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In this work, we focus on simple and scalable approaches. Figure 1. Summary of results. Left: Previous state-of-the-art

In particular, we demonstrate that by improving weakly la-
beled data, i.e. captions, we can vastly improve the perfor-
mance of standard contrastive learning approaches. Previ-
ous CLIP models achieved near chance rate on challenging
tasks probing compositional learning. However, our sim-
ple approach boosts performance of CLIP substantially and
achieves state of the art results on compositional bench-
marks such as ARO and SugarCrepe. Furthermore, we
showcase our results on a relatively new captioning bench-
mark derived from DOCCI. We demonstrate through a se-
ries of ablations that a standard CLIP model trained with
enhanced data may demonstrate impressive performance on
image retrieval tasks.

1. Introduction

Visual composition is a critical problem. Learning repre-
sentations that capture how attributes and relationships of
objects are represented is a critical task for any system that
attempts to summarize the multitudes of concepts imbued
within pixel space.

Many SOTA multimodal models do not learn embed-
dings that have an understanding of the relationship of ob-
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results in multimodal embeddings have limited understanding of
the composition of images [14, 26]. Right: The goal of this work
is to learn multimodal embeddings which reflect a strong under-
standing of the composition of visual and semantic information.
Images and captions are red and blue, respectively.

jects and descriptions [22, 36]. One reason for this failure
is that the visual representations are not rich enough to cap-
ture the interactions and relationships between various parts
of an image or video.

Current approaches have focused on building new
bespoke architectures that leverage multi-task learning
through multiple losses or side data [17, 37]. Although
these models achieve SOTA results on visual composition
tasks [36], it is unclear how scalable these approaches are
given limitations on gathering high quality, specialized side
information or the complexity of the architectures.

Instead, we search for scalable solutions that focus on
simplicity. The goal of this work is to employ a basic multi-
modal model solely employing a single contrastive learning
objective [14, 26], and attempt to improve the learned rep-
resentations with minimal changes.

We posit that underlying visual architecture (e.g. ViT
[8]) contains sufficient parameters and scale to capture vi-
sual composition. Furthermore, we posit that contrastive



learning is a sufficient training signal for multimodal learn-
ing so long as the target semantic embedding is rich enough.
In particular, we ask if enriching the target semantic em-
bedding is entirely sufficient to make a contrastive learning
model capture visual composition.

We answer this question by identifying a small set of
minimal changes to improve the target semantic embedding
of a model. First, we recaption our training data using a
strong multimodal foundation model (Figure 2. Second,
we replace the text tower for CLIP [14, 26] with a pow-
erful text-based foundation model. We find that these two
changes are entirely sufficient to greatly improve the visual
embedding representation. We measure this effect using
standard benchmarks [36] and discuss more newer bench-
marks [22, 28] to showcase these performance gains. No-
tably, we find that for detailed image retrieval tasks, our
approach improves the open-source CLIP model [26] recall
@1 from 58.4% to 94.5%.

In summary, we focus on building simple and scalable
techniques for improving compositionality in learned mul-
timodal models focused on the problem of retrieval. We
summarize our main contributions as follows:

Rich visual captions may be automatically generated us-
ing foundational models with simple techniques to mini-
mize hallucinations (Sec. 2, 3.3, and 3.5).

Rich visual captions are sufficient for correcting many of
the failures in compositional representation (Sec. 3.1).
COCO captioning benchmark [19] for measuring visual
representations is saturated and subject to overfitting (Sec
3.2). New benchmarks are necessary for measuring im-
provements [22, 36] (Sec 3.3).

2. Methods

Our method builds on the CLIP architecture proposed in
[13, 26]. We introduce two key modifications:

2.1. Semantic guidance with grounded recaptioning

We start with an English-only subset of the WebLlI dataset
[4, 5] consisting of 1B high quality images paired with
freeform text scraped from the corresponding alt-text
within a web page. We posit that the original alt-text is
noisy and a limiting factor in the performance of an multi-
modal model [16]. Thus, we focus on creating a new set of
captions to improve the alt-text.

