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Abstract

Vision transformers have established a precedent of patchi-
fying images into uniformly-sized chunks before process-
ing. We hypothesize that this design choice may limit mod-
els in learning comprehensive and compositional repre-
sentations from visual data. This paper explores the no-
tion of providing semantically-meaningful visual tokens to
transformer encoders within a vision-language pre-training
framework.  Leveraging off-the-shelf segmentation and
scene-graph models, we extract representations of instance
segmentation masks (referred to as tangible tokens) and re-
lationships and actions (referred to as intangible tokens).
Subsequently, we pre-train a vision-side transformer by in-
corporating these newly extracted tokens and aligning the
resultant embeddings with caption embeddings from a text-
side encoder. To capture the structural and semantic re-
lationships among visual tokens, we introduce additive at-
tention weights, which are used to compute self-attention
scores. Our experiments on COCO demonstrate notable
improvements over ViTs in learned representation quality
across text-to-image (+47%) and image-to-text retrieval
(+44%) tasks. Furthermore, we showcase the advantages
on compositionality benchmarks such as ARO (+18%) and
Winoground (+10%).

1. Introduction

Vision transformers (ViTs) [4, 14, 24] have emerged as
a groundbreaking innovation in the field of computer vi-
sion, leveraging the power of transformer architectures
[25] to process and interpret visual data. They also have
shown unprecendented performance in multi-modal setups
[11, 12, 19, 22, 30] where vision and language data are
aligned for downstream retrieval, question-answering, cap-
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tioning and other tasks. Tokenization is a key feature of
transformers where the input is split into small chunks
which are converted into vectors and then processed by the
model. Text sentences (in the English language) is generally
tokenized into words. Image data for ViTs is generally split
into a grid of equally sized patches and then flattened into
a sequence. Although this practice is widely accepted, we
propose a different approach to patchifying which attempts
to capture more high-level semantic information in patches.

Using off-the-shelf segmentation and scene-graph gen-
eration techniques, we extract panoptic segmentation mask
embeddings of all objects a given image and CLIP [19] text
embeddings of the actions or relationships between them.
We call the object embeddings as fangible tokens since
these are visible in the image and the relationship embed-
dings as the intangible tokens since these are not visible but
are still observable. Both sets of tokens have independent
semantic meaning, similar to words in a sentence but unlike
equal-sized patches in ViTs. We also extract other metadata
including image features, [subject, object, predicate] triplets
and K-nearest neighbors in the image for each object. This
metadata helps us capture both directional relationship and
relative position information for complete visual compre-
hension.

We demonstrate a proof-of-concept that applies such
semantically-meaningful tokens in visual representation
learning and study its potential. We train a transformer
model (called Visual Token Encoder) on the set extracted to-
kens of the COCO [13] dataset. We apply an additive atten-
tion mechanism using the relational and structural informa-
tion from the metadata, ranked by importance. The learned
image embeddings are contrastively aligned with the COCO
caption embeddings from the CLIP text encoder which is
fine-tuned alongside our model. We compare our method
with 2 other vision-language pre-training setups which fol-
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Figure 1. Training with meaningful visual tokens: We present a framework that uses off-the-shelf segmentation and relation extraction
models to prepare a set of tangible tokens (V) and intangible tokens (U) for any arbitrary image, along with directional semantic relation-
ships between them. These tokens and image features (1) are then passed as input to our visual token encoder (f(.)). We utilize the semantic
relation (€) and relative location (N) information of all tokens to compute additive attention weights, ranked by importance. The learned
image embeddings (s) are contrastively aligned with the text embeddings (t) of the CLIP text encoder (g(.)), which is simultaneously

fine-tuned with our model.

low the same training regime as ours but the image-side en-
coder is replaced with (i) A ViT (randomly-initialized) or
(i1) The CLIP image encoder (fine-tuned) and trained di-
rectly on COCO images.

