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Abstract

What data should a vision-language model be trained
on? To answer this question, many data curation efforts
center on the quality of a dataset. However, most of these
existing methods are (i) offline, i.e. they produce a static
dataset from a set of predetermined filtering criteria, and
(ii) concept-agnostic, i.e. they use model-based filters which
induce additional data biases. In this work, we go beyond
such offline, concept-agnostic methods and advocate for
more flexible, task-adaptive online concept-based curation.
Our first contribution is DATACONCEPT, a collection of
128M web-crawled image-text pairs annotated with fine-
grained details about their concept composition. Building
on DATACONCEPT, we introduce Concept-Aware Batch
Sampling (CABS), a simple yet effective batch-sampling
framework that flexibly constructs batches on-the-fly based
on specific target distributions. We propose two variants:
(i) Diversity Maximization (CABS-DM) to curate batches
with a broad coverage of concepts, and (ii) Frequency Max-
imization (CABS-FM) to curate batches with high object
multiplicity. Through extensive evaluations across 28 bench-
marks, we demonstrate that CABS significantly benefits
Language-Image Pretraining (LIP) and yields highly per-
formant models. Overall, CABS represents a strong open-
source alternative to proprietary online curation algorithms,
enabling practitioners to define custom concept distributions
that optimize for specific downstream tasks. DATACONCEPT,
checkpoints and code are available at cabs-vlp.github.io.

1. Introduction
Web-scale pretraining datasets underlie the impressive gen-
eralization capabilities of vision-language models (VLMs).
The advent of CLIP [66], trained on 400M image-text pairs,
motivated the open development of billion-scale datasets like
LAION-5B [71] or DataComp-12.8B [31]. Although dataset
size is an influential factor, their quality is equally important,
if not more [31, 35, 57]. To improve quality, current cura-

*Equal contribution. Ordered by increasing performance on GSM8K.

tion methods range from filtering according to well-defined
metrics (e.g., CLIP score) [31] to synthetically augmenting
the captions to be more descriptive [49, 58].

However, most of the widely adopted curation strategies
(e.g., those benchmarked by DataComp [31]), focus on qual-
ity only at the level of individual samples, overlooking the
finer, concept-level distribution1 within web-scale datasets.
In other words, existing curation methods tend to be concept-
agnostic (MetaCLIP [87] is a notable exception). Addition-
ally, these methods operate in an offline manner, filtering out
large portions of data, thus enforcing a fixed design choice:
once data is discarded, it is difficult, if not impossible to
repurpose the resulting subset for other curation strategies.
The offline filtering regime also accelerates the depletion of
available training samples, creating data scarcity that ulti-
mately imposes a “data wall” on pretraining [60]. Finally,
concept-agnostic filtering methods often rely on state-of-the-
art, but black-box, models to guide curation. This not only
reduces transparency in selection criteria but also risks propa-
gating the model’s biases into the curated dataset [34, 40]. In
contrast, concept-aware curation provides both transparency
and direct control over the composition of the final dataset.

In this work, we depart from such offline sample-level
curation protocols, and instead advocate for more flexible
online concept-based curation. Our rationale is simple: there
is no “universal” notion of quality [36, 52], and importantly,
as shown in Fig. 1 (left), different downstream evaluations
might bias what the optimal concept distribution should look
like [3, 55]. Therefore, we aim to show that incorporating
concept-level information during pretraining, without dis-
carding any data a priori, provides a complementary and ef-
fective avenue for multimodal data curation. This aligns with
recent works advocating for data reuse over filtering [59, 65].

