Second, the standard image-text con-
trastive learning architecture and objective uses a dual-stream architecture that
aligns the global image and text representations, making it difficult to learn fine-
grained details [56]. Third, contrastive learning does not explicitly align visual
and language concepts, only features. Because the data complexity of images is
greater than that of short captions, it can be challenging for the vision model
to learn a representation that captures modality-invariant instance information
corresponding to coherent natural language concepts rather than vision-specific
semantics irrelevant to the modality-invariant image content.

We propose an approach that aligns image and language representations on
multiple levels using a single stream transformer-only architecture that enables
early, local interactions between image regions and language tokens, without
the need for a pretrained object detector or dense annotations. We design a a
symmetric cross-modality reconstruction task to teach fine-grained alignment
between image patches and language tokens, and construct a concept prediction
task that extracts pseudo labels for each image without supervision and trains
the visual encoder to detect concepts that are missing from the caption but
present in the image. This allows us to align vision and language on multiple
levels: fine-grained (cross-modality reconstruction), coarse (contrastive learning)
and discrete (concept-level supervision). We empirically evaluate our proposed
model, SIMLA (SIngle-Stream Multi-Level Alignment) on several downstream
tasks, following prior work [24]. The entirely self-supervised SIMLA achieves
state-of-the-art results on image-text retrieval and grounding, while outperform-
ing larger models trained with supervision on downstream vision-language tasks,
and demonstrates greater data efficiency compared to prior work in an ablation
study. Our contributions, summarized:
1. A symmetric cross-modality reconstruction task to learn fine-grained align-

ment between image patches and language tokens.
2. A natural language, pseudo-labeling approach to align concept-level seman-

tics without dense annotations.
3. A single-stream architecture to enable the proposed multi-level alignment.
4. Extensive experiments on image-text retrieval, vision-language reasoning,

and visual grounding to demonstrate effectiveness of the proposed modules.

2 Method

Images are dense, unstructured, and require significant processing to extract use-
ful semantic information. In contrast, language is highly structured, and contains
directly available semantic information. Because of this asymmetry, attempting
to align image features with language features too early will be futile, because
the image features are too low-level to be matched with the more abstract lan-
guage features. Contemporary architectures thus employ a symmetric encoder
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design, in which both image and text are processed by equally deep encoders
before late fusion through alignment of global image and text representations.
This approach wastes model capacity, as high-level image semantics often corre-
spond directly to low-level language semantics, so processing language to same
depth as images is wasteful. In addition, both language and images contain a
semantic pyramid of concepts, with some concepts being highly localized (e.g.
a small image patch / single word) while other concepts are highly abstract
(e.g multiple interrelated image patches / multi-token sequences). Cross-modal
concepts can exist at different levels of the semantic pyramid for each modality
(e.g the singular token ’throwing’ describes a complex spatial scene / the phrase
’bird walking on rocky ground’ may describe a small local image region). Thus,
the problems in vision-language learning are twofold:

1. Asymmetry in inherent semantic abstraction between image and text data.
2. Semantic concepts appear at disparate levels in the abstraction hierarchy

across modalities.

We propose an asymmetric architecture with a multi-task loss to address the
above issues. Concretely, our architecture consists of a deep stack of transformer
encoder layers that can be interpreted as a transformer language model [50]
stacked atop a visual transformer [11]. During the forward pass, an image is
fed through the bottom of the stack, while language tokens are injected at the
middle of the stack, into the bottom of the language model. This design allows
processing of the image to an appropriate level of semantic abstraction before
fusion with language. Our multi-task loss consists of four tasks, engineered to
align vision and language representations at multiple levels. We begin with an
image-text matching task for very coarse instance-level alignment, and add a
contrastive loss for global feature-level alignment. Next, we add a patch-level
reconstruction task for fine-grained region-level alignment. Finally, we add a
pseudo-label supervision task to the visual encoder to explicitly ensure the level
of abstraction between the visual and language tokens is synchronized prior to
fine-grained fusion.

2.1 Preliminary Architectures

Our model is a 24-deep stack of transformer [50] layers that can be decomposed
into a vision encoder Ev, a language encoder El, and a multimodal encoder
Emm. Specifically, we stack the language encoder El atop the vision encoder Ev.
We then add cross-attention layers after each self-attention layer in the language
encoder El, allowing us to use it as a multimodal encoder Emm when an image-
text pair is passed in, and as a unimodal language encoder when language tokens
are passed in. To obtain a multimodal embedding, we first use the bottom half of
the transformer encoder stack (Ev) to encode an input image I into a sequence of
embeddings Ev(I) = {v⃗cls, v⃗1, ..., v⃗N} where vcls is the embedding of the [CLS]

token. We then pass the sequence of image embeddings {v⃗cls, v⃗1, ..., v⃗N} into
the top half of the transformer encoder stack, corresponding to the language
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Fig. 1. SIMLA architecture. A language encoder El is stacked atop a vision encoder
Ev. We add cross attention to El, allowing us to reuse it as a multimodal encoder
Emm by consuming image embeddings from Ev. Four tasks align images and language
at multiple levels, exploiting a momentum model for additional supervision. A D-VAE
tokenizes image patches for the cross-modality reconstruction task.