Our experiments show that our tokenization process sig-
nificantly improves representation quality, resulting in a
47% improvement in text-to-image retrieval over a ViT and
9% over CLIP (fine-tuned) on the COCO validation split.
Moreover, we show improved compositional reasoning ca-
pabilities of the learned image representations by exploring
the ARO [29] and Winoground [23] benchmarks. Our Vi-
sual Token Encoder outperforms the ViT by 18% on ARO
and 9% on Winoground. These results indicate a promising
angle for upcoming research - to re-think better encoder ar-
chitectures that encapsulate high-level, semantic entities for
improved visual understanding.

2. Related Work

Transformers and ViTs. Transformers [25] have revolu-
tionized the field of natural language processing and have
been increasingly applied to computer vision tasks. The
self-attention mechanism in transformers enables the model
to capture long-range dependencies, making them highly ef-
fective for various applications. Vision Transformers (ViTs)
[4] introduced the concept of patching, where an image is

divided into fixed-size patches, and these patches are treated
as tokens similar to words in NLP tasks. This patching
approach allows transformers to process images efficiently,
leveraging their powerful attention mechanisms. However,
ViTs often struggle with computational efficiency and lo-
cal feature extraction. Subsequent ViT variants, such as
Swin Transformers [ 14], have introduced hierarchical struc-
tures that enhance the model’s ability to capture multi-scale
features. These hierarchical transformers divide the image
into non-overlapping windows and compute self-attention
within each window, allowing for better handling of larger
images and more detailed features.

Large-Scale Image Segmentation. In the realm of large-
scale image segmentation, several prominent models have
made significant strides in addressing complex visual tasks.
Among these, the Segment Anything Model (SAM) [9] and
Segment Everything Everywhere All At Once (SEEM) [33]
stand out due to their innovative approaches. These models
excel at dividing an image into different components and
parts, enabling detailed analysis and interpretation of com-
plex scenes by segmenting and categorizing each visual el-
ement distinctly. Building on their innovative frameworks,
they are adept at performing a variety of segmentation tasks,
including semantic segmentation [15], panoptic segmenta-
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Figure 2. Processing of text vs image data: In this simple illustration, we demonstrate the notable difference in how text and visual data
are processed by humans and transformers. Humans are capable of deciphering larger concepts from images (both tangible and intangible),

where each concept has independent semantic meaning.

tion [8], and instance segmentation [6].

Architectural Improvements. To enhance understand-
ing of complex images and processing them more effi-
ciently, various methods have explored novel techniques.
[5] introduced Vision GNN (ViG), which models images as
graphs by treating patches as nodes and their relationships
as edges, effectively capturing complex structures and spa-
tial relationships within images, thus outperforming tradi-
tional CNNs and transformers on some benchmarks. In an-
other approach, [17] presented Groma, a Multimodal Large
Language Model (MLLM) utilizing localized visual tok-
enization to handle region-level tasks effectively, demon-
strating superior performance on COCO [13] and Visual
Genome benchmarks by efficiently grounding textual out-
puts to specific image regions. [26] proposed the De-
formable Multi-Head Attention (DMHA) module in the De-
formable Attention Transformer (DAT), which dynamically
allocates key and value pairs to relevant regions, enhancing
representation power while reducing computational over-
head, achieving state-of-the-art results on benchmarks like
ImageNet [3], MS-COCO [13], and ADE20K [31]. Addi-
tionally, [2] introduced the Deformable Patch-based Trans-
former (DPT), featuring a Deformable Patch (DePatch)
module that dynamically adjusts patch positions and scales
to preserve local structures and semantic integrity, thereby
significantly improving performance in image classification
and object detection tasks.

3. Re-thinking Tokenization in Vision Trans-
formers

Text: Given a text corpus, tokenizers are typically con-
structed to concisely represent the text by capturing the
sentences with as few tokens as possible while maintain-
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ing meaningful information. A simple yet effective prac-
tice to tokenize is, by splitting a given sentence into con-
stituent words using delimiting characters like spaces, peri-
ods, commas, etc. This results in words that have semantic
(sometimes physical) meaning when considered indepen-
dently as well as in the sentence context. In Figure 2, we
show an example of the sentence A scenic view of the sea
with a dog in front and tokenize it into words such as a,
scenic, view, of, the, sea, etc. In majority of written lan-
guages (including English) humans are conditioned to read
a sentence word by word (right to left or left to right depend-
ing on the language). As we read each word, we associate
that word with its meaning and simultaneously deduce the
meaning of the sentence. The design of transformers and to-
kenization therefore makes intuitive sense as it closely mim-
ics how humans process sentences.