To enhance caption quality, we leverage Gemini 1.5
Flash [27] to generate new captions. In early experiment,
we provide the original image as well as the alt-text
and web page title, and prompt the model to generate a new
caption that describes the underlying image. We iterated on
the prompt (see Appendix for details) to arrive at a method
that minimizes hallucinations while providing rich descrip-
tions.
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Figure 2 summarizes our simple procedure. These ex-
amples showcase features in the recaptioning procedure.
First, the grounding text supplied by the web page title and
alt-text provides rich grounding information which can
be exploited by the model. Second, the multimodal model
can employ OCR in the original image to improve the noisy
alt-text and correct for errors.

In early experiments, we additionally found significant
gains by providing two forms of data augmentation. First,
we performed sentence sampling, where by randomly se-
lected subsets of caption sentences are used as targets for the
model. Second we synthesized 2 million “hard negative”
examples to our training mixture (Figure 3). We explored
the choices of these two data augmentations in Section 3.5.

The resulting captions contain a mean of 57 words, in-
creasing the effective caption length by about 8x of the
alt-text (Figure 4) and likewise significantly increas-
ing the log-likelihood of the caption as measured by Gem-
ini Pro 1.5 (Figure 5). In our ablations we experiment with
an assortment of other captioning techniques. We generate
a “concise” captions (26 £17 words); we examine the im-
portance of grounding the caption based on the alt-text
and page title; finally, we experiment with using a weaker
LLM’s as the captioning model (Section 5 and see Ap-
pendix for additional details).

2.2. Semantic guidance with a strong text encoder

Instead of training a text encoder from scratch, we utilize
the pretrained Gemini 1.5 Flash-8B [30] as the text en-
coder. We experiment with unfreezing various layers to al-
low for more flexibility in training the visual embedding.
In early experiments, we explored unfreezing various lay-
ers of these pretrained text encoders and found that un-
freezing last 4 layers of this model provides best overall
performance relative to the additional compute cost during
training. We repeated the above experiments with the open
source Gemma?2-2B [31] as the text encoder, and likewise
identified that unfreezing the last 4 layers provides the best
trade off in terms of additional compute cost versus perfor-
mance. This model is smaller than the Gemini model above,
but yields comparable results.

3. Results

Our model is a standard two-tower CLIP encoder trained
with a contrastive loss [26]. The image encoder is a ViT-
Base vision transformer with 86M parameters [8]. Im-
ages are cropped to 256 x256 pixels and represented as 256
patches of 16x16 pixels. The encoders represent images
and text as 768-dimensional embeddings.

For the text encoder, we experiment with two different
configurations: In the first configuration, a bi-directional
text encoder with 12 layers and 297M parameters is trained
from scratch matching CoCa-Base [35]. We explore also



‘Web Page

(alt_text) Recaptioned

The image shows the interior of what appears to be a shrine in Hampi, specifically the Pampa shrine. The
focus is on several dark, intricately carved stone columns with a characteristically tiered, slightly bulbous
design. These columns are arranged in pairs, creating a sense of enclosure within the space. A metal grate or
screen is visible between two sets of columns. Parts of the walls and floor are also visible; the walls appear
dark and aged, and the floor seems to be dark stone. There are some modern elements present, including a
small metal cabinet and what looks like an electrical box or device on the wall. A small metal bell hangs from
the ceiling. A portion of a small table or altar is visible in the lower left corner.

The ancient columns
of Pampa shrine -
Hampi Pick, Pack, Go

The new glass pavilion
is filled with light and
opens the entire front
of the property to the
Franschhoek valley
beyond.

A sunlit, modern restaurant pavilion with floor-to-ceiling glass walls opens onto a view of the Franschhoek
valley. The interior features light-colored wood tables and chairs, some upholstered seating, and a polished

concrete floor. The ceiling is composed of exposed wooden beams. A brick wall is partially visible on the left.
The valley beyond includes vineyards and mountains.

Round trip: VCA
Stadium in the Heart
of the Nagpur City

The image shows a mostly full VCA Stadium in Nagpur, India. The stands are multi-tiered and curve around
a grassy playing field. The seats are primarily yellow and blue. Several people are visible in the stands and on
the field, including some holding yellow foam fingers. A tall light tower is visible in the background. Some
advertising banners are visible along the bottom of the stands.