model with cross-attention, while concurrently injecting the associated caption,
so the image embeddings {v⃗cls, v⃗1, ..., v⃗N} from bottom half of the stack and the
input tokens {[cls], t1, ..., tN} are consumed simultaneously and fused through
cross-attention after each self attention layer to yield a sequence of multimodal
embeddings {m⃗cls, m⃗1, ..., m⃗N} = Emm({v⃗cls, v⃗1, ..., v⃗N}, {[cls], t1, ..., tN}).

2.2 Coarse Cross-Modality Alignment

Image-Text Contrastive Learning The simplest level of alignment is coarse,
global alignment between image and text representations. Global alignment is
useful training signal for two reasons: (i) it is robust to mismatches in fine-
grained details between an image and caption (ii) it is an easier task than
fine-grained alignment and enables faster learning during the earlier stages of
training, when fine-grained alignment is infeasible due to the large domain gap
between images and text. Coarse, global alignment requires learning image and
text representations which capture modality-invariant information. A simple, ef-
fective and scalable [42,17] approach to learning modality invariant representa-
tions is multi-view contrastive learning [49]. The multi-view contrastive objective
pushes embeddings of matched image-text pairs together while pulling those of
unmatched image-text pairs apart. Our contrastive loss follows the InfoNCE [37]
formulation. Contrastive losses benefit from larger batch sizes, but batch sizes
are bounded by GPU memory. To increase effective batch size, we follow MoCo
[15] by using memory queues of size M for the unimodal image (Qimg) and text
(Qtxt) features, as well as maintaining momentum (time-averaged) versions of
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the text and image encoders. The normalized image-to-text and text-to-image
similarity are calculated as

pi2tm (I,Qtxt) =
exp(S(I,Qtxt

m )/τ)∑M
m=1 exp(S(I,Q

txt
m )/τ)

pt2im (T,Qimg) =
exp(S(T,Qimg

m )/τ)∑M
m=1 exp(S(T,Q

img
m )/τ)

(1)

where τ is a learnable temperature parameter, S(I, T ) = gv(v⃗cls)g
′
l (⃗l

′
cls) and

S(T, I) = gl(⃗lcls)
T g′v(v⃗

′
cls) are raw similarity scores between image and text

[CLS] tokens, obtained by Ev(I) and El(T ) respectively. The functions gv and
gl are linear transformations that project the unimodal [CLS] embeddings of the
image and text, respectively, to lower-dimensional representations, followed by
normalization to unit length. We use g′v(v⃗

′
cls) and g′l (⃗l

′
cls) to denote the momen-

tum features, retrieved from the memory queues. The boolean one-hot vectors
y⃗i2t(I) and y⃗t2i(T ) represent the ground-truth similarity, with the positive pair
indicated by a 1 and a 0 for all negatives. Then, the image-text contrastive loss
is defined as the cross-entropy H between p⃗ and y⃗:

Litc =
1

2
E(I,T )∼D

[
H(y⃗i2t(I), p⃗i2t(I)) + H(y⃗t2i(T ), p⃗t2i(T ))

]
(2)

The one-hot labels y⃗i2t(I) and y⃗t2i(T ) penalize all predictions which do not match
each image to the text it came paired with, and vice versa. However, one caption
can potentially describe many different images, and similarly, many captions may
match an image. To avoid this noisy penalization, we soften the hard targets with
soft targets generated by the momentum model, corresponding to knowledge
distillation [16] with the momentum model as a teacher. The complete loss can
then be written as

Lmod
itc = (1− α)Litc + αL′

itc (3)

L′
itc =

1

2
E(I,T )∼D

[
H
(
pi2tm (I), pi2t(I)

)
+H

(
pt2im (T ), pt2i(T )

)]
(4)

where pi2tm (I) and pt2im (T ) is Equation 1 using only the momentum encoders.

Image-Text Matching is a binary classification task to predict if an image-
text pair is matched. We define the ITM loss to be

Litm = E(I,T )∼DH
(
yitm,pitm(I, T )

)
(5)

where yitm is a one-hot vector indicating whether the pair is matched or not,
and pitm is a two-class probability vector predicted by a single fully connected
layer on top of the multimodal [CLS] token. We mine in-batch hard negatives
for each image and text in a pair following ALBEF [24].
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2.3 Finer-Grained Cross-Modality Alignment

A contrastive loss such as Litc aligns the global image and text representations.
However, solely aligning the global representations while simultaneously fusing
the image and text at the last possible opportunity makes it difficult to learn
fine-grained correspondences, such as those between subregions of an image and
subsequences of a caption. We design a reconstruction task to teach a model fine-
grained alignment between images and patches. We mask the image, and force
the model to reconstruct the masked image region from the remaining portion of
the image using the caption as context. We then reverse the reconstruction task,
forcing the model to reconstruct masked language tokens from the remaining
portion of the caption using the image as context.