Image: Visual tokenizers (in ViTs), on the other hand,
treat images as a grid of patches, which are then flattened
into a sequence and processed with several multi-head at-
tention layers. Specifically, an image of size 224 x 224 is di-
vided into small, equally-sized patches (say 16 x 16), result-
ing in 196 patches or fokens which are processed as if they
were a sequence. This process of tokenization was adapted
from transformers for text data. But unlike text data, each
visual token (or patch) does not always have independent
semantic meaning. This is illustrated in Figure 2, where to-
kens 3, 4, 13, and 16, when examined independently, have
ambiguous semantic and physical meaning. For example,
token 3 and 4 can be associated with a blue marble stone,
and 16 can be associated with brushed metal. Each token
needs to be studied in the context of the surrounding tokens
or the entire image to be associated with a physical mean-
ing. Therefore, there is a fundamental difference in the sig-
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Figure 3. Using off-the-shelf models to extract tokens: We extract image features (1) and mask embeddings ()) from a panoptic
segmentation model. Next, we pass pairs of object masks to a relation extractor and collect the highly probable relationships (£). We
compute CLIP text embeddings of all relationships ({/). This information is distilled into a scene graph representing the image as shown.

nificance of text tokens and visual tokens although they are
processed by transformer architectures in almost identical
manners.

An alternative approach is to divide up the image into
larger entities that each have independent physical mean-
ing. Each of these entities possesses several observable con-
stituent attributes. For example, in Figure 2, we have sky,
mountain, grass, sea, dog, etc., where the grass is green
with small yellow flowers and the mountain is rocky with
alpine trees. Apart from these physical entities, we also
draw several conclusions that are not necessarily associated
with tangible (or visible) concepts. For example, the sea
is in front of the mountain, the dog is sitting on the rock,
and the rock lies on the grass. Both sets of entities, tangible
and intangible, play a vital role in fully comprehending the
image.

Our observation leads us to propose a set of modifica-
tions to the transformer architecture so that images are to-
kenized and processed in a more semantically meaningful
way. In the next section, we define tangible and intangi-
ble tokens and describe how these can be extracted for any
given image using off-the-shelf models. We hypothesize
that this tokenization strategy facilitates the transformer’s
ability to process and reason about the various objects and
their interrelationships, as each high-level visual entity is
represented as an individual token readily accessible to the
transformer.

4. Approach

4.1. Using Off-the-shelf Models to Extract Visual
Tokens

Let’s consider a real-world image x which may contain sev-
eral entities, both in the foreground and background. We de-
fine the set of tangible entities (tokens) as V. ) may include
several items of varying sizes, ranging from small details
like the coffee cup in Figure 3 to much larger entities like
the trees in the background. As discussed in Section 3, there
are several observable components in the image that cannot
be localized. These entities usually correspond to actions or
relationships among objects in the scene. We denote this set
of intangible entities (tokens) as U.
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We utilize an off-the-shelf instance segmentation model
titted Segment Everything Everywhere All At Once
(SEEM) [33] to extract mask embeddings of all the tangi-
ble tokens V = vi,vs,...,v,,. These mask embeddings
are outputs from an X-Decoder head [32] which encode
both localization and object-related information. We set
a threshold on the instance segmentation scores to 0.9 to
select only high-scoring detections. We hypothesize that
these mask embeddings capture visual information of the
corresponding objects within the context of the given im-
age more effectively than extracting separate embeddings
for each bounding box using off-the-shelf image encoders
like DINO [18] or CLIP [19].

