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Abstract

Vision-language models (VLMs), such as CLIP and
ALIGN, are generally trained on datasets consisting of
image-caption pairs obtained from the web. However,
real-world multimodal datasets, such as healthcare data,
are significantly more complex: each image (e.g. X-ray)
is often paired with text (e.g. physician report) that de-
scribes many distinct attributes occurring in fine-grained
regions of the image. We refer to these samples as ex-
hibiting high pairwise complexity, since each image-text
pair can be decomposed into a large number of region-
attribute pairings. The extent to which VLMs can capture
fine-grained relationships between image regions and tex-
tual attributes when trained on such data has not been pre-
viously evaluated. The first key contribution of this work
is to demonstrate through systematic evaluations that as
the pairwise complexity of the training dataset increases,
standard VLMs struggle to learn region-attribute relation-
ships, exhibiting performance degradations of up to 37%
on retrieval tasks. In order to address this issue, we intro-
duce ViLLA as our second key contribution. ViLLA, which
is trained to capture fine-grained region-attribute relation-
ships from complex datasets, involves two components: (a)
a lightweight, self-supervised mapping model to decompose
image-text samples into region-attribute pairs, and (b) a
contrastive VLM to learn representations from generated
region-attribute pairs. We demonstrate with experiments
across four domains (synthetic, product, medical, and nat-
ural images) that ViLLA outperforms comparable VLMs on
fine-grained reasoning tasks, such as zero-shot object detec-
tion (up to 3.6 AP50 points on COCO and 0.6 mAP points
on LVIS) and retrieval (up to 14.2 R-Precision points)1.

1. Introduction
Vision-language models (VLMs), which jointly learn re-

lationships between images and text, have been shown in

1Code: https://github.com/StanfordMIMI/villa

recent years to be highly effective on a variety of classifica-
tion, retrieval, and robustness tasks [28, 17, 27, 8, 42, 9].
VLMs are trained on large-scale datasets consisting of
image-text pairs, where the text takes the form of a concise
caption (e.g. alt-text) describing salient attributes in the im-
age [28, 33, 34]. During training, VLMs generally model
the relationship between a paired image-text sample as a
one-to-one mapping: a single embedding of the entire im-
age is contrastively aligned with a single embedding of the
entire caption [28, 42, 17].

However, real-world multimodal datasets, such as those
obtained from healthcare settings or product databases, con-
sist of samples that are significantly more complex than
standard image-caption pairs [19, 3, 1, 25]. In particular,
real-world image-text samples include text that describes
many distinct attributes occurring in fine-grained regions of
the paired image. For example, medical images (e.g. X-
rays) are accompanied by detailed text reports describing a
variety of attributes (e.g. characteristics of organs, signs of
disease) that map to specific regions of the image [19, 3, 4].
We refer to these samples as exhibiting high pairwise com-
plexity, since each image-text pair can be decomposed into a
large number of fine-grained region-attribute pairings. Fig-
ure 1 provides a visual depiction of pairwise complexity.

Models with knowledge of region-attribute relationships
have been shown to exhibit numerous advantages, rang-
ing from improved performance on fine-grained tasks (such
as object detection) to improved subgroup robustness [43,
32, 29]. However, the extent to which standard one-to-
one VLMs can learn these fine-grained relationships when
trained on complex, real-world datasets is not currently well
understood2. Prior work [43] has observed that standard
one-to-one VLMs often struggle to learn region-attribute re-
lationships3, yet the specific effects of training dataset com-
plexity on the ability of a VLM to capture these relation-
ships have not been previously evaluated.

2As a motivating example, a VLM trained on X-rays should learn to
link the region of the heart to the attribute “enlarged heart” in the report.

3When CLIP is applied to a region-level object detection task, perfor-
mance is 40% lower than simply applying CLIP at the image level [43].
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Figure 1. (Left) We provide examples of image-text samples with varying complexities. Examples with low pairwise complexity are from
the CC3M dataset [34]. Textual attributes are in bold type, and corresponding image regions are marked with bounding boxes. (Right) We
introduce ViLLA, a representation learning approach that captures fine-grained relationships between image regions and textual attributes.

As our first key contribution in this work, we conduct
a systematic evaluation of the effects of training dataset
complexity on the fine-grained reasoning ability of standard
one-to-one VLMs. To this end, we introduce the pairwise
complexity score, which measures the number of region-
attribute pairings that can be composed from an image-text
sample. Then, we create a synthetic dataset DOCMNIST,
where the average pairwise complexity can be directly con-
trolled by altering the number of region-attribute pairs per
sample. We use DocMNIST to demonstrate that as the com-
plexity of the training data increases, a standard one-to-one
VLM demonstrates a performance drop of 36.9% on a text
→ region retrieval task and 20.5% on a region → text re-
trieval task, as measured by R-Precision scores. Our evalu-
ation suggests that standard one-to-one VLMs are not effec-
tive at capturing region-attribute relationships when trained
on datasets exhibiting high pairwise complexity.