Concretely, (I, T ) be an image text pair. Let MI be a mask for the image,
generated following the masking strategy of BEiT [4], and letMT be the mask for
the language tokens, generated following the masking strategy of BERT [9]. We
then generate4 a masked image as Î = I⊙MI and masked text as T̂ = T ⊙MT .
Then, the loss to be minimized is

Lxmm = E(I,T̂ )∼DH
(
yMLM,pMLM(I, T̂ )

)
+E(Î,T )∼DH

(
yMIM,pMIM(Î , T )

)
(6)

The cross-modality masked language modeling loss Lxmm is a sum of two cross-
entropy losses, where yMLM and yMIM indicate the ground-truth value of the
masked language token and masked image token respectively, and pMLM(I, T̂ ),
pMIM(I, T̂ ) represents the model’s probability estimates of the masked language
and image tokens respectively. Because images are continuous, use the strategy
of [4] to discretize the images into a sequence of tokens and mask them. We
divide each image into patches and tokenize each patch with a discrete VAE [38]
that maps each patch to one of 8192 visual tokens from a learned codebook.

In many cases, the ground-truth visual or language token can be plausibly
replaced with an alternative. However, the ground truth target vectors are one-
hot encoded and penalize any predictions that do not exactly match for the
ground truth, even if they are plausible. Furthermore, the image masking and
language masking are random, so it is possible for non-content tokens (e.g. the,
it) or tokens that cannot be predicted well based on context to be masked.
To allow the model to learn even when the ground-truth target for the masked
token cannot be reasonably predicted from context, we again use the momentum
distillation strategy. Specifically, we decompose Lxmm into

Lmod
xmm = (1− α)LMIM + αL′

MIM + (1− α)LMLM + αL′
MLM (7)

where L′
MIM = H

(
pMIM
m ,pMIM(I, T̂ )

)
, L′

MLM = H
(
pMLM
m ,pMLM(I, T̂ )

)
and

pMLM
m , pMLM

m are the softmax-normalized outputs of the MIM and MLM mo-
mentum prediction heads over the visual and language token distributions, re-
spectively.

4 We depict the masking as a boolean operation for notational simplicity. The imple-
mentation follows the strategy of BEiT[4] and BERT[9] for I, T respectively.
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2.4 Concept-Level Alignment

Semantic concepts may appear at disparate levels in the abstraction hierarchy
across modalities. A concept may be highly complex in the visual modality, while
being expressible with a single token in the language modality, and vice versa.
This results in a concept-level mismatch between images and text. Although an
asymmetric architecture that subjects image inputs to greater processing than
text inputs prior to fusion addresses the intrinsic disparity in the semantic ab-
straction between image and text data, it does not guarantee that the visual
embeddings Ev(I) = {v⃗cls, v⃗1, . . . , v⃗N} express concepts that are commonly de-
scribed with language, or even possible to describe with language. Furthermore,
it is possible that during the alignment process, the unimodal representations
may degrade, because the emphasis is only on alignment.

To address this, we design a high-level alignment task in which the visual rep-
resentation is aligned to represent concepts expressible by the language encoder
by teaching it to label images with language concepts associated to the image,
which also maintains the quality of the unimodal visual representation. We use
the self-attention map of the multimodal [CLS] token to determine which lan-
guage tokens within the text are most salient to the image-text pair. We choose k
of the most salient tokens as pseudo-labels for the image, and generate a ”hard”
2-D binary target vector yPSL ∈ RV , where V is the number of tokens known to
the language model, and a 1 in the [0][i]-th position indicates the i-th token is
a target pseudo-label and a 1 in the [1][j]-th position indicates the j-th token is
not a target. We seek to minimize

LPSL = − 1

V

V∑
i=1

yPSL
i · log

(
σ(pPSL

i )
)
+
(
1− yPSL

i

)
· log

(
1− σ(pPSL

i )
)

(8)

where pPSL is the output of a single fully-connected layer placed atop the uni-
modal image [CLS] token, σ(·) is a sigmoid function used the clamp the output
of the fully-connected layer between 0 and 1, and V is the number of tokens in
the vocabulary of the tokenizer. This corresponds to multi-label loss where the
model is trained to predict which language concepts (corresponding to tokens)
are present in the image, using only the image context. However, the binary
pseudolabels yPSL may fail to capture relevant concepts in the image, because
the caption typically only describes a small number of aspects of an image. To
provide a stronger self-supervisory signal, we use the momentum model as a
teacher and minimize the K-L divergence between the predicted pseudolabels
and the momentum pseudolabels. This can be expressed as a distillation loss
where p′PSL is the vector of momentum pseudolabel predictions.