In addition to V, we also extract global image features
(1) computed by the segmenter. SEEM, like most segmen-
tation models, follows a U-Net [20] design which contracts
and expands the image input to result in localized bounding
boxes and masks. We therefore collect 2-D average pooled
image features at each layer and finally concatenate the re-
sulting vectors.

Next, we extract the set of intangible tokens U/ using
the Relate-Anything Model (RAM). RAM is built on the
Segment-Anything Model (SAM) [9] and is trained on the
Panoptic Scene Graph Generation dataset (PSG) [27] to rea-
son about relationships between any two arbitrary object
masks provided with an input image. After extracting the
tangible token vectors (mask embeddings) V, we pass pairs
of 2D masks corresponding to (v4,vp),1 < a,b < V| to
RAM to obtain a prediction for the relationship between the
corresponding objects. We set a threshold on the classifi-
cation score at 0.05 (as specified by the RAM model) to
select only high-scoring relationships. We then embed the
relationship class using the CLIP text encoder. This process
results in a set of intangible tokens U/ = uy,us, ..., Uyy.

Finally, we also extract the directional (subject, object,
predicate) triplet indices, denoted by & = {(a,b,c) : 1 <
a,b < |V|,1 < ¢ < |U],Ve}. This means that the subject
a is performing the action ¢, received by the object b, and
the term object in this context refers to the part-of-sentence
tag in language terminology (a, b, c are indices of corre-
sponding tokens or visual entities). These triplets capture
the semantic correlation between tangible and intangible to-



kens, resulting in a scene graph of vector nodes and vector
edges as illustrated in Figure 3. Beyond scene graphs, we
also obtain structural information on how objects are co-
located in the image by computing the 4-nearest neighbors
of each tangible token. Specifically, for every instance we
discover from the segmenter, we rank the 4-nearest neigh-
bor instances by computing the Euclidean distance between
the centers of the bounding boxes. We formally define this
setas N = {(n{”),1 < i < |V|,Va, k € [1,2,3,4]}.

We note that our method of extracting tokens can be
substituted with alternative segmentation models or scene
graph generation methods [27]. Scene graph datasets like
Visual Genome [10] provide pre-defined image graphs with
object and relationship sets. Our goal of extracting seman-
tic tokens is to capture larger, concrete visual entities as to-
ken embeddings rather than tiny patches that are flattened.
Therefore, alternate approaches to extract object masks and
embeddings can be used in our framework as long as the
stated goal is met.

In summary, our token extraction process uses an off-the-
shelf segmenter and relation extractor to obtain (i) Image
features, denoted by 1, (ii) Set of tangible tokens, denoted
by V = {vy1,va,...v,}, (iii) Set of intangible tokens, de-
noted by U = {uy, ua,...u,,}, (iv) Set of (subject, object,
predicate) triplets, denoted by £ = {(a,b,¢) : 1 < a,b <
[V|,1 < ¢ < |U|,¥e}, (v) Set of 4-nearest neighbors, de-
noted by N’ = {(n{*),1 < a < [V|,Va, k € [1,2,3,4]}.
We outline this process in Figure 3.

4.2. Training with Additive Attention

In this section, we explain the process of training our model
using all the elements we extracted in Section 4.1. Rather
than training a vision transformer on image data, we train a
transformer model f(-) on the extracted token vectors. To
this end, we prepare each sample 7 from the training data
as a concatenated set of 1; (image features), V; (tangible to-
kens), and /; (intangible tokens). We formally define this
set as 7; = {1;} UV; UU;. Similar to text tokens in a
transformer, where each token has independent meaning,
we now have a set of visual tokens where each token has
some semantic association. Since each component of 7;
is extracted in a unique manner, involving different deep
networks, we add separate positional embeddings to each
token based on its type. Specifically, we initialize 3 learn-
able positional embeddings p.,, p., and p;, and add them
to each token: v=v +p, Vv € V;,u=u+ p,Vu € UY;,
l; =1; + pi.