Sign at the beginning

A brown wooden trail sign at the beginning of a trail reads: "BULL PASTURE TRAIL NO. 072", with
of the trail

arrows pointing to "WILD CATTLE RIDGE 2" and "GENTRY MTN. RD. NO. 250 4". The sign is situated
in a mountainous area with evergreen trees and low-lying vegetation. A trail is visible behind the sign.

Figure 2. Summary of methodology. All images were recaptioned using a multimodal foundation model grounded on the image and the
alt-text for the image on the web page. In this case, we show captions generated using Gemini 1.5 Flash [30]. We highlight aspects of
the new caption in blue that leverage the alt—text or demonstrate a capability. Note how the generated captions leverage information
provided by the alt-text or perform OCR on the original image to improve the caption. Captions are for images from CC-12M [3].

il Caption source
1 Gemini Flash 1.5 (ours)
1 Alt text

positive negative

The pocket is to the

The placket is to the
right of the placket.

right of the pocket.

8X increase in median
caption length

The dolphins are
jumping out of the
water.

The water is jumping out
of the dolphins.

100 150

200
Caption length (words)

Figure 3. Synthetic negative captions. We prompt a foundation
model [30] to generate 64 million synthetic positive and negative
annotations. To generate the negative prompts, we provide few
shot examples matching the style of ARO relations and attributes
evaluation. Captions are for images from CC-12M [3].

the use of a different text encoder based on a pre-trained
Gemini 1.5 Flash-8B ' and Gemma2-2B [31]. We keep
most of the layers frozen, and only fine-tune the last 4 lay-
ers. While the pre-trained text encoder uses left-to-right
context only, we switch to bi-directional context for the lay-
ers that are finetuned. In total, the model has 653M trainable
parameters. We perform 150,000 training steps with global

https://ai.google.dev/gemini-api/docs/models/
experimental-models
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Figure 4. Recaptioning increases caption length by 8X. While
the median alt text caption length is just 7 words, the detailed cap-
tions generated by Gemini Flash 1.5 increase this to 57 words.

batch size of 65,536 followed by fine-tuning for 500 train-
ing steps with reduced batch size of 4096 using data aug-
mentation on the “hard negative” examples (Section 2.1).
The main model training is done on 256 accelerators and
the fine-tuning is done with 16 accelerators. We use Adam
optimizer [15] with a linear warm-up of the learning rate.

3.1. Beyond a bag of words representation

A primary indication of the failure of multimodal represen-
tations can be observed a the relatively simple ARO [36]
and SugarCrepe [11] evaluation datasets. ARO artificially
perturbs a set of captions from “the horse is eating grass”


https://ai.google.dev/gemini-api/docs/models/experimental-models
https://ai.google.dev/gemini-api/docs/models/experimental-models
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Figure 5. Recaptioning improves caption log-likelihood. Alt
text on the web is often unnatural (example: “bigtimerush
nyc 007”),leading to low log-likelihood with a median of -223.
In contrast, the captions from Gemini Flash 1.5 substantially im-
prove median log-likelihood to -83, indicating that these captions
are a lot closer to natural language and sentences than alt text.

relations  attributes
Gemini-text [30] 71% 82%
Vera [20] 62% 83%
CLIP [26] 59% 63%
CoCa [35] 48% 50%
NegCLIP [36] 71% 81%
BLIP t [17] 59% 88%
X-VLM * [37] 73% 87%
Ours 92% 94%

Table 1. Our model improves upon bag of words. Performance
on Attribution, Relation, and Order (ARO) benchmark [36]. All
numbers report classification macro accuracy. Chance rate is 50%.
Note that BLIP and X-VLM employ a second-stage binary classi-
fication in order to exhaustively identify the best candidate. Vera
and Gemini-text only see the caption and not the images.

to “the grass is eating a horse” (i.e. relations) or “the paved
road and the white house’ to “the paved house and the white
road’ (i..e. attributes), and subsequently asks if the corre-
sponding image is closer to the former or the latter cap-
tion. Chance rate is 50% and a model that does respect
the relations and attributes of an image — such as a bag-of-
words — would correspondingly perform at chance rate. One
of the most widely used multimodal baselines, CLIP [26],
achieves 59% and 63% accuracy on relations and attributes
dimensions of ARO, indicating that the model is performing
only slightly above a bag-of-words representation (Table 1).