Lmod
PSL = (1−α)LPSL−

α

V

V∑
i=1

p′PSL
i ·log

(
σ(pPSL

i )
)
+
(
1− p′PSL

i

)
·log

(
1− σ(pPSL

i )
)

(9)
The full pre-training objective can be expressed as

L = Lmod
itc + Lmod

xmm + Litm + Lmod
PSL (10)
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2.5 Implementation Details

We initialize the bottom 12 layers of the transformer encoder stack dedicated to
vision (corresponding to the visual encoder) with the weights and architecture
ViT/B-16 vision transformer [11], which is equipped with self-attention only.
We initialize the top 12 multimodal layers of the transformer encoder stack
(corresponding to the shared text / multimodal encoder) with the weights and
architecture of BERT [9], with cross-attention. We pre-train the model for 30
epochs on 8 NVIDIA A100 GPUs with a batch size of 512. During pre-training,
random 256 × 256 crops of images are used and input, and RandAugment [8]
is applied to the images with color changes removed, following [24]. We set the
momentum coefficient to 0.995, and linearly scale the distillation coefficient α
from 0 → 0.4 in the first epoch. We use an M = 65, 536 length memory queue.
The AdamW [32] optimizer is used to train the model, with a weight decay of
0.02 and a cosine learning rate scheduler with a linear warmup to 1e−4 followed
by a decay to 1e−5 in the subsequent epochs.

3 Experiments

Fig. 2. Self-attention maps of the visual [CLS] token from different heads.

3.1 Experimental Setup

Pretraining Data is constructed by concatenating four image-text datasets:
Conceptual Captions [45], SBU Captions [39], COCO[30] and Visual Genome
[22], for a total of 4M image-text pairs, identical to [6,24].
Image-Text Retrieval The goal of text retrieval (TR) is to retrieve texts
matching a query image. Image retrieval (IR) reverses the roles of the modal-
ities. We evaluate retrieval on MSCOCO [30] and Flickr30k [41]. We use the
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Karpathy[18] train/val/test splits for finetuning: 113k/5k/5k for MSCOCO and
29k/1k/1k for Flickr. For 0-shot retrieval on Flickr30k, we use the model fine-
tuned on COCO, following [24]. We use ITC (Eq. 2) and ITM losses (Eq. 5)
during fine-tuning. We finetune using a learning rate of 1e−5 for 10 epochs. For
fashion image retrieval, we use FashionGen[43], following the protocol of [13].
Fashion retrieval results and evaluation details are in the appendix.
Visual Question Answering (VQA) requires predicting an answer from an
(image, question) pair. Following [24], we treat the task as an text generation
problem using a auto-regressive decoder atop the multimodal encoder. For an-
swer generation, we use [CLS] as the start of sequence token and [SEP] as the
end of sequence token. The decoder is initialized from the multimodal encoder’s
weights and finetuned with a language modeling loss. We restrict the decoder to
generate answers from a predefined set 3k of candidate answers [20].
Visual Entailment is a visual reasoning task where a model must decide
whether an image (the premise) entails a sentence (hypothesis), contradicts it,
or is neutral. We stack a multi-layer perceptron atop the [CLS] token of the
multi-modal encoder and treat the task as a 3-way classification problem.
Visual Grounding requires localizing the image region corresponding to a text
description (referring expression). We use the RefCOCO+ dataset [58] with 141k
referring expressions for 20k images from the COCO dataset. Following [24], we
simulate a weakly supervised setting where the bounding box annotations are
not used during finetuning. The model is finetuned for 5 epochs in manner similar
to image-text retrieval.

Table 1. An ablation study on the components of the proposed approach. ITM: image-
text matching. ITC: image-text contrastive learning. MLM: masked language modeling.
MIM: masked image modeling. PLS: pseudo-label supervision.

Components Flickr30k True 0-shot (1k test set)

ITM ITC MLM MIM PLS TR@1 TR@5 TR@10 IR@1 IR@5 IR@10

(a) ✓ 6.1 9.3 11.6 7.3 10.4 11.7
(b) ✓ ✓ 73.1 85.9 88.5 56.6 79.0 83.6
(c) ✓ ✓ ✓ 84.0 96.4 97.8 69.5 89.2 93.9
(d) ✓ ✓ ✓ ✓ 85.1 97.1 99.2 70.1 89.3 94.6
(d) ✓ ✓ ✓ ✓ ✓ 86.2 97.2 98.7 69.5 90.2 94.7

3.2 Results and Discussion

We run each fine-tuning experiment five times with different random seeds, and
report the mean and standard deviation in the following tables.