The tokens and positional encodings account for most of
the visual information available in the given image, includ-
ing intangible information about actions and relationships.
However, the structural connectivity between tokens as il-
lustrated in Figure 3 is still lacking. Since our data is of
graph structure, it makes intuitive sense to use Graph Neural
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Networks and variants [7, 21] as primary encoders. How-
ever, the scaling and computational complexity of these
models make us explore a simpler idea. Transformers, on
the other hand, are a proven recipe to train large-scale mod-
els efficiently and learn generalizable representations. The
attention mechanism [25] already encapsulates varying lev-
els of importance between tokens and their neighbors.

In the context of text data, attention allows us to identify
strong correlations of each word with surrounding words
simultaneously as models make sense out of a given sen-
tence. In our setup, we have several tangible tokens, corre-
lated with each other in two manners defined by i) Semantic
relations that we extract as intangible tokens ¢/ and (sub-
ject, object, predicate) triplets £ and ii) Relative positions
in the image defined by the set of nearest neighbors A/. We
therefore simulate both of these correlations by applying a
ranked additive weight to the computed attention scores be-
tween each pair of tokens.

We prepare a weight matrix A; € RI7IXI7| for any 4t*
data sample. We populate A; with 7 types of relationships
between the tokens in 7;, ranked by their importance in im-
age comprehension.

s if (a,b, ) eé&;

if (a,.,b) € & or (.,a,b) € &;
, if (b,.,a) € & or (., b,a) €&;
ith=N" k={1,2,34)

A(aab) —

i =

)

Here, a and b represent the indices of any pair of tokens
in the given set 7; and for simplicity of notation, we di-
rectly denote (subject, object, predicate) sets using a and b.
With reference to the scene graph shown in Figure 4.1, the
ranks are applied as (i) 7 for a directional node to node con-
nection, (ii) 6 for every node to edge connection (person
to beside, tree to beside), (iii) 5 for edge to node connec-
tions (beside to person and beside to tree), (iv) 4, 3, 2, 1 for
the first to the fourth nearest neighbor (in the image) of the
given node respectively.

We define an attention weight encoding a € R® that is
learned based on the rankings in the attention weight matrix
A; for all samples. The first element in a is set to 0 and
each subsequent element is learned such that the difference
between that element and the previous element is equal to a
rank {1,2,..7}. This is done simply by computing the cu-
mulative sum, cumsum(exp(a)) and substituting each rank
in A; with the learned rank weight in cumsum/(exp(a)).
Finally, we add this updated learned weight matrix A; to
the computed self-attention score across all attention heads
in our model.

We deploy our visual token encoder that applies all of the
strategies described above in a vision-language pre-training
setup. As shown in Figure 1, we preprocess every image
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Figure 4. Learned Representations: In text-to-image and image-to-text retrieval accuracy, we observe that our visual token encoders
perform best beating both CLIP (fine-tuned) and ViT-s/16 baselines. We also show the average diagonal and off-diagonal similarity of the
learned representations across training iterations. From these plots, we observe that the contrast is strongest for our visual token encoder

when additive attention is not used.

in the training data using our visual tokenization method,
which extracts the set of tokens 7 and prepares attention
rank matrices A for those tokens. The token embeddings
are padded to a fixed context length and added to positional
encodings p,, Pu, and p;. The tokens, along with the at-
tention weight matrix (computed using a and A;), are fed
into our visual token encoder, f(-), which follows a stan-
dard transformer architecture to extract fixed-length image
embeddings s. We simultaneously also train a text encoder,
g(+) (also a transformer), on the image captions to extract
fixed-length text embeddings t. We follow the CLIP [19]
optimization, which applies a simple contrastive loss be-
tween all s;’s and ¢;’s in large batches.

Practically, training this model is more efficient com-
pared to ViTs and CLIP since we process relatively low-
dimensional data compared to high-dimensional large im-
ages. We use a context length of 77 during token extraction
and our token embedding width is 512 (arising from the seg-
mentation model). Therefore, each sample is of 77 x 512
dimensions along with A, a |T| x |7 dimensional weight
matrix, where | 7| < 77. While the training speed and com-
pute cost is significantly lower, we cannot ignore the added
overhead of token extraction itself. The compute cost and
memory overhead comes from the segmentation and rela-
tion extraction process where each image needs to be pro-
cessed individually and the extracted token and metadata
need to be saved on the disk for training.