Our findings demonstrate the need for a VLM that can
learn accurate relationships between image regions and
textual attributes when trained on complex multimodal
datasets. We establish the following two desiderata for
such a model. First, fine-grained relationships should be
learned without the need for ground-truth region-attribute
pairings, which are generally not provided in datasets and
are expensive to manually label (particularly in specialized
domains like healthcare). Second, representation learning
should be performed using standard one-to-one VLMs. De-
spite their current inability to capture region-attribute re-
lationships from complex datasets, one-to-one VLMs are
highly effective [28], widely-used, and less computationally
expensive than alternative fine-grained learning approaches
[37].

As our second key contribution, we present Vision-
Language Learning with Attributes (ViLLA), a self-
supervised multimodal representation learning approach

that satisfies the above desiderata. Our key insight is that
providing region-attribute pairs as training data to a stan-
dard one-to-one VLM helps improve the fine-grained rea-
soning ability of the model. ViLLA employs a two stage
pipeline, as shown in Figure 1. The first stage involves
training a lightweight mapping model to decompose image-
text samples into region-attribute pairs. Here, we model
the relationship between a paired image-text sample as a
many-to-many mapping; given a set of many candidate im-
age regions and a set of many textual attributes, we lever-
age self-supervision to learn a mapping between these sets.
Then, the second stage involves training a standard one-to-
one VLM on the generated region-attribute mappings.

We demonstrate with four multimodal training datasets
across various domains (synthetic images, product data,
medical images, and natural images) that ViLLA outper-
forms comparable one-to-one VLMs on fine-grained rea-
soning tasks, such as zero-shot object detection (up to 3.6
AP50 points on COCO and 0.6 mAP points on LVIS),
text→region retrieval (up to 14.2 R-Precision points), and
region→text retrieval (up to 7.8 R-Precision points). We
show that these improvements are a result of our region-
attribute mappings, which are up to 25.8 points more accu-
rate than prior approaches.

Our contributions are summarized below:

• We demonstrate through a series of systematic evalua-
tions that standard one-to-one VLMs struggle to learn
relationships between image regions and textual at-
tributes as training dataset complexity increases (lead-
ing to performance degradations of up to 37% on re-
trieval tasks). We also introduce DOCMNIST, a syn-
thetic, customizable training dataset that we hope will
be useful for future research on VLMs.

• We present ViLLA, a self-supervised multimodal rep-
resentation learning approach that can effectively learn
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fine-grained region-attribute relationships, particularly
when training datasets exhibit high pairwise complex-
ity. We demonstrate that our approach works effec-
tively across a variety of real-world domains, outper-
forming comparable methods across tasks including
zero-shot object detection (COCO and LVIS) and re-
trieval (CheXpert 5x200).

The rest of this paper is organized as follows. In Sec-
tion 2, we discuss related work. We formally introduce
the problem setting in Section 3, followed by our analysis
with DOCMNIST in Section 4. In Section 5, we introduce
ViLLA, and in Section 6, we present experimental results.
Finally, we conclude in Section 7.

2. Related Work

Our work builds on several recent research directions.
An extended discussion is provided in Appendix Section A.

One-to-One VLMs: Recent works have applied contrastive
self-supervised learning methods to multimodal datasets
[28, 17, 27, 42, 9]. During training, each image is pulled
towards an associated caption and pushed away from dis-
similar captions in the latent space.

Fine-Grained Representation Learning: Prior work has
shown that one-to-one VLMs often struggle to capture fine-
grained region-level information [26]. In particular, [43]
shows that CLIP, a widely-used one-to-one VLM, achieves
60% accuracy on an image-level classification task yet only
19% on a region-level classification task with a similar num-
ber of classes. The authors attribute the performance drop
to the fact that CLIP does not capture fine-grained relation-
ships between image regions and textual attributes. Addi-
tionally, [20] demonstrates that CLIP often fails to under-
stand subtle differences between images. Our work extends
these lines of research by systematically evaluating the ef-
fect of training dataset complexity on the fine-grained rea-
soning ability of one-to-one VLMs.