Zero-shot Retrieval Table 2 reports results on zero-shot image-text retrieval.
Our SIMLA model outperforms both CLIP [42] and ALIGN [17], which were
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trained on 100x and 300x more pairs respectively. We achieve better Rank-1
performance on both text and image retrieval compared to ALBEF [24].

Table 2. Zero-shot image-text retrieval results on Flickr30K.

Method
# Pre-train Flickr30K (1K test set)

Images TR IR

R@1 R@5 R@10 R@1 R@5 R@10
UNITER 4M 83.6 95.7 97.7 68.7 89.2 93.9
CLIP 400M 88.0 98.7 99.4 68.7 90.6 95.2
ALIGN 1.2 B 88.6 98.7 99.7 75.7 93.8 96.8
ALBEF 4M 90.5 98.8 99.7 76.8 93.7 96.7

SIMLA 4M 91.9 98.6 99.1 78.1 93.9 96.7
Std. Dev ±0.4 ±0.4 ±0.2 ±0.4 ±0.3 ±0.2

3.3 Image-Text Retrieval

Table 3 reports results on fine-tuned image-text retrieval. Our SIMLA model
outperforms all other approaches on Rank-1 retrieval across both modalities and
dataset, with a substantial (3%) increase over ALBEF [24] and a (6%) increase
over OSCAR [28] on Rank-1 MSCOCO text retrieval.

3.4 VQA/NLVR/SNLI-VE

Table 4 compares the performance of SIMLA to existing methods on vision-
language understanding tasks. SIMLA achieves state of the art performance,
outperforming methods that use object annotations [28] adversarial training [12],
and dual stream architectures [24].

3.5 Weakly-Supervised Visual Grounding

We show results on RefCOCO+ in Table 5. We outperform ALBEF [24], which
itself outperforms existing methods by ≈ 10%−30%, by 1.5% and 1.2% on TestA
and TestB respectively. We ground a referring expression in an image using Grad-
CAM [44] on the cross-attention maps in the 8th layer of the multimodal encoder,
using the gradients of the image-text matching score pitm(I, T ) for a text-image
pair (I, T ). In Figure 3, we visualize the Grad-CAM to show the grounding and
fine-grained alignment ability of the model.

Data Efficiency The additional pretraining tasks of SIMLA result in a stronger
training signal that allow the model to learn faster with fewer training steps. In
Figure 4, we show zero-shot image-text retrieval accuracy as both ALBEF and
SIMLA train. SIMLA’s zero-shot accuracy smoothly and quickly rises in the
beginning stages of training, compared to the more gradual and rocky climb of
ALBEF.
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Table 3. Fine-tuned image-text retrieval results on Flickr30K and MSCOCO.

Method Pairs
Flickr30K (1k test set) MSCOCO (5k test set)
TR IR TR IR

R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10
UNITER 4M 87.3 98.0 99.2 75.6 94.1 96.8 65.7 88.6 93.8 52.9 79.9 88.0
VILLA 4M 87.9 97.5 98.8 76.3 94.2 96.8 − − − − − −
OSCAR 4M − − − − − − 70.0 91.1 95.5 54.0 80.8 88.5
ALBEF 4M 94.3 99.4 99.8 82.8 96.7 98.4 73.1 91.4 96.0 56.8 81.5 89.2

SIMLA 4M 94.7 99.5 99.7 83.3 96.5 98.2 75.8 92.9 96.2 57.7 81.9 92.0
Std. Dev ±0.2 ±0.1 ±0.1 ±0.2 ±0.2 ±0.1 ±0.3 ±0.3 ±0.1 ±0.2 ±0.4 ±0.55

Table 4. Comparison with state-of-the-art methods on downstream vision-language
tasks. ALBEF results are from our reproduction, due to expired URLs in NLVR. SNLI-
VE results may be noisy due to label errors [10].

Model
VQA NLVR2 SNLI-VE

test-dev test-std dev test-P val test

VisualBERT [25] 70.8 71.0 67.4 67.0 - -
VL-BERT [47] 71.16 - - - - -
LXMERT [48] 72.4 72.5 74.9 74.5 - -
12-in-1 [34] 73.2 - - 78.9 - 77.0
UNITER [6] 72.7 72.9 77.2 77.9 78.6 78.3
VL-BART/T5 [7] - 71.3 - 73.6 - -
ViLT [21] 70.9 - 75.2 76.2 - -
OSCAR [28] 73.2 73.4 78.1 78.4 - -
VILLA [12] 73.6 73.7 78.4 79.3 79.5 79.0
ALBEF [24] 74.5 74.7 79.2 80.0 79.1 80.1

SIMLA 74.5 74.8 79.8 79.5 79.6 80.2
Std. Dev ±0.1 ±0.1 ±0.4 ±0.5 ±0.2 ±0.3

Table 5. Weakly-supervised visual grounding on RefCOCO+ [59] dataset.