Admittedly, this task is artificial, and thus some cap-
tions can be correctly identified without examining an im-
age (e.g., “grass cannot eat a horse”) merely based on
the language. To show this, we supplied Gemini 1.5 with
two caption alternatives but no image. This blind baseline
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replace swap add
O A R|O A | O A
Human[l1]  100% 99% 97% | 99% 100% | 99% 99%
Vera [20] 49% 50% 49% | 49% 49% | 49% 50%
CLIP [13] 94% 9% 65% | 60% 62% | 78% 72%
DCXL[10]  96% 85% 70% | 65% 67% |91% 85%
LAION [29]  97% 86% 72% | 64% 72% | 93% 86%
CapPa [32] 92% 90% 87% | 82% 88% | 99% 99%
GPT-4V [23]1T  96% 94% 90% | 83% 90% | 92% 92%
Ours 9% 94% 88% | 89% 94% | 95% 93%

Table 2. Results on SugarCrepe [11] O, A, and R stand for
the object, attribute, and relation split, respectively. Chance
rate is 50%. Vera is a text-only model which does not
see the images. | GPT-4V sees both captions simultane-
ously and is not a two tower embedding model. LAION is
xlm-roberta-large-ViT-H-14.

achieves an accuracy of 71% and 82% on relation and at-
tributes, respectively, outperforming CLIP. SugarCrepe im-
proves upon this deficiency such that even text-only models
specifically trained for verbal plausibility such as [20] only
score at random chance levels. Apart from the more plau-
sible negative captions, SugarCrepe is similar to ARO. We
additionally show our results on SugarCrepe in Table 2.

Several directions have been pursued for improving per-
formance on these baselines (Table 1, 2). The ARO bench-
mark proposed a training augmentation method NegCLIP
in which hard negatives are artificially added to the training
set, which achieves 81% and 71% accuracy. More impor-
tantly, several works have built bespoke architectures, de-
rived from CLIP, which exploit localization information in
order to better ground visual information. Correspondingly,
two different architectures achieves SOTA performance on
relations (73% [37]) and attributes (88% [17]). Both mod-
els achieve these results by tieing the image and text towers
together, using a grounded, cross-modal encoder [17, 37].
Although both methods employ a standard nearest neighbor
lookup, they achieve SOTA results through a second-stage
computation that exhaustively calculates a binary classifica-
tion score for a set of candidate image-caption pairs. [32]
replaces the contrastive objective with a captioning objec-
tive and shows this leads to gains on vision & language
tasks.

In comparison, our work makes no architectural changes
and maintains a single contrastive training objective in a
standard CLIP model. We do employ additional data aug-
mentation with 64M synthetically generated “hard nega-
tive” examples (Section 2.1) and find that the addition of
these data augmentations significantly improve composi-
tional understanding (Section 3.5). Notably, our model
achieves 92% and 94% accuracy on relations and attributes
surpassing bespoke architectures that exhaustively search



across examples. On SugarCrepe, we achieve state of the art
or highly competitive results across results across all splits,
even surpassing GPT-4V [23] on all but one split. In the Ap-
pendix, we measure how our model uniformly outperforms
competing methods across the assortment of fine-grained
tasks comprising the ARO benchmark.

3.2. Limitations of retrieval with COCO captions

Given the positive results on ARO, we asked whether these
gains can be observed in image retrieval on the COCO
dataset [19]. COCO contains detailed captions for 5,000
images and we ask how well nearest neighbor lookup in the
embedding space performs for image retrieval. Our results
compared to external baselines are in Table 3.

As a strong baseline, we measure the performance of
open source CLIP [26] and a CoCa [35] on image retrieval.
We find arecall @1 of 37.8 and 47.5 on for CLIP and CoCa,
respectively. Our model achieves the best reported recall of
all models of similar size with a recall @ 1 of 56.3.