Several prior approaches have been proposed for learn-
ing fine-grained region-level information from image-text
datasets. One line of recent work leverages large quan-
tities of human-labeled region-text pairs during training
[22, 39, 35, 36]. However, obtaining human-annotated
region-text pairs is expensive, time-consuming, and diffi-
cult to extend to other domains. In order to mitigate the
need for human-annotated region-text pairs, [43] proposes
RegionCLIP, which uses the pretrained CLIP model [28] in
a zero-shot fashion to match candidate image regions with
plausible textual attributes. However, this approach relies
heavily on the CLIP model, which (a) has been shown to
work poorly on localizing regions to text [43] and (b) can-
not be accurately applied in a zero-shot fashion to out-of-
domain data (such as medical images) [28]. Here, ViLLA

aims to address these issues by introducing a specific train-
ing phase to learn region-attribute mappings, rather than di-
rectly using an off-the-shelf pretrained VLM model. Our
work is also inspired by open vocabulary object detection
[38, 23, 11, 29] and self-supervised patch-token alignment
[37, 21, 15] methods.
Learning from Real-World Multimodal Data: Our work
relates closely to prior studies that have developed VLMs
for medical [42, 40, 2, 15] and product datasets [1, 5, 41].
We extend these lines of research by developing an ap-
proach that can effectively learn fine-grained signal from
datasets with high pairwise complexity. We show that
ViLLA works effectively across multiple real-world do-
mains.

3. Preliminaries
In this section, we formally describe our problem set-

ting. Datasets used for training VLMs can be expressed
in the form D = {(xi, ti)}ni=1, where x ∈ X represents
image inputs and t ∈ T represents text. T often takes
the form of concise captions, which are simple phrases de-
scribing salient attributes in the associated image. Standard
VLMs learn a one-to-one alignment between images and
captions, which involves learning an embedding function
ψimg : X → Rd that maps input images X to a latent space
with dimension d. The function ψimg is learned jointly with
a function ψtxt : T → Rd that maps text data T to the
same latent space. Current state-of-the-art approaches learn
ψimg and ψtxt in a self-supervised manner by leveraging
contrastive learning [28, 42, 17, 27].

In this work, we observe that real-world sources of mul-
timodal data often include image-text pairs (xi, ti) that are
complex, where the text refers to a large collection of at-
tributes in various regions of the accompanying image. We
can express this formally by decomposing each image into
ri regions, expressed as xi = {x0i , x1i , . . . , x

ri
i }. Similarly,

we decompose each textual description into ai attributes,
expressed as ti = {t0i , t1i , . . . , t

ai
i }. We note that ri does not

necessarily equal ai, since each textual attribute may man-
ifest in one or more image regions. A set of fine-grained
region-attribute pairs of size mi can be obtained from the
original sample pair (xi, ti); we refer to mi as the image-
text pairwise complexity score.

Given these definitions, we can quantitatively express
the average pairwise complexity of a dataset as s =
1
n

∑n
i=1mi, which characterizes the average number of

region-attribute pairs per sample. Complex datasets have
large values of s. Our goal in this work is to introduce
an approach that can accurately learn fine-grained relation-
ships between regions and attributes from training datasets
with high pairwise complexity.

In the following section (Section 4), we first demonstrate
that as the complexity of a dataset increases, standard one-
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to-one VLMs struggle to learn fine-grained representations.
Then, in Section 5, we present an approach to improve
vision-language representation learning on datasets exhibit-
ing high pairwise complexity.

4. Understanding Dataset Complexity
In this section, we aim to better understand the chal-

lenges associated with using standard one-to-one VLMs
to learn from datasets exhibiting high pairwise complex-
ity. We introduce a synthetic training dataset in Section 4.1
with a variety of controllable dataset-level properties, such
as the number of textual attributes. Then, in Section 4.2,
we use this dataset to demonstrate that as complexity in-
creases, representations learned using standard one-to-one
VLMs degrade in fine-grained reasoning ability.

4.1. DocMNIST: A synthetic training dataset with
controllable pairwise complexity

Here, we introduce our synthetic vision-language train-
ing dataset DOCMNIST, which is an adaptation of the
popular MNIST benchmark [7]. The purpose of DOCM-
NIST is to enable systematic, controlled evaluations of
learned vision-language representations as various dataset-
level properties, such as the average pairwise complexity,
are modified.

DOCMNIST consists of images paired with textual de-
scriptions (as shown in Figure 2). We set the size of each
image to be 3 × 84 × 84, subdivided into 9 square regions
of size 3 × 28 × 28. We define A as the set of possible at-
tributes that can be assigned to each region. We consider the
following attributes (|A| = 20) across 4 categories: digits
(0-9), digit colors (purple, blue, green, yellow, red), shapes
(rectangle, circle), and shape sizes (small, medium, large).

To create a DOCMNIST training dataset, we first gener-
ate an image by randomly assigning attributes from set A to
the nine image regions (e.g. a red six, which includes two
attributes, may be assigned to the top left region). Addi-
tional constraints for this assignment process are discussed
in further detail in Appendix Section B (e.g. all digits must
have an associated color). An associated textual description
is automatically generated for the image by filling attributes
into pre-defined templates (e.g. “The image shows a six.”).
The average number of region-attribute pairs per sample is
controlled by a user-specified variable c, which defines the
average pairwise complexity of the dataset.