To achieve this goal, we introduce DATACONCEPT: a
multimodal pretraining dataset with 128M image-text pairs
fully annotated with grounded concept information. In DAT-
ACONCEPT, each sample comes with ① semantic concepts,
② bounding boxes, ③ per-concept confidence scores, and

1We adopt the definition of concepts from [78], i.e. objects that can be
found in the wild, that we can identify and locate in image samples.
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Figure 1. Task-adaptive, steerable, Concept-Aware Batch Sampling (CABS). The per-sample concept multiplicities (left) of MSCOCO
retrieval and ImageNet classification test sets depict their divergent distributional properties. By only modifying a simple scoring function,
CABS can flexibly adapt to different target tasks (details in Sec. 3). Both our classification-optimized (CABS-DM, see Sec. 4) and
retrieval-optimized (CABS-FM, see Sec. 5) variants outperform IID sampling by large margins, across several experimental configurations.

④ concept-driven synthetic captions. With DATACONCEPT,
we ask: How can we effectively modulate different visual
concepts during vision-language pretraining?

In order to answer this question, we introduce a new train-
ing framework: Concept-Aware Batch-Sampling (CABS).
In contrast to offline, static curation, we do not impose a
fixed, predetermined data distribution, but rather enable
flexible, task-adaptive control over online concept-based
batch creation. Our classification-optimized variant, CABS-
Diversity Maximization (CABS-DM), selects samples based
on concept-diversity. This scheme is in line with MetaCLIP’s
approach and significantly benefits zero-shot classification
(see Fig. 1 (middle)), especially over long-tailed evaluations.
Our second variant, specifically tailored to benefit image-text
retrieval tasks (see Fig. 1 (right)), is CABS-Frequency Maxi-
mization (CABS-FM). It optimizes for concept-multiplicity—
selecting samples that encompass a higher number of ob-
jects. To our best knowledge, these CABS-variants represent
the first reproducible demonstration of task-adaptive online
batch sampling. Taken together, our contributions are:

1. DATACONCEPT: a new, concept-centric pretraining
dataset for VLMs comprising 128M samples. Each sam-
ple comes with fine-grained concept annotations and a
concept-grounded synthetic caption. This helps enable
further exploration of concept-centric data curation, a rel-
atively underexplored avenue.

2. CABS: a new framework for vision-language pretraining
that involves online data curation through concept-aware
batch sampling. Paired with DATACONCEPT, CABS
enables flexible control over the concept distribution of
the data used throughout training.

3. Extensive experiments with 28 tasks, 4 visual back-
bones, and 2 training objectives (CLIP vs SigLIP), demon-
strate that CABS variants are highly effective for vision-
language pretraining (up to 7% gain on ImageNet zero-
shot classification and up to 9.1% gain on image-text re-
trieval, over strong baselines), while being complementary
to existing offline data curation recipes.

2. Concept-Aware Dataset Augmentation
We now introduce DATACONCEPT, our large-scale, concept-
annotated pool of 128M image-text pairs. We will demon-
strate the utility of our annotations by describing how they
fit into the CABS framework in the next section (Sec. 3).
Initial pool. We start with DataComp’s unfiltered medium
pool consisting of 128M image-text pairs [31]. We denote
each sample i as (Ii, Ti). The standard protocol for down-
loading the dataset suffers from significant link-rot.2 Hence,
we opt for randomly sampling a 128M subset from Data-
comp’s XLarge pool (which consists of 12.8B samples).
Building a concept bank. The first step for annotating our
pool is determining a concept bank, i.e., the set of concepts
that we seek to detect and tag. Previous work [78] curated
a concept bank but it is rather limited (4, 029) due to being
constructed from 27 evaluation datasets. For broader cover-
age, we further source concepts from the class labels used in
RAM++ [41], V3Det [81], and OpenImages [47], resulting
in 19, 261 concepts, after de-duplication and safety removal
(specific details and methods are provided in Appx. A.1).

2We successfully downloaded only 79% of the medium-scale pool, as
of September 2024.
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Figure 2. DATACONCEPT. We start with images from DataComp [31] and build a concept bank V by merging, deduplicating, and filtering
various concept sources. In ① First-order tagging, we assign a preliminary list of concepts (from V) to each sample. ② We then ground each
concept in the image, removing noise in the initial candidates. ③ Lastly, we use a model to transform alt-texts into concept-aware captions.