Although our result was stronger than prior numbers, we
actually expected to see even more notable gains in our
model given the high quality and scale of our data. We
investigated our model further by examining cases where
our model is marked as retrieving the incorrect COCO im-
age. Figure 6 showcases three randomly selected examples.
Note that although these examples are marked as incorrect,
the image retrievals looks quite plausible. In fact, upon fur-
ther inspection of the dataset, we observe that many COCO
captions contain similar images and captions, and in the
context of image retrieval, we hypothesize that many image
retrieval errors are incorrectly scored as errors.

To test this hypothesis, we did a human annotation ex-
periment to assess what fraction of images retrieved by our
model are reasonable. We randomly select 500 failure cases
and task 3 humans to annotate each of the failures to in-
dicate whether the recalled image is an appropriate match
to the prompt text. ° Using majority voting among the
3 human raters, we measured that 29.8% of the image re-
trieval failures were appropriately marked failings of our
model, but the other 70.2% were acceptable matches to the
query text. In other words, 70.2% of all instances marked
as failures were images that a majority of the human raters
thought were appropriate image retrievals given the input
caption.

These results indicate that a majority of the errors re-
ported in Table 3 are due to noise and overly similar images
or annotations in COCO when employed as an image re-

2During experimentation, we noticed that a notable fraction of the fail-
ure cases were because the ground truth caption for a given image was
incorrect (i.e. in some examples, there is no image in the dataset which
matches a given caption). We only assessed whether the recalled image
matches the prompt caption, but this number might under report the true
false failure rate due to some prompts having no appropriate image for our
model to recall.
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COCO DOCCI-test DOCCI-full
CLIP [26] 37.8 58.4 46.2
CoCa [35] 47.5 59.1 53.2
BLIP [17] - 54.1 -
X-VLM [37] 56.1 - —
VeCLIP [16] 48.9 - -
Long-CLIP [40]  40.4 452 -
MATE [12] - 73.4 -
TIPS [2] 59.4 58.8 -
Ours 56.3 94.5 89.7
Table 3. Image retrieval based on caption on COCO [19]

(5,000 images), DOCCI [22] test split (5000 images) and the en-
tire DOCCI dataset (15,847 images). All numbers report recall @
1. CoCa [35] is the base model. All models were not fine-tuned
on COCO or DOCCI. DOCCI results for CLIP and CoCa repro-
duced from checkpoints. DOCCI results for BLIP and Long-CLIP
reported in [12].

trieval task. This result suggests that caution must be exer-
cised when fine-tuning and evaluating on COCO, and moti-
vates our interest to identify another evaluation benchmark
that might provide a useful metric for measuring improve-
ments in image retrieval that exercises a detailed semantic
representation.

3.3. Evaluation on detailed image caption retrieval

Given the positive results on the ARO benchmark but the
inability to further discern gains on COCO, we investi-
gated whether another retrieval benchmark may capture the
gains in our approach. The DOCCI dataset was recently
introduced in the context of image generation [22] but has
recently been explored for image retrieval. DOCCI con-
tains 14,847 images with detailed human-written descrip-
tions (see [22] for details). Briefly, each caption contains
on average 135.9 words across 7.1 sentences . Importantly,
DOCCI purposefully contains images and corresponding
captions in which there exist slight changes and alterations
to the pose, orientation, background, or action. We con-
struct an image retrieval task from this dataset and measure
recall @ 1 for image retrieval. We report results on this
dataset primarily in Table 3, but see Tables 5, 6, 7, and 8 for
detailed ablations.