The final size of the training dataset is constrained by
a pre-defined attribute budget b, which represents the total
number of attributes across all images. We continue gener-
ating image-text pairs until the budget b is reached.

In summary, the following dataset-level variables can be
controlled when generating a DOCMNIST training dataset:
the set of possible attributes A, the attribute budget b, and
the average pairwise complexity score c.

Image

4
The image is red. The shape size is medium. The 
shape appears to be a rectangle. The digit appears 
to be three.

There is a yellow image. The shape is medium. The 
shape is a circle. There is a rectangle. The digit 
appears to be one. The shape is large . The image 
shows a eight. There is a blue image. The image 
shows a zero.
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0 5 10 15 20 25 300 5 10 15 20 25 30Figure 2. Example image-text pairs from DocMNIST, where each

textual attribute (bolded) appears in at least one region of the im-
age. The pairwise complexity score measures the number of dis-
tinct region-attribute pairs.

4.2. Evaluating one-to-one VLMs with DocMNIST

In this section, we explore the following key question:
How does the complexity of the training dataset influence
the fine-grained reasoning ability of a one-to-one VLM?
We measure fine-grained reasoning ability by determining
if learned representations can be used to accurately localize
textual attributes to corresponding image regions (text →
region retrieval) and image regions to corresponding textual
attributes (region → text retrieval).

First, we generate a set of DOCMNIST training datasets
that vary in complexity. We define A as the set of twenty
attributes discussed in Section 4.1, and we then generate six
versions of the training dataset with c ranging from 5.0 to
29.4. A training dataset with c = 29.4 has approximately
24 more region-attribute pairs per sample than a training
dataset with c = 5.0. A fixed attribute budget of b = 300K
is maintained, which ensures that the total number of at-
tributes in each of the six training datasets remains constant.

For each training dataset, we use a one-to-one VLM
to contrastively learn alignments between images and the
associated text. The image embedding function ψimg is
learned using a ResNet-50 model initialized with pretrained
CLIP weights [28, 14]. The text embedding function ψtxt

is learned using a CLIP text encoder with frozen weights.
We measure the fine-grained reasoning ability of the re-

sulting representations by using a held-out test set to mea-
sure text → region retrieval and region → text retrieval per-
formance. Results are summarized in Figure 3. We observe
that text → region retrieval performance drops by 36.9%
(32.4 R-Precision points) and region → text retrieval perfor-
mance drops by 20.5% (20.0 R-Precision points) as average
pairwise complexity (c) increases from 5.0 to 29.4.

In summary, our analysis demonstrates that as the av-
erage pairwise complexity of a dataset increases, standard
VLMs that assume a one-to-one relationship between im-
ages and text struggle to learn fine-grained representations.
Additional analysis is provided in Appendix Section B.
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The image is red. The shape size is medium. The 
shape appears to be a rectangle. The digit appears 
to be three.

There is a yellow image. The shape is medium. The 
shape is a circle. There is a rectangle. The digit 
appears to be one. The shape is large . The image 
shows a eight. There is a blue image. The image 
shows a zero.
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Figure 3. As the complexity of the dataset increases, representa-
tions generated using one-to-one VLMs demonstrate lower perfor-
mance on text → region retrieval (left) and region → text retrieval
(right). We report R-Precision scores.

5. Our Approach: ViLLA
Given our findings from Section 4, we establish the fol-

lowing desiderata as a set of ideal characteristics for a VLM:

• A VLM should have knowledge of fine-grained rela-
tionships between image regions and textual attributes.
These relationships should be learned without super-
vision, since ground-truth region-attribute pairings are
generally not labeled in datasets.

• Standard one-to-one VLMs should be used for learn-
ing representations. These models have been shown
to be highly effective across a range of tasks [28], are
widely used across numerous applications, and are less
computationally expensive to train than previously-
proposed fine-grained learning methods [37].

In order to satisfy both desiderata, we introduce ViLLA,
a self-supervised multimodal representation learning ap-
proach that uses standard one-to-one VLMs to learn
fine-grained region-attribute relationships from complex
datasets. ViLLA follows a two-stage pipeline:

1. Stage 1: Mapping Image Regions to Attributes (Sec-
tion 5.1): Given a set of candidate image regions and
textual attributes, we first introduce a self-supervised
mapping model to generate region-attribute pairs.

2. Stage 2: Learning Vision-Language Representations
(Section 5.2): We then use the generated region-
attribute mappings as training data for a standard one-
to-one VLM. Our key insight is that providing accurate
region-attribute pairs during training will improve the
fine-grained reasoning ability of the VLM.