5. Results
5.1. Experimental Setup

Our experimental premise is to demonstrate a proof-of-
concept of our hypothesis stating - using semantically
meaningful tokens can be beneficial in learning compre-
hensive, compositional representations. For token extrac-
tion, as discussed in Section 4.1, we use the segmenter,
SEEM [9] (Focal-L [28] backbone) and relation extractor
RAM [27]. SEEM is trained on COCO [13] while RAM
is trained on the Panoptic Scene Graph Generation (PSG)
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dataset which contains 49K images arising from COCO and
Visual Genome [10]. We re-train RAM to use the segmen-
tation outputs from SEEM rather than SAM [9] to maintain
consistency. We extract and save all sets of tokens and meta-
data as listed in Section 4.1 for the COCO train (118M sam-
ples) and validation (5K samples) splits. We set our context
length to 77 tokens and add zero-padding, if needed.

Next, we train our Visual Token Encoder from scratch on
the synthesized COCO token dataset to confirm our hypoth-
esis. Our tangible and intangible tokens are of 512 dimen-
sions and we use a 3-layer MLP with ReL.U [1] activation to
project the concatenated intermediate image features from
the segmentation model backbone into 512 dimensions. We
use the PyTorch implementation of the Transformer model
using 8 layers and 8 attention heads with a linear projec-
tion head that dimension of 512. We simultaneously fine-
tune the CLIP (ViT-B/32) text encoder, which outputs 512-
dimensional text embeddings, on the COCO caption data by
loading 1 randomly sampled caption out of 5 per image in
the dataset.

We sweep over 4 learning rates
{1e75,5e¢7%,1e7° 5¢75} and choose the best performing
model. We use the AdamW optimizer [16] and train for
100 epochs, using a batch size of 256, with a warmup of
10 epochs and cosine annealing learning rate schedule. We
perform experiments with and without additive attention as
an ablation.

In order to understand the benefits of using our proposed
tokenization approach, we compare with 3 baseline setups
which are directly trained on image data using standard to-
kenization techniques i.e., image patchification. The first
setup replaces our tokenizer and transformer with a stan-
dard ViT [4] trained directly on COCO images. We use the
PyTorch implementation of the VisionTransformer model
and train a ViT-s/16 variant which has 8 layers and 8 atten-
tion heads, closely matching the architecture of our Visual
Token Encoder. We align the learned image embeddings
with the CLIP text embeddings in the same manner as de-
scribed above. Our second setup, is the pre-trained CLIP



Table 1. ARO Benchmark: We evaluate our model and baselines on 4 components of the ARO [29] benchmark and measure the accuracy
for each. We outperform both CLIP and ViT across VG-Relation, VG-Attribution and COCO-Order and beats the ViT on Flickr-Order. *
indicates models that are trained from scratch on COCO. FT indicates pretrained models that are fine-tuned on COCO.

Image Encoder

Text Encoder | VG-Relation | VG-Attribution | COCO-Order | Flickr-Order

CLIP CLIP 59.9 63.1 474 58.0
CLIPFT CLIPFT 65.8 65.9 56.4 32.7
ViT-s/16* CLIP'T 53.5 53.9 38.7 28.9

Visual Token Encoder* (Ours) FT
(without additive attn.) CLIP 678 64.1 17.2 348
Visual Token Encoder* (Ours) CLIPfT 68.9 66.2 56.8 41.4

Table 2. Winoground Benchmark: We evaluate our model and baselines on Winoground [23] and measure the 3 metrics given by the
dataset. Our model outperforms CLIP and ViT in the image correct and group correct metrics. * indicates models that are trained from
scratch on COCO. FT indicates pretrained models that are fine-tuned on COCO.