Open-source CLIP baseline achieves 58.4% recall. No-
tably, recently reported results on newer bespoke architec-
tures with additional losses and side information achieve
up to 73.4% recall @ 1. The best performing model em-
ploys a novel projection module to better align text and vi-
sual representations [ 12]. The authors additionally fine-tune
on DOCKCI train split at an increased image resolution of
448 <448 pixels to achieve their best result of 84.6% recall
@ 1. We find that our model achieves 89.7% recall @ 1 in
a zero-shot manner using a standard CLIP training model



a couple of black cats

sitting on a window sill

several giraffes trotting and

standing in a grassy fenced area

a cheese pizza on a plate

on a table

Figure 6. Qualitative examples of limitations of image retrieval COCO captions. Three examples showcasing where the model recalled
image was incorrect, but is well described by the caption. Top and Middle Rows: Caption and associated ground truth image. Bottom
Row: Top recalled image from our model. Note that the recalled images are well described by the caption corresponding to the original

ground truth image.

but with our improved text supervision (but see Section 3.5
for even higher numbers). We note that our model does not
fine-tune on DOCCI train split, and uses a reduced resolu-
tion of 256x256. We would expect that employing both
well-known techniques, e.g. boosting image resolution and
fine-tuning, would yield higher performance as well, but re-
serve such experiments for future work.

3.4. Evaluation on zero-shot ImageNet classification

Prior work on embeddings and image retrieval have addi-
tionally evaluated on ImageNet and variants [6]. We em-
phasize that ImageNet emphasizes centrally-cropped, single
objects within a scene, and not the composition of multiple
ideas and objects. Nonetheless, this dataset has proven to
be a standard, reported metric in computer vision and, thus
we apply our model to this task. We find that our model
achieves a zero-shot performance of 68.4% top-1 accuracy
(Table 4). Although a reasonable zero-shot performance,
we find nonetheless that this result is below other SOTA
zero-shot ImageNet classification accuracies (Table 4).
One immediate discrepancy between our work and prior
work is the source of training data. The open-source CLIP
model employs a separate, proprietary training set that has
never been revealed, so it is unclear how well this aligns
with ImageNet classification task *. CoCa [35] (and other

3We observe that CLIP achieves statistically significantly higher accu-
racy on a class-balanced version of the ImageNet training set than it does
on the ImageNet validation set (77.5% train vs 76.2% validation, two-
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multimodal embedding models, e.g. LiT [39], BASIC [25])
leverage a 50% mixture of variations of the JFT dataset.
In the case of JFT, the dataset comprises 3 billion images
that have been annotated with a detailed class-hierarchy
across 30K labels using a semi-automatic pipeline [38]. We
strongly suspect this fine-grained information contributes
heavily to their overall performance.

To validate this hypothesis, we likewise introduce a 50%
mixture of JFT to our training set, and achieve 79.1% zero-
shot performance, suggesting that indeed the distribution of
JFT is well tailored to ImageNet. Although our result is
still below the best reported zero-shot result of 82.6%, we
emphasize that there are a host of techniques that one could
exploit to further boost this performance — and were specifi-
cally employed by [26, 35] *. We decided not to pursue this
direction, and instead view the ImageNet results as demon-
strating the model can indeed be performant for fine-grained
discrimination if supplied the appropriate data. However,
we view the topic of fine-grained classification as somewhat
orthogonal to the central problem of building a model that
better handles visual composition.

proportion z-score= 6.2, p < 1 x 107?), indicating that some training
data contamination maybe occurring for this model.

4Two well-known techniques include fine-tuning models on high reso-
lution data, and explicitly matching the captioning text used in ImageNet
zero-shot evaluation in the training set. Both techniques provide additive
gains for boosting performance [35]



ImageNet ZS accuracy

CLIP [26] 76.2
ALIGN [13] 76.4
CoCa [35] 82.6
Ours 68.4
Ours (with JFT [38]) 79.1

Table 4. Zero-shot image classification results on ImageNet.
Prior work performance from [35]. CoCa report base model.