5.1. Mapping Image Regions to Textual Attributes

In this section, we discuss Stage 1 of ViLLA, which
involves (a) decomposing image-text samples into image

regions and textual attributes, (b) constructing a mapping
model that learns attribute-specific projections for each in-
put region, and (c) training the mapping model to pair re-
gions and attributes in a self-supervised fashion. We begin
with a training dataset D = {(xi, ti)}ni=1 consisting of n
image-text pairs (xi, ti).

Decomposing Images and Text: We model the relation-
ship between each paired image-text sample (xi, ti) as a
many-to-many mapping. We first decompose each image xi
into ri regions, expressed as xi = {x0i , x1i , . . . , x

ri
i }. Candi-

date regions can be identified in several different ways, such
as by using off-the-shelf region proposal networks (RPNs),
dividing images into equal-sized segments (such as quad-
rants), or using random bounding boxes. Similarly, we de-
compose each textual description ti into ai attributes, ex-
pressed as ti = {t0i , t1i , . . . , t

ai
i }. Attributes can also be

extracted in multiple different ways, such as by leveraging
structured labels provided with the dataset or using off-the-
shelf entity extraction tools. Optimal approaches for region
and attribute selection are dependent on the composition of
the training data (e.g. whether domain-specific RPNs are
available), and we discuss dataset-specific implementation
details in Appendix Section C. Importantly, ViLLA oper-
ates under the assumption that each attribute in ti occurs in
at least one region in xi.

Constructing the Mapping Model: Given image regions
{x0i , x1i , . . . , x

ri
i } and textual attributes {t0i , t1i , . . . , t

ai
i },

our goal is to learn mappings between regions and at-
tributes. The mapping model consists of an image encoder
to generate embeddings for image regions and a text en-
coder to generate embeddings for textual attributes.

In order to generate embeddings for image regions,
we begin by initializing a CNN with pretrained weights
from a domain-specific one-to-one VLM; we use Con-
VIRT weights [42] for our medical dataset and CLIP-RN50
weights [28] for all non-medical datasets. Given image xi
as input, we use RoIAlign [13, 43] to extract a represen-
tation for each region, resulting in region embeddings ex-
pressed in matrix form as ei ∈ Rri×d. We use the vari-
able d to represent the output embedding dimension, which
is set to 1024 for the CLIP-based models and 768 for the
ConVIRT-based model. Then, region embeddings ei are
provided as input to a set of p projection heads. Each pro-
jection head consists of a linear layer, a ReLU function, and
a second linear layer. In most cases, we set p = |A|, where
A represents the set of all attributes in the input dataset;
as a result, each projection head is associated with a sin-
gle textual attribute and yields an embedding that character-
izes regions with respect to the attribute4. We represent the
projection head for attribute k with the function Pk, which

4In some cases, particularly when |A| is large, we set p < |A| and
assign each projection head to multiple textual attributes. Analysis on the
selection of p is provided in Appendix Section C.
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outputs final region embeddings of size ri × d.
Next, in order to generate embeddings for textual at-

tributes, we insert each attribute into pre-defined prompt
templates (e.g. “a photo of an [attribute]”). We extract rep-
resentations from a pretrained text encoder, which is initial-
ized with weights from sentence-BERT (SBERT) [30] for
our medical dataset and CLIP for all non-medical datasets
[28]. This yields an embedding hi ∈ Rai×d for textual de-
scription ti. Additional implementation details are provided
in Appendix Section C.

Training Procedure: Given region embeddings ei, projec-
tion heads P , and attribute embeddings hi, we now use the
following procedure to train the mapping model. In order
to ensure that the mapping model is lightweight, we freeze
all parameters in the image and text encoder, leaving only
the projection head parameters as trainable. Given a textual
attribute k ∈ ti, we use the notation Pk(ei) ∈ Rri×d to refer
to the region embeddings resulting from the projection head
corresponding to attribute k. Similarly, we use the notation
hki ∈ R1×d to refer to an embedding of textual attribute k.

We train the mapping model with the following con-
trastive loss function. Let B represent the batch (with |B|
image-text pairs) and let σ(a, b) = exp(max(⟨a, b⟩/τ)).

L(xi, ti) = −
∑
k∈ti

log
σ(Pk(ei), h

k
i )

σ(Pk(ei), h
k
i ) +

∑|B|
j=1;k ̸∈tj

σ(Pk(ej), h
k
i )

For sample (xi, ti) and attribute k ∈ ti, this loss func-
tion encourages the maximum pairwise similarity between
region embeddings Pk(ei) and the attribute embedding hki
to be high, since at least one region in xi depicts attribute
k. Simultaneously, for an image xj where k ̸∈ tj , the max-
imum pairwise similarity between the region embeddings
Pk(ej) and the attribute embedding hki is encouraged to be
low, since no regions in xj depict attribute k.