Concept tagging. Equipped with an expansive concept bank,
following [78], we employ the RAM++ model to provide
multiple concept tags for each sample in our data pool.

Concept grounding. While RAM++ annotations provide
fine-grained concept annotations per sample, we find that
(i) RAM++ can be miscalibrated in its confidence predic-
tions due to the extreme diversity of our concept bank, and
(ii) RAM++ only provides a list of concept tags, without
localising them in the image, which can lead to incorrect
grounding. Thus, we use GroundingDINO [51] to addi-
tionally provide concept-specific bounding boxes. To en-
able precise localization of concepts, we propose two meth-
ods: (i) Confidence seeding: we feed RAM++ concept tags
per sample (only those with at least 0.75 confidence) as
seed prompts to GroundingDINO, and (ii) Resolution en-
sembling: we use Weighted Box Fusion [73] to ensemble
GroundingDINO predictions over multiple image resolu-
tions of {384, 512, 800, 1000}. This helps reduce hallucina-
tions without significantly affecting latency. With the two
aforementioned steps, we obtain a list of concepts and their
corresponding bounding boxes and confidence scores for
each sample. Across all samples in the pool, we end up with
12, 253 concepts, i.e. V , the final concept vocabulary for
CABS. Each sample i is now tagged with a concept set Ci.
Concept-aware recaptioning. We augment each sample
i with a concept-aware synthetic caption. Synthetic re-
captions have been shown to improve training data quality by
reducing noise in alt-texts [27, 28, 58]. We use Qwen2-VL-
7B [82] to recaption each image in a concept-aware manner:
for each sample i, we provide the list of detected concepts
Ci and the original alt-text caption Ti in the prompt. The
resulting generated caption is denoted asRi.

DATACONCEPT. Our multi-stage pipeline, fully sum-

marised in Fig. 2, yields our final dataset. Each image-text
sample in our dataset consists of concept metadata, includ-
ing concept tags with confidence scores, localised bounding-
boxes, and concept-aware synthetic captions. For ease of
notation, we denote each sample i as (Ii, Ti,Ri, Ci).

3. Concept-Aware Batch Sampling
3.1. Formulation
We formalize CABS as a parameterized sampling frame-
work. Given superbatch B of size B drawn IID from the
data-pool, we define a target batch size b < B controlled
by filter ratio f ∈ [0, 1), such that b = (1 − f)B. For
each sample with concept annotations Ci, CABS computes
a score si = h(Ci;B, θh), where h(.) is a concept-aware
heuristic gain function parameterized by θh(a set of parame-
ters relevant to the sampling strategy), and selects sub-batch
Bsub⊂B of size b based on these scores. The target sub-batch
is constructed as Bsub=TopKi∈B(si, k=b). For example, if
the target is IID sampling, h(i) would be set to 1 for all sam-
ples in B and θh=∅. Sampling the top-k in this way would
be equivalent to IID sampling. By allowing h(.) and θh to
be flexible, practitioners can flexibly instantiate different
batch sampling strategies and induce different concept dis-
tributions in Bsub on-the-fly during training. This flexibility
is powerful as it enables task-adaptive batch curation. We
provide PyTorch-style pseudocode for CABS in Alg. 1.

3.2. Task-Adaptivity of CABS

We now demonstrate two specific cases, zero-shot classi-
fication and image-text retrieval, where the flexibility of
CABS enables modifying the concept distributions to be
task-aware. Prior work [3] argues that classification and
retrieval benefit from distinct curation strategies. However,
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Algorithm 1 PyTorch-style code for CABS
# D=(I,T,C)=super-batch(images,texts,concepts)
# f=filter-ratio
# h=concept-aware heuristic gain function
# theta=parameter for heuristic gain function
def cabs(D, f, h):
I, T, C = D # unpack super-batch
B = I.size(0)
b = (1-f)*B
# Step1: compute heuristic scores
scores = []
for i in range(B):
s_i = h(C[i], D, theta) # scoring
scores.append(s_i)

# Step2: select top-k samples by score
selected_indices = topk(scores, k=b)
# Step3: construct target batch
I_target = I[selected_indices]
T_target = T[selected_indices]
return (I_target, T_target)

they only perform offline curation and do not disclose de-
tails of their methods. This motivates us to develop concrete
instantiations of CABS for classification and retrieval.