Method Val TestA TestB

ARN [31] 32.8 34.4 32.1
CCL [63] 34.3 36.9 33.6
ALBEF [24] 58.5 65.9 46.3

SIMLA 58.1 67.4 47.5
Std. Dev ±0.5 ±0.29 ±0.33

Ablation Study In Table 1, we study the effect of the various losses on image-
text retrieval performance. Training with only the image-text matching (ITM)
loss provides only a weak supervisory signal. Explicit alignment is crucial, and
each level of alignment provides an increase in performance. Global alignment
(Litc) provides the largest boost in performance, but fine-grained alignment
(Lmim + Lmlm) is crucial for increasing performance, and pseudo-label supervi-
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"shoe" "sky" "metal flying object" "soft fluffy clouds""face" "woman in blue shirt"

Fig. 3. Examples of fine-grained alignment learned by SIMLA. The model can ground
abstract concepts (e.g. metal flying object) in addition to simple concepts (e.g shoe).

GPU HoursSIMLA ALBEF

Fig. 4. True zero-shot fast retrieval accuracy on the Flickr30K test set as a function
of training time. SIMLA achieves higher accuracy in less training time than ALBEF.

sion (Lpsl) successfully exploits additional supervisory signals to learn a better-
aligned representation.

Qualitative Results In Figure 5, we show examples of pseudolabels generated
by the momentum models. When the captions are nondescriptive, the pseudola-
bels provide a strong surrogate supervisory signal that grounds the content of
the image in natural language concepts. Even when the captions are descriptive
(bottom middle of Figure 5), the pseudolabels provide additional supervision by
requiring the visual representation to reflect concepts present in the image but
not in the caption. We show self-attention maps obtained from the [CLS] token
of the visual encoder in Figure 2. Different heads of the visual encoder work to-
gether to decompose a scene, with heads focusing on various parts of the scene.
The subjects of attention correspond to the visual concepts humans are most
likely to notice, even in cluttered or dense scenes. The attention map segments
objects well, despite having no access to object-level annotations and receiving
supervision from oftentimes noisy captions.

3.6 Parameter Count and Inference Speed

In Tables 2, 3 and 4, we report results against the large sized versions of
UNITER [6], OSCAR [28] and VILLA [12], which have ≈ 335M parameters
and a depth of 24 transformer encoder layers. SIMLA has equivalent depth (24
layers) with fewer parameters (223M) due to parameter sharing. SIMLA is also
substantially faster at inference time (7.2 pairs / second vs ≈ 1.1 pairs / second
for UNITER/VILLA/OSCAR) due to the dual-encoder design shared with AL-
BEF [24], in which the text/image encoders can be used separately to quickly
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Fig. 5. Examples of pseudolabels used for pseudolabel supervision, obtained by decod-
ing high-probability concept head logits from the momentum encoders.

retrieve the top-k candidates matching a query, and re-ranking them using the
slower multimodal encoder.

4 Related Work

4.1 Vision Language Pretraining

Early transformer-based [50,9] vision language pretraining techniques [25,33,48,6]
required an pretrained object detector and were limited to visual categories the
object detector could identify. Recent contrastive-image text learners such as
CLIP[42] do not rely on object detectors and understand a far wider range of
visual concepts. However, CLIP relies on a massive dataset (400m pairs) to
overcome label noise. Several methods [24,29,62,55,14] have been proposed for
data-efficient pretraining. DeCLIP [29] exploits inter/intra-modality supervision
to train a CLIP-like model with less data, similar to [55]. ALBEF[24] proposes
a contrastive alignment followed by deeper fusion with a multimodal encoder.
Methods such as BLIP[23], CoCa[57], SimVLM [52], UNIMO [26,27] incorporate
a decoder and add image-to-text generation as an auxillary task. Other lines of
work on vision-language foundation models [5] are multi-task models [1,60,51,46]
or foundation model ensembles [61,54,5]. We propose a data-efficient, detector-
free pretraining approach, architecturally similar to [24], but with additional
supervision for the visual encoder to learn key words (high level concepts) that
are present in the image, as well as a symmetric cross-modality reconstruction
task inspired by the masked image modeling techniques of [4,64].
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4.2 Fusion Methods

Existing fusion techniques can be broadly classified into three categories: early
[40],[53], middle [19,36,36], and late fusion [3,42,33,17]. Late fusion (e.g. CLIP)
is the dominant approach due to its scalability and encodes input modalities
separately using unimodal encoders and fuses the resulting representations at
the end. However, each modality can have different levels of information density.
For example, [2] shows audio and video to have fine-grained information while
text has coarse-grained information, and [62] draws the conclusion that in dual-
stream contrastive architectures, the strength of the visual encoder matters more
than that of the language encoder. It is thus essential to consider the information
density of the input modalities for fusion. Compared to language, images require
significant processing to extract useful semantic information, but current dual-
stream approaches [42,62,29] apply the same amount of of processing to both. In
contrast, we use a single stream architecture where the input modalities undergo
asymmetric processing before fusion. OSCAR[28], UNITER[6] and VilBERT[33]
also include a similar patch-level concept prediction task, but they use region
labels produced by a pretrained object detector as prediction targets. SIMLA is
fully self-supervised, and needs no labels, bounding boxes, or object detectors.