5.2. Learning Vision-Language Representations

In this section, we discuss Stage 2 of ViLLA, which in-
volves computing region-attribute pairs based on similarity
scores assigned by the mapping model; then, a one-to-one
VLM is trained on the generated pairs.

The mapping model from Section 5.1 can be used to as-
sign attributes to regions as follows. For a sample (xi, ti)
and textual attribute k ∈ ti, we compute the pairwise dot
product between Pk(ei) and hki , resulting in a score vector
v ∈ Rri×1. We then assign k to all regions with a score
greater thanmax(v)−ϵ, where ϵ is a pre-defined threshold.
This could assign zero or multiple attributes to a region5.

5There are some settings, such as when regions are tight bounding
boxes from an RPN, where each region is likely to capture exactly one
attribute. In these cases, we invert this process and instead assign regions
to attributes. Details are provided in Appendix Section C.

Dataset Domain Regions Attributes s
DocMNIST Synthetic 8.9 20 29.4
DeepFashion Product 4 58 7.9
MIMIC-CXR Medical 3 50 5.0
COCO Natural 300 4.7k 6.8

Table 1. We use ViLLA to learn representations from 4 multimodal
training datasets. Datasets vary in the average number of regions
per image and total number of attributes. We also estimate the
average pairwise complexity score (s) of each dataset.

We then augment the training dataset to include gener-
ated region-attribute pairs in addition to the original image-
text samples. We use the augmented dataset to train a one-
to-one VLM, which is optimized using a standard bidirec-
tional contrastive loss function [42, 28].

6. Experiments

We evaluate our approach using four training datasets
from various domains (synthetic images, product data, med-
ical images, and natural images) and three fine-grained rea-
soning tasks (zero-shot object detection, text → region re-
trieval, region → text retrieval). Our experiments show that
(1) our approach outperforms prior methods across all three
tasks (Section 6.2) and (2) our region-attribute mappings
are more accurate than prior approaches (Section 6.3). We
provide extended results in Appendix Section D.

6.1. Datasets

We apply ViLLA to learn vision-language representa-
tions from four training datasets: DocMNIST (synthetic
images), DeepFashion (product data), MIMIC-CXR (medi-
cal images), and COCO (natural images). Table 1 includes
summary statistics, and further details are provided below:

DocMNIST: We create the synthetic DocMNIST dataset
using the procedure described in Section 4. We generate
a training dataset with an average pairwise complexity of
29.4.

DeepFashion [25, 18]: The DeepFashion-MultiModal
dataset consists of 44k images extracted from clothing retail
websites. Each image is accompanied with multi-sentence
textual descriptions and structured labels (e.g. sleeve length,
hats, etc.). During training, we use the 58 provided struc-
tured labels as our set of relevant attributes, and we divide
each image lengthwise into 4 regions.

MIMIC-CXR [19, 10]: The MIMIC-CXR dataset con-
sists of 377k chest X-ray images and associated physician
reports obtained from the Beth Israel Deaconess Medical
Center. We train an anatomy-specific RPN to divide each
image into 3 regions: right lung, left lung, and heart. In or-
der to create our attribute set, we use an off-the-shelf entity
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extractor (RadGraph) to identify the 50 entities that occur
most frequently in the reports [16].

COCO [24]: The Microsoft COCO training dataset consists
of 114k natural images. Each image is associated with five
captions. In line with prior work, we extract 4.7k textual
attributes (e.g. giraffe, man, bicycle, etc.) from the captions
[43]. For each image, we use a pretrained RPN to extract
300 candidate regions [31].

6.2. Downstream Task Evaluations

We evaluate ViLLA on three fine-grained reasoning
tasks: (1) zero-shot object detection, (2) text → region re-
trieval, and (3) region → text retrieval.

6.2.1 Zero-Shot Object Detection

Task: Given a bounding box containing an object, the zero-
shot object detection task involves localizing the bound-
ing box to an object category without performing any
task-specific fine-tuning. We evaluate performance on the
COCO validation dataset, which consists of 4.8k images
annotated with ground-truth object bounding boxes corre-
sponding to 65 classes [24]. We also evaluate on the LVIS
validation set, which consists of 19k images across 1000
classes [12]. We set up both tasks as described in [43].

Evaluation: We train ViLLA on the COCO training
dataset. We use a previously-developed evaluation frame-
work [43] to compare our learned representations against
three prior methods: OVR-CNN [38], CLIP [28], and Re-
gionCLIP [43]. In line with prior work, we report AP50
scores on COCO across 17 novel categories, 48 base cate-
gories, and all 65 categories; we also report APsmall in order
to characterize performance on small objects, a particularly
challenging subgroup. On LVIS, we report AP across 337
rare categories (APr), 866 common and frequent categories
(APc and APf), and all categories (mAP).