Zero-shot classification assesses whether a model has
learned discriminative features for different classes. Un-
der IID sampling and concept-imbalanced training batches,
common concepts are over-represented, resulting in under-
optimization for rare concepts, and consequently, poor long-
tailed performance [37, 94]. By constructing batches with
more uniform distributions, a model would learn stronger
representations for rare concepts, yielding improved gener-
alization on long-tailed classification. In contrast, retrieval
benchmarks test multi-object compositional understanding,
requiring models to align rich textual descriptions to complex
visual scenes (images with multiple concepts). By construct-
ing batches enriched with similarly complex samples, each
encompassing multiple concepts, models would generalize
better to the compositional nature of retrieval. Given this,
we develop two CABS algorithms (Tab. 1):

• Diversity Maximization: balance the concept distribution,
focusing on uniform concept coverage (Sec. 4).

• Frequency Maximization: prioritize samples with the
highest concept counts (Sec. 5).

Empirical Justification. To validate that classification and
retrieval tasks exhibit substantially different concept distri-
butions, we collect 4,096 random samples from MSCOCO
(retrieval) and ImageNet (classification) and visualize their
per-sample concept counts, following the same protocol used
to construct DATACONCEPT. From Fig. 1 (left), we observe
that ImageNet images tend to contain single objects, while
MSCOCO naturally exhibits multi-object scenes. These char-
acteristics are then approximated by the samples selected by
our two CABS variants, further demonstrating the power
and flexibility of task-adaptive batch curation. This also high-
lights the potential of analyzing salient task characteristics
and shaping training distributions accordingly [55].

Table 1. Parameters of CABS variants. We indicate the heuristic
function h(·) and parameters θh used for CABS-DM (see Sec. 4)
and CABS-FM (see Sec. 5), and if the score is dependent on the
current state of the sub-batch.

Method h(.) θh Dependent?
IID 1 ∅ ✗

CABS-DM Eq. (1) tc ✓

CABS-FM |Ci| ∅ ✗

3.3. Experimental Setup
Models. We train a ViT-B-32 [22] CLIP using 224 image-
resolution and ViT-B-16 SigLIP [91] at 256 resolution. We
further test CABS by training ViT-S-16 CLIP and ViT-
SO400M-14 SigLIP [4] models in Appx. D.2.
Data. We experiment with two variants of DATACONCEPT:
one using noisy alt-texts (Ti) and another with our concept-
aware re-captions (Ri). Note that IID sampling with alt-text
captions corresponds to DataComp’s default setup [31].
Evaluation Benchmarks. Following [79], we consider
a diverse pool of 25 classification and 2 image-text re-
trieval benchmarks, spanning fine-grained, object-centric,
and scene-centric categories. Additionally, to assess the ef-
fectiveness of our models in long-tailed settings, we evaluate
on “Let-It-Wag!” test set from [78].
Training. We fix the training budget to be 128M samples
seen; additional findings for higher budgets (1.28B samples
seen) are described in Sec. 6. Note that we closely follow
the hyperparameters set by DataComp for fair comparison,
including a batch-size of 4096. The sample-level concepts Ci
are used only for batch curation and do not contribute to the
contrastive objective. Unless specified, we set the filter ratio
to f=0.8, sampling from superbatches of size B=20, 480.
We show performance for other filter ratios in Appx. F.
Baselines. We compare CABS performance with two pop-
ular online batch sampling methods, GRIT-VLP [11] and
MAFA [12]. Both GRIT-VLP and MAFA sample hard neg-
atives based on embedding similarity. The key difference
lies in how these similarities are computed: GRIT uses the
current model’s embeddings, while MAFA relies on those
from a pretrained model. MAFA used BLIP for this purpose,
but its smaller training budget makes comparisons unfair. To
ensure parity, we instead pretrain CLIP and SigLIP on 128M
samples and use their embeddings to compute MAFA simi-
larities. Additionally, we note that, although JEST [24] and
ACID [79] are also relevant baselines, they are proprietary
algorithms with no public implementation.