Text Encoder Text data ‘ COCO DOCCI-full
Scratch alt-text 47.8 53.5
Gemini-8B alt-text 48.3 67.2
Scratch re-captioned 46.5 75.6
Gemini-8B re-captioned 51.9 91.6
Gemma-2B  re-captioned 51.2 88.9

Table 5. The importance of pretraining the text encoder and
recaptioning. We experimented with both Gemma [31] and Gem-
ini [30] based pre-trained text encoders and see similar perfor-
mance. Results were collected without hard-negative fine-tuning
or random sentence sampling.

| COCO  DOCCI-full

39.2 90.3
375 88.4

Gemini 1.5 Flash [30]
Gemini 1.5 Flash-8B [30]

length  grounded? \ COCO  DOCCI-full
default v 39.2 90.3
default 315 89.3
short v 39.0 85.2
alt-text v 38.4 65.7

Table 6. Exploration of large-scale captioning measured with
recall @ 1 on image retrieval on COCO [19] and DOCCI [22]. All
comparisons based on 100M captions from internal WebLI dataset
[4]. Top: Comparisons across different models for recaptioning.
Bottom: Comparison based on altering method for recaptioning.
Grounded indicates whether alt-text is supplied to the cap-
tion generation. Default and short caption length contain 133.4
and 354.8 words, respectively. Default captions used for rest of
paper. Results were collected without hard-negative fine-tuning or
random sentence sampling.

3.5. Exploring the space of improved guidance

We examine the space of semantic guidance to better un-
derstand the additive benefits of each change in our model.
Given that captioning 1B images is prohibitively expensive,
we perform detailed ablations on a subset of 100M images
for image retrieval on DOCCI and COCO (Tables 5, 6, 7,
and 8).

Table 5 indicates that training on recaptioning data alone
notably boosts performance from 53.5 to 75.6 for recall@1
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Sentence Sampling ‘ COCO  DOCCI-full

51.9 91.6
56.3 93.0

v

Table 7. Impact of random sentence sampling. We randomly
sample between one and ten sentences from our long generated
captions. Doing so boosts recall on COCO and DOCCI. Results
were collected without hard-negative fine-tuning.

Hard-neg. FT ‘ COCO  DOCCI-full ‘ ARO Attr.  AROrel.
51.9 91.6 82% 65%
v 54.1 88.1 94% 93%

Table 8. Impact of hard-negative fine-tuning. We see that hard-
negative fine-tuning significantly boosts results on ARO, slightly
helps COCO, and slightly harms DOCCI. Results were collected
without random sentence sampling.

on DOCCI [22]. We emphasize that the training images are
identical; all that differs is the associated captions with the
images. This small change results in 41% relative perfor-
mance gain. In parallel, we observe that using a rich text
model as a target increases performance from 53.5 to 67.2,
corresponding to 26% relative performance boost. The two
simple changes in tandem lead to additive gains on COCO
and DOCCL

Given the magnitude of benefits with recaptioning, we
explored what features make for a good recaptioning. First,
we examined how a less performant recaptioning models
effects overall performance (Table 6, top). We observed
that slightly drop in performance with a less performant
recaptioning model. Second, we examined how two key
parameters in our recaptioning with Gemini 1.5 Flash ef-
fect overall quality. Namely, we removed grounding based
on alt-text, and we abbreviated length of the captions.
We likewise observed that only slight degradations in over-
all performance on image retrieval (Table 6, bottom). Fi-
nally, we asked how data augmentations for the captioning
effected performance. In particular, we checked the impact
from random sentence sampling (Table 7) and hard nega-
tives fine-tuning (Table 8). We observed that sentence sam-
pling uniformly lead to better performance, especially on
COCO. Conversely, removing the hard negatives did pos-
itively impact DOCCI at the significant harm to ARO and
minor harm to COCO. We expect more work should be ded-
icated to finding the right balance of data augmentation in
captioning pipelines in future work.

4. Related Work

Shortcomings of multimodal models. Since the land-
mark publication of CLIP [26] as one of the first highly ca-
pable vision-language models, a number of important lim-
itations have been observed in multimodal models. For in-



stance, many image pairs are highly similar in CLIP fea-
ture space despite showing semantically meaningful dif-
ferences (e.g., left-facing dog vs. right-facing dog). This
leads to systematic failures in downstream models that use
CLIP as an image encoder (although [18] observed that bet-
ter image-language alignment can sometimes alleviate this
concern). Furthermore, vision-language models often be-
have like bag-of-word models [36], as indicated through
a surprising inability to understand compositions and re-
lations (e.g., grass eating horse vs. horse eating grass). A
number of approaches have been suggested for improving
over current shortcomings; they are mostly focused on spe-
cialized architecture or data, and sometimes both.