Results: Results are in Table 2. On COCO, our approach
contributes to 8.1 points of improvement in AP50 over CLIP
and 3.6 points of improvement over RegionCLIP. On the
challenging subgroup of small objects, we note improve-
ments of 8.6 points over CLIP and 4.6 points over Region-
CLIP, suggesting that ViLLA is accurate even when regions
are small. Similarly, on LVIS, we observe 2.8 points of im-
provement in mAP over CLIP and 0.6 points of improve-
ment over RegionCLIP. Our results indicate that ViLLA is
able to effectively reason over region-attribute relationships.

6.2.2 Text → Region Retrieval

Task: Given a textual query (e.g. “The person is wearing a
hat”), the text → region retrieval task determines if we can
retrieve image regions that capture the content of the query.

We evaluate text → region retrieval on a held-out DocM-
NIST test set consisting of 5.9k regions as well as a held-out
DeepFashion test set consisting of 7.9k regions. We obtain
textual queries for both datasets by inserting attributes into
pre-defined prompt templates. We consider 20 queries for
DocMNIST and 46 queries for DeepFashion.

Evaluation: We train ViLLA on the DocMNIST and Deep-
Fashion training datasets. We compare our representations
against four baselines: (1) CLIP-ZS, which applies CLIP
to this task in a zero-shot manner, (2) CLIP-FT-Img, which
applies a CLIP model fine-tuned on image-text pairs, (3)
CLIP-FT-Reg, which applies a CLIP model fine-tuned by
aligning each region to the entire textual description, and (4)
CLIP-ZS-Map, which first uses CLIP to generate region-
attribute pairs in a zero-shot manner and then fine-tunes
a CLIP model with the generated samples. We note that
CLIP-ZS-Map is comparable to the RegionCLIP approach
explored in Section 6.2.1. We report Precision@25, Preci-
sion@100, and R-Precision.

Results: Results are summarized in Table 3. On DocM-
NIST, our approach contributes to 13.4 points of improve-
ment in P@100 and 14.2 points of improvement in R-
Precision over CLIP-FT-Img, which is the next highest
baseline. Similarly, on DeepFashion, our approach con-
tributes to 8.0 points of improvement in P@100 and 4.2
points of improvement in R-Precision over CLIP-ZS-Map,
which is the next highest baseline. In particular, we note
that CLIP-ZS-Map, which is a baseline that emulates the
design of RegionCLIP, performs particularly poorly on
the DocMNIST dataset since the generated region-attribute
mappings are limited by the performance of the original
CLIP model. We also note that our performance improve-
ments on DocMNIST are higher than DeepFashion; this is
in line with the statistics presented in Table 1, which indi-
cate that DocMNIST has a higher average pairwise com-
plexity than DeepFashion. Our approach is most effective
on datasets with high pairwise complexity scores.

6.2.3 Region → Text Retrieval

Task: Given an image region, the region → text retrieval
task determines if we can identify the textual attributes de-
picted in the region. Again, we use 5.9k regions and 20
attributes for DocMNIST and 7.9k regions and 46 attributes
for DeepFashion.

We additionally evaluate retrieval performance on the
CheXpert 5x200 benchmark, which consists of 1000 chest
X-rays across five disease categories [15]. Each disease la-
bel is converted into text using pre-defined prompts. Then,
given a chest X-ray, the goal is to retrieve the textual phrase
corresponding to the correct disease.

Evaluation: We train ViLLA on the DocMNIST and
DeepFashion datasets, and we compare our representations
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COCO LVIS

Method Pretraining Dataset APsmall AP50Novel AP50Base AP50All APr APc APf mAP

OVR-CNN COCO - 46.7 43.7 44.5 - - - -
CLIP CLIP400M 43.3 58.6 58.2 58.3 40.3 41.7 43.6 42.2
RegionCLIP CC3M 47.3 60.5 61.7 61.4 40.7 43.5 47.0 44.4
RegionCLIP COCO - - - 62.8 - - - -
ViLLA (Ours) COCO 51.9 63.5 67.4 66.4 42.6 42.4 49.0 45.0

Table 2. Zero-shot object detection results. We compare our approach with prior zero-shot object-detection methods. We report average
precision (AP) scores on COCO (small, novel, base, and all object classes) and LVIS (rare, common, frequent, and all object classes).