4. CABS with Diversity Maximization
4.1. Formulation
As motivated in Sec. 3.1, zero-shot classification tasks bene-
fit from balanced concept-level supervision across batches.
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Figure 3. Sub-batch compositions. CABS-DM induces a near-
uniform concept frequency distribution, de-biasing the distribu-
tional skew induced by IID-sampling. Unique indicates total
unique concepts in the sub-batch—CABS-DM incorporates nearly
double the concepts in the curated sub-batch, compared to IID.

Given the general formulation detailed previously, we in-
stantiate CABS with diversity maximization (CABS-DM)
and its corresponding heuristic function hDM , which scores
samples iteratively such that the top-k-filtered batch approx-
imates a uniform concept distribution. For a superbatch
B, CABS-DM assigns higher scores to samples contain-
ing under-represented concepts in Bsub and selects the top
b = (1− f)B samples until the frequency of each concept
reaches an upper bound tc, a tunable hyperparameter.

CABS-DM constructs a sub-batch by iteratively selecting
samples that maximize a gain function hDM (i) and updating
the sub-batch concept count nc for all concepts c ∈ Ci. This
process continues until the desired batch size for training
is obtained, which is vastly different from an IID-sampled
batch, as illustrated in Fig. 3. An average CABS-DM sub-
batch contains 1.5× more concepts than an IID-sampled
batch, in addition to exhibiting a mostly flat concept dis-
tribution. This helps increase diversity at the batch level.
CABS-DM includes the following components:
Pooling Concepts and Target Count. For each B, we
first compute the global frequency Fc of each concept. We
next fix the target count tc for concept c, i.e. the maximum
number of times c should appear in the sub-batch, to enforce
approximate uniformity (following our prior notation, θh
consists of tc in this case). In a simplified setting, if each
sample comprises 1 concept,

∑
c tc ≈ b = (1− f)B.

Gain Function. The sample-level gain function is based
on the current state of the sub-batch’s concept distribution.
Given sample i with concept set Ci, we define the gain as

hDM(i) =
1

|Ci|
∑
c∈Ci


tc − nc

tc
+

1

Fc
, if nc < tc,

0, if nc ≥ tc.
(1)

Table 2. CABS-DM improves over IID. Our method substantially
outperforms IID sampling across settings. Importantly, gains from
CABS-DM extend to the long-tailed “Let-It-Wag!” test set too.

Method Cap. Zero-shot Classification Let-it-Wag! Avg (Clf)
IN-Val IN-shift Obj Scene

ViT-B-32-CLIP
IID [31] alt 17.3 15.2 32.3 36.4 5.1 28.2
CABS-DM alt 21.9 18.6 34.5 38.0 7.5 30.7

IID [31] recap 21.7 20.8 36.4 43.1 5.9 33.0
CABS-DM recap 26.7 25.4 39.6 42.8 7.1 35.5

ViT-B-16-SigLIP-256
IID [31] alt 17.2 15.3 29.6 35.9 5.2 26.4
CABS-DM alt 24.1 20.8 33.5 39.6 7.0 30.9

IID [31] recap 28.8 27.4 41.5 48.9 6.6 38.6
CABS-DM recap 34.7 32.3 43.2 50.6 7.6 41.1