Specialized architectures. X-VLM [37] proposes an ar-
chitecture that incorporates bounding box prediction in or-
der to improve the connection between visual input and text
descriptions. The BLIP model [17] is a popular specialized
architecture trained jointly with three different objectives.
CapPa [32] suggests image captioning as an alternative pre-
training task leading to improved downstream performance.
MATE [12] identifies short captions as a problem (similar
to our work); however instead of training models on longer
captions (as we do) they propose an architecture that re-
places the text encoder with a LLM-based one. Long-CLIP
[40] has a similar motivation and uses a bespoke archi-
tecture (modifying positional embedding, matching CLIP’s
primary component) in combination with one million long-
text caption pairs. [2] is a concurrent work which uses mul-
tiple embedding heads, one for fine-grained tasks like Im-
ageNet and the other for long form captions like DOCCI,
in addition to a very large pretrained DINO g/14 image en-
coder and additional self-distillation and masking losses.

Data. In contrast to the wealth of specialized architec-
tures, the data side has not been explored as much—and
frequently only in combination with a specialized architec-
ture. Among the notable exceptions are [24], generating
synthetic images from text-to-image models that are used
as hard negatives in contrastive training. Furthermore, [9]
use an LLM to rewrite (but not explicitly expand) exist-
ing captions as a form of data augmentation. In contrast
to our work, the caption rewriting model is not visually
grounded since it is a “blind” language model without im-
age access. Finally, closest in spirit, [16] employed a mul-
timodal model to more elaborate recaptioning pipeline but
focused on boosting COCO retrieval.

5. Discussion

In this work we have highlighted the failures of multimodal
embeddings. Current foundational models contain limited
compositional information as observed by perturbations in
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the attributes and relationships as well as the failure of mod-
els to perform image retrieval on challenging captioning
tasks (Section 3.1, 3.2, and 3.3).

This work attempts address this problem by providing
improved semantic guidance for multimodal models. In lieu
of architectural innovations, this focuses on two simple and
small changes that are highly scalable: (1) re-captioning
training, and (2) improving the semantic target with a pre-
trained and powerful language model. These two improve-
ments appear complimentary and result in a model that is
able to perform 94.5 recall @1 on DOCCI image retrieval
[22] (Table 3).

More generally, this work highlights how bootstrapping
data provides a scalable solution for constantly improving
training data. Previous work had shown how simple pro-
cedures to bootstrap pseudo-labels may scale quite well
and achieve state-of-the-art results on discrete classifica-
tion tasks [34]. This work extends that endeavor by using
pseudo-labels from other models to learn better embedding
representations using contrastive learning.

As a simple application of this work, one benefit of im-
proved alignment between visual and semantic representa-
tions is the opportunity to predict human preferences for im-
age generation models. For instance, in previous work Im-
agen [28] outperformed GLIDE [21] in forced-choice hu-
man preference experiments for whether a caption is bet-
ter aligned to the generated image. As a pilot study, we
asked whether our work may improve upon a strong base-
line of the open-source CLIP model [26] for predicting
these human preferences on the same dataset. We observed
that while open-source CLIP predicted the weighted hu-
man accuracy at 71.3%, our model instead achieved 81.1%
weighted accuracy. We also observed notable gains in terms
of the ability of our model to count a small number of dis-
tinct objects. We take these preliminary experiments as a
suggestion for a potentially fruitful direction of exploration
and reserve such a direction for future work.

This work has largely measured the quality of the model
based on image retrieval in a shared embedding space. That
said, a natural extension of this work is to investigate how
these simple techniques may work in the context of an im-
age captioning model (e.g. [33]). Previous work has shown
how image captioning as a training task may provide rich
representation that may transfer to other visual tasks [7]. A
natural question is to ask how such a training objective may
additively improve multimodal representations [35]. In tan-
dem, one could measure the quality of the presentation on
captioning-based evaluations [1] where challenges such as
grounding and hallucination become more pronounced. We
look forward to pursuing this direction in future work.
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