5 Conclusion

We propose SIMLA, a framework for vision-language pretraining. In contrast to
contemporary dual-stream approaches that employ symmetric encoders and in-
troduce multimodal interactions after unimodal representation learning, SIMLA
uses a single-stream architecture with asymmetric depth of processing for each
modality and enables earlier multimodal interactions. SIMLA aligns images and
text on multiple levels, and explicitly enriches the visual modality with pseudo-
label supervision to ensure similar levels of conceptual abstraction in the rep-
resentations before fusion. We empirically verify the strength of the approach
and achieve state-of-the-art results on image-text retrieval, natural language vi-
sual grounding, and vision language reasoning tasks. Finally, we show that the
additional training tasks provide additional supervision that increases the data
efficiency of SIMLA relative to other state-of-the-art approaches.
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Tramèr, F., Wang, R.E., Wang, W., Wu, B., Wu, J., Wu, Y., Xie, S.M., Yasunaga,
M., You, J., Zaharia, M.A., Zhang, M., Zhang, T., Zhang, X., Zhang, Y., Zheng, L.,
Zhou, K., Liang, P.: On the opportunities and risks of foundation models. ArXiv
abs/2108.07258 (2021) 13

6. Chen, Y., Li, L., Yu, L., Kholy, A.E., Ahmed, F., Gan, Z., Cheng, Y., Liu, J.:
UNITER: universal image-text representation learning. In: ECCV. vol. 12375, pp.
104–120 (2020) 1, 8, 11, 12, 13, 14

7. Cho, J., Lei, J., Tan, H., Bansal, M.: Unifying vision-and-language tasks via text
generation. arXiv preprint arXiv:2102.02779 (2021) 11

8. Cubuk, E.D., Zoph, B., Shlens, J., Le, Q.V.: Randaugment: Practical automated
data augmentation with a reduced search space. In: CVPRWorkshops. pp. 702–703
(2020) 8

9. Devlin, J., Chang, M., Lee, K., Toutanova, K.: BERT: pre-training of deep bidirec-
tional transformers for language understanding. In: Burstein, J., Doran, C., Solorio,
T. (eds.) NAACL. pp. 4171–4186 (2019) 6, 8, 13

10. Do, V., Camburu, O.M., Akata, Z., Lukasiewicz, T.: e-snli-ve-2.0: Corrected visual-
textual entailment with natural language explanations. ArXiv abs/2004.03744
(2020) 11

11. Dosovitskiy, A., Beyer, L., Kolesnikov, A., Weissenborn, D., Zhai, X., Unterthiner,
T., Dehghani, M., Minderer, M., Heigold, G., Gelly, S., Uszkoreit, J., Houlsby, N.:

https://arxiv.org/abs/2106.08254


16 Z. Khan et al.

An image is worth 16x16 words: Transformers for image recognition at scale. In:
ICLR (2021) 3, 8

12. Gan, Z., Chen, Y., Li, L., Zhu, C., Cheng, Y., Liu, J.: Large-scale adversarial
training for vision-and-language representation learning. In: Larochelle, H., Ran-
zato, M., Hadsell, R., Balcan, M., Lin, H. (eds.) NeurIPS (2020) 10, 11, 12

13. Gao, D., Jin, L., Chen, B., Qiu, M., Wei, Y., Hu, Y., Wang, H.J.: Fashionbert:
Text and image matching with adaptive loss for cross-modal retrieval. Proceedings
of the 43rd International ACM SIGIR Conference on Research and Development
in Information Retrieval (2020) 9

14. Goel, S., Bansal, H., Bhatia, S.K., Rossi, R.A., Vinay, V., Grover, A.: Cyclip: Cyclic
contrastive language-image pretraining. ArXiv abs/2205.14459 (2022) 1, 13

15. He, K., Fan, H., Wu, Y., Xie, S., Girshick, R.: Momentum contrast for unsupervised
visual representation learning. In: CVPR (2020) 4

16. Hinton, G., Vinyals, O., Dean, J.: Distilling the knowledge in a neural network.
arXiv preprint arXiv:1503.02531 (2015) 5