Text → Region Region → Text

DocMNIST DeepFashion DocMNIST DeepFashion
Method P@25 P@100 R-Prec P@25 P@100 R-Prec R-Prec R-Prec

CLIP-ZS 46.4 42.1 30.2 30.6 31.8 19.0 54.2 10.9
CLIP-FT-Img 84.4 78.2 55.2 51.6 58.0 34.4 78.7 27.3
CLIP-FT-Reg 47.0 38.8 29.0 33.6 36.3 23.8 38.4 21.0
CLIP-ZS-Map 55.6 47.6 35.2 53.9 59.4 35.3 49.9 28.8
ViLLA (Ours) 91.6 91.6 69.4 56.5 67.4 39.5 86.5 32.3

Table 3. Retrieval on DocMNIST and DeepFashion: We report text → region and region → text retrieval results on the DocMNIST and
DeepFashion datasets. We compare our approach with several CLIP-based baselines, which ablate various components of our method.

Method One-to-One Accuracy

ConVIRT ✓ 49.0
BioViL ✓ 47.6
GLoRIA-Global Only ✗ 52.1
GLoRIA-Local Only ✗ 41.7
GLoRIA-Global+Local ✗ 48.8
ViLLA (Ours) ✓ 55.9

Table 4. Retrieval on CheXpert 5x200: We compare ViLLA with
prior models, only two of which are one-to-one VLMs.

against the four baselines described in Section 6.2.2. Here,
we report R-Precision scores.

For the CheXpert 5x200 task, we train ViLLA on the
MIMIC-CXR dataset. At evaluation time, we consider each
X-ray as a set of four regions - right lung, left lung, heart,
full image - and perform retrieval by computing the maxi-
mum pairwise similarity with the text phrases. We compare
with three prior methods: (1) ConVIRT [42, 6], (2) GLo-
RIA [15, 6], and (3) BioViL [2]. We report accuracy.
Results: Results on the DocMNIST and DeepFashion re-
trieval tasks are summarized in Table 3. On DocMNIST,
our approach contributes to 7.8 points of improvement over
CLIP-FT-Img, which achieves the next highest score. We
also achieve 3.5 points of improvement on DeepFashion
over the next highest score. Again, we note that the im-
provements on DocMNIST are larger than DeepFashion.

Table 4 shows results on the CheXpert 5x200 task. Our
approach contributes to 3.8 points of improvement over
GLoRIA, which achieves the next highest score. Two prior
methods in Table 4 are one-to-one VLMs; we surpass these
models by 6.9 and 8.3 points respectively.

6.3. Evaluating Region-Attribute Mappings

In this section, we demonstrate that the downstream per-
formance improvements observed in Section 6.2 result from
the improved quality of our region-attribute mappings. We
evaluate the accuracy of region-attribute mappings on a test
set associated with each of our pretraining datasets. In Ta-
ble 5, we compare our approach to a random baseline as
well as VLM-ZS, which refers to a one-to-one VLM (CLIP
for DocMNIST, DeepFashion, and COCO and ConVirt for
MIMIC) applied in a zero-shot manner. The VLM-ZS ap-
proach has been used in prior work to map regions to at-
tributes [43]. Our results demonstrate that our approach
outperforms baselines by up to 25.8 F1 points, suggest-
ing that our mappings are higher quality than previous ap-
proaches and are contributing to improvements in represen-
tation quality. In Figure 4, we provide examples of region-
attribute pairs generated by ViLLA on the COCO dataset.

7. Conclusion

In this work, we first demonstrate with evaluations on
DOCMNIST that as the complexity of the training dataset
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Method DocMNIST DeepFashion MIMIC COCO

Random 27.4 32.0 35.4 38.4
VLM-ZS 42.6 54.8 61.8 72.9
ViLLA 68.4 74.1 74.5 77.8

Table 5. Mapping quality: We compare region-attribute pairs gen-
erated by ViLLA with previous approaches [43]. VLM-ZS refers
to a pretrained one-to-one VLM (CLIP or ConVIRT) applied in a
zero-shot manner [28, 42]. We report F1 scores.

dog chair

treat

giraffe

tree
giraffe

Figure 4. Examples of region-attribute pairs generated by ViLLA.

increases, standard one-to-one VLMs struggle to capture
fine-grained region-attribute relationships. To address this
issue, we introduce ViLLA. We demonstrate through evalu-
ations with multiple real-world datasets that ViLLA can ef-
fectively capture region-attribute relationships, even when
training datasets exhibit high pairwise complexity. Lim-
itations of our work include: (a) our evaluations are cur-
rently limited to image-text datasets, and (b) our evaluation
of region-attribute mapping accuracy is limited on datasets
like MIMIC-CXR that do not include ground-truth annota-
tions. Future directions include extending our approach to
real-world datasets with other data modalities (such as au-
dio, video, time-series) and conducting user studies to better
evaluate the quality of region-attribute mappings on datasets
that lack ground-truth annotations.
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