Image Encoder

Text Encoder | Text Correct | Image Correct | Group Correct

CLIP CLIP 30.75 10.50 8.00
CLIPFT CLIPFT 28.25 12.00 7.25
ViT-s/16* CLIPFT 18.00 13.00 7.00
Visual Token Encoder* (Ours) FT
(without additive attn.) CLIP 28.25 15.25 925
Visual Token Encoder* (Ours) CLIPFT 27.00 16.00 9.75
(ViT-B/32) model which is trained on very large-scale data iterations. We randomly sample 1 caption out of 5 per

[19] of roughly 400M samples. Finally, in our last setup, we
fine-tune the pre-trained CLIP (ViT-B/32) model on COCO
images and captions. This setup is similar to that of the ViT-
s/16 except CLIP is already pre-trained on a large amount of
data while the ViT is trained from scratch. We use the same
training pipeline described for our Visual Token Encoder for
all experiments - including number of epochs, learning rate
sweeps, optimizer, schedulers, etc. and all results are aver-
aged over 2 random seeds. Our Visual Token Encoder can
be trained efficiently using 2 A5000’s, however, the ViT-
s/16 and CLIP models need to be trained on 4 A6000’s.

5.2. Learned Representations

We measure several metrics through the course of training
our model and baselines to understand the quality of the
learned visual representations. As mentioned, in our train-
ing pipeline, we fine-tune the CLIP text encoder with a vi-
sion component which can be any one of (i) Visual Token
Encoder (Ours), (ii) Visual Token Encoder (Ours), without
Additive Attention, (iii) ViT-s/16 (iv) CLIP (fine-tuned). In
Figure 4, we show that the training loss converges across
all setups. The CLIP model which is already pre-trained
maintains a low loss through the course of training.

We evaluate the alignment between visual and text rep-
resentations by calculating the image-to-text and text-to-
image retrieval scores on the COCO validation split across
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COCO sample and compute all text and visual embeddings.
We then measure the zero-shot retrieval accuracy of match-
ing the closest image to a given text (text-to-image) and
closest text to a given image (image-to-text). These met-
rics are plotted in the second and third subfigures in Figure
4. We observe that the retrieval scores of our Visual To-
ken Encoder are the highest amongst all experiments. The
usage of additive attention results in 54.35 text-to-image re-
trieval accuracy which is a 9% improvement from the fine-
tuned CLIP model and 47% improvement over ViT-s/16.
This model also performs best for image-to-text retrieval
achieving 49.76 accuracy which is 4% improvement over
the fine-tuned CLIP model and a 44% improvement over
ViT-s/16. These results are especially noteworthy because
both our Visual Token Encoder and the ViT-s/16 are trained
from scratch to convergence on the same data (COCO) but
our method learns significantly more powerful representa-
tions. Our model also beats CLIP which is pre-trained on
1000x more data and fine-tuned on COCO for the same
number of iterations.

In the last two plots in Figure 4, we compare the av-
erage diagonal and off-diagonal similarities in the COCO
validation text-image embedding cosine similarity matrix.
Since the CLIP model has already converged, we do not
observe major changes in embedding similarity as training
progresses. Other models which are trained from scratch



show an increasing trajectory in the off-diagonal similar-
ity, followed by a decrease, finally leading to a similarity
score lower than that of the diagonal values. We observe the
strongest contrast between diagonal and off-diagonal scores
in our visual token encoder when additive attention is not
used and the weakest contrast in the ViT-s/16 model.

5.3. Compositionality Benchmarks

As vision-language models gained popularity, several fol-
low up works have challenged their compositional reason-
ing capabilities. Compositionality benchmarks like ARO
[29] and Winoground [23] propose a set of evaluation
datasets which can be used to understand the depth of
vision-language model reasoning. Both benchmarks have
highlighted the significant lack of compositional under-
standing in state-of-the-art vision language models like
CLIP. In this section, we study the behavior of the Visual
Token Encoder we proposed on these benchmarks, com-
pared to our baselines.