17. Jia, C., Yang, Y., Xia, Y., Chen, Y.T., Parekh, Z., Pham, H., Le, Q.V., Sung, Y.,
Li, Z., Duerig, T.: Scaling up visual and vision-language representation learning
with noisy text supervision. arXiv preprint arXiv:2102.05918 (2021) 1, 2, 4, 9, 14

18. Karpathy, A., Li, F.: Deep visual-semantic alignments for generating image de-
scriptions. In: CVPR. pp. 3128–3137 (2015) 9

19. Kazakos, E., Nagrani, A., Zisserman, A., Damen, D.: Epic-fusion: Audio-visual
temporal binding for egocentric action recognition. CoRR abs/1908.08498 (2019)
14

20. Kim, J., Jun, J., Zhang, B.: Bilinear attention networks. In: Bengio, S., Wallach,
H.M., Larochelle, H., Grauman, K., Cesa-Bianchi, N., Garnett, R. (eds.) NIPS. pp.
1571–1581 (2018) 9

21. Kim, W., Son, B., Kim, I.: Vilt: Vision-and-language transformer without convo-
lution or region supervision. arXiv preprint arXiv:2102.03334 (2021) 11

22. Krishna, R., Zhu, Y., Groth, O., Johnson, J., Hata, K., Kravitz, J., Chen, S., Kalan-
tidis, Y., Li, L., Shamma, D.A., Bernstein, M.S., Fei-Fei, L.: Visual genome: Con-
necting language and vision using crowdsourced dense image annotations. IJCV
123(1), 32–73 (2017) 8

23. Li, J., Li, D., Xiong, C., Hoi, S.C.H.: Blip: Bootstrapping language-image pre-
training for unified vision-language understanding and generation. In: ICML (2022)
13

24. Li, J., Selvaraju, R.R., Gotmare, A.D., Joty, S., Xiong, C., Hoi, S.: Align before
fuse: Vision and language representation learning with momentum distillation. In:
NeurIPS (2021) 2, 5, 8, 9, 10, 11, 12, 13

25. Li, L.H., Yatskar, M., Yin, D., Hsieh, C., Chang, K.: Visualbert: A simple and
performant baseline for vision and language. arXiv preprint arXiv:1908.03557
abs/1908.03557 (2019) 11, 13

26. Li, W., Gao, C., Niu, G., Xiao, X., Liu, H., Liu, J., Wu, H., Wang, H.: Unimo:
Towards unified-modal understanding and generation via cross-modal contrastive
learning. ArXiv abs/2012.15409 (2021) 13

27. Li, W., Gao, C., Niu, G., Xiao, X., Liu, H., Liu, J., Wu, H., Wang, H.:
UNIMO-2: End-to-end unified vision-language grounded learning. In: Find-
ings of the Association for Computational Linguistics: ACL 2022. pp. 3187–
3201. Association for Computational Linguistics, Dublin, Ireland (May 2022).
https://doi.org/10.18653/v1/2022.findings-acl.251, https://aclanthology.org/

2022.findings-acl.251 13

https://doi.org/10.18653/v1/2022.findings-acl.251
https://aclanthology.org/2022.findings-acl.251
https://aclanthology.org/2022.findings-acl.251


Single-Stream Multi-Level Alignment for Vision-Language Pretraining 17

28. Li, X., Yin, X., Li, C., Zhang, P., Hu, X., Zhang, L., Wang, L., Hu, H., Dong,
L., Wei, F., Choi, Y., Gao, J.: Oscar: Object-semantics aligned pre-training for
vision-language tasks. In: ECCV. pp. 121–137 (2020) 10, 11, 12, 14

29. Li, Y., Liang, F., Zhao, L., Cui, Y., Ouyang, W., Shao, J., Yu, F., Yan, J.:
Supervision exists everywhere: A data efficient contrastive language-image pre-
training paradigm. In: International Conference on Learning Representations
(2022), https://openreview.net/forum?id=zq1iJkNk3uN 1, 13, 14

30. Lin, T., Maire, M., Belongie, S.J., Hays, J., Perona, P., Ramanan, D., Dollár, P.,
Zitnick, C.L.: Microsoft COCO: common objects in context. In: Fleet, D.J., Pajdla,
T., Schiele, B., Tuytelaars, T. (eds.) ECCV. vol. 8693, pp. 740–755 (2014) 8

31. Liu, X., Li, L., Wang, S., Zha, Z., Meng, D., Huang, Q.: Adaptive reconstruction
network for weakly supervised referring expression grounding. In: ICCV. pp. 2611–
2620 (2019) 11

32. Loshchilov, I., Hutter, F.: Decoupled weight decay regularization. arXiv preprint
arXiv:1711.05101 (2017) 8

33. Lu, J., Batra, D., Parikh, D., Lee, S.: Vilbert: Pretraining task-agnostic visiolinguis-
tic representations for vision-and-language tasks. In: Wallach, H.M., Larochelle, H.,
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