The ARO benchmark consists of 4 datasets - Vi-
sual Genome-Relation (VG-Relation), Visual Genome-
Attribution (VG-Attribution), COCO-Order and Flickr-
Order. A sample arising from VG-Relation and VG-
Attribution consists of an image with 2 caption options, a
correct caption and an incorrect caption where either the re-
lations (between objects) or the attributions (object proper-
ties) are interchanged across objects. Samples from COCO-
Order and Flickr-Order consist of an image and 5 caption
options, where only one is correct and the others have shuf-
fled words to test order sensitivity. The accuracy for each
dataset measures the percentage of images matched with the
correct caption by the given model using its corresponding
similarity metric (cosine similarity). We evaluate our model
and baselines on each of these datasets and present our re-
sults in Table 1.

In VG-Relation, VG-Attribution and COCO-Order
benchmarks, our model with additive attention performs
best, showing a 10% improvement over CLIP (off-the-shelf)
and 18% over ViT-s/16. We consider the ViT-s/16 as a fair
competitor with our model since it has seen the same data
(COCO train) and Visual Genome and Flickr are both out-
of-distribution datasets. In COCO-Order, we observe a de-
graded accuracy in our model when additive attention is not
used. Without additive attention, the visual tokens of COCO
are simply stacked and presented to the transformer with no
information of the nature of their relations. We suspect that
this prevents the model from choosing the correct permu-
tation of words in COCO-Order. Our model outperforms
the ViT in Flickr-Order but does not beat the CLIP (off-the-
shelf) baseline. This may be because Flickr may be closer
to the training distribution of 400 samples that CLIP has
seen.

Winoground, like ARO, also tests for relation and attri-
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bution reasoning. Each sample in Winoground consists of
2 images and 2 captions and the accuracy is measured by
a given model’s capability of associating the correct image
to the correct caption and vice versa. The resulting metrics
are Text Correct (assigning text to correct image), Image
Correct (assigning image to correct text) and Group Correct
(a combination of the previous two). In Table 2, we sum-
marize these metrics across our experiments. Compared
to ARO, Winoground is a harder benchmark where even
a large-scale model like CLIP only reaches a 10.50 image
correct score. Our model outperforms all others in image
correct and group correct scores showing 3% improvement
over ViT and 4% over CLIP (fine-tuned). We beat the ViT
by 10% on text correct scores with and without additive at-
tention. Our tokenization process is beneficial to the image
correct scores rather than text correct, because we attempt
to learn compositional image embeddings such that they are
better associated with correct captions.

6. Discussion

We challenge the premise of equal-sized patching in vision
transformers and propose to use variable-sized, semanti-
cally meaningful tokens for visual understanding. We use
off-the-shelf segmentation models and scene graph gener-
ation models which can detect high-level patches, such as
objects in real images, which possess independent physical
meaning. Additionally, we show that visual comprehension
can be enhanced with intangible tokens like actions and re-
lations that have semantic significance but are not physi-
cally localized in the image. We train a transformer model,
referred to as the Visual Token Encoder, on the extracted
set of tokens on the COCO dataset to learn image represen-
tations and align them with caption representations from a
fine-tuned CLIP text encoder. We incorporate other meta-
data, such as directional relationships and relative positions
of tokens, by applying additive attention weights ranked by
importance. These updates result in a 47% improvement in
text-to-image retrieval compared to using a Vision Trans-
former (ViT) and a 9% improvement over the fine-tuned
CLIP model. Additionally, we show an 18% improvement
over ViT in the ARO benchmark and a 10% improvement
in the Winoground benchmark, indicating that our Visual
Token Encoder produces higher-quality compositional rep-
resentations. Our contribution presents a proof-of-concept
for rethinking tokenization in vision models and the asso-
ciated potential benefits. Our findings open new avenues
for empirical and theoretical research, specifically: (i) How
does this tokenization approach perform in large-scale se-
tups? (ii) Can we develop a unified model for both scene-
graph generation and representation learning? (iii) How can
our tokenization method be made more compute and mem-
ory efficient?
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