Each concept contributes two components: a balance
gain ((tc−nc)/tc) that prioritises under-represented con-
cepts and a rarity bonus (1/Fc) that upweights long-
tailed concepts. The rarity bonus ensures rare concepts are
incorporated into the sub-batch earlier during greedy se-
lection thereby reducing the total number of samples that
must be parsed. At each step, we sort all remaining super-
batch samples by this score, deterministically select sample
i⋆ = argmaxi hDM (i), append i⋆ to the sub-batch, and
update nc ← nc + 1 for all c ∈ Ci⋆ . If concept c exceeds
tc, all remaining samples containing c are rendered invalid.
Scores si are then generated for all relevant samples remain-
ing in B using hDM and the sample with the highest score
is incorporated into the sub-batch for the next iteration.
Sample Selection. CABS-DM proceeds through a sequence
of greedy maximizations to yield a balanced and diverse
sub-batch. At every iteration, it deterministically selects
the sample with the highest gain, conditioned on the cur-
rent sub-batch composition, without randomness, akin to an
Expectation-Maximization alternating optimization between
sample selection and score update. Benefits of hDM in-
clude (i) reproducibility across runs for the same super-batch
due to deterministic selection, and (ii) gain terms jointly
enforce uniform concept coverage and higher batch diversity.
Importantly, while hDM is deterministic given a fixed super-
batch, sample selection varies across training steps due to
stochastic super-batch draws. This variability is desirable,
as it distinguishes CABS-DM from offline curation and pro-
motes diversity across training. We provide PyTorch-style
pseudocode for CABS-DM in Appx. C.1.

4.2. Improvements on Zero-shot Classification
We now comprehensively evaluate the effectiveness of
CABS-DM against standard IID sampling for multimodal
pretraining. As shown in Tab. 2, CABS-DM consistently
delivers improvements across four different test settings. On
ImageNet, CABS-DM yields substantial gains over IID sam-
pling, with an absolute improvement of +5.0% for CLIP ViT-
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Table 3. CABS-DM beats MetaCLIP-style curation. Despite
having similar curation objectives, we show our online concept-
balanced batch sampling significantly outperforms offline curation.

Method Zero-shot Classification Let-it-Wag! Avg (Clf)
IN-Val IN-shift Obj Scene

ViT-B-32-CLIP
IID [31] 17.3 15.2 32.3 36.4 5.1 28.2
MetaCLIP [87] 18.2 16.9 30.3 32.9 5.3 26.9
CABS-DM 21.9 18.6 34.5 38.0 7.5 30.7

ViT-B-16-SigLIP-256
IID [31] 17.2 15.3 29.6 35.9 5.2 26.4
MetaCLIP [87] 20.3 18.9 30.7 35.3 5.3 28.0
CABS-DM 24.1 20.8 33.5 39.6 7.0 30.9

B-32 and +6.9% for SigLIP B-16-256. Similar trends are
observed across the broader suite of benchmarks and model
variants (refer to Appx.D.2), where CABS-DM boosts av-
erage accuracy. Beyond standard benchmarks, CABS-DM
also enhances long-tailed recognition on Let-It-Wag! [78],
with boosts of 1.0− 2.4%. This demonstrates CABS-DM’s
ability to improve both general and long-tailed performance.
We also observe strong gains on autoregressive VQA and
image captioning results (Appx. H).

Notably, we also observe consistent improvements from
using our concept-aware re-captions compared to alt-texts,
even with standard IID sampling. With CLIP-ViT-B/32,
our re-captions lead to a +4.3% boost on ImageNet, and
+4.8% for zero-shot classification. For SigLIP-ViT-B/16,
the accuracy gains are as large as +11.6% and +12.2%.
These results quantify the benefits of both DATACONCEPT
and CABS, showcasing that concept-aware recaptions and
task-aware online curation provide the strongest gains.

4.3. Improvements over State-of-the-art Methods
MetaCLIP. We compare CABS-DM with MetaCLIP [87],
an offline curation method that aims at concept-balanced
curation by first collecting 500,000 queries from WordNet
synsets and Wikipedia titles, followed by matching these
queries to a pool of image–text pairs via substring search
in alt-texts, capping each query at 20,000 samples. To pro-
vide a fair baseline, we re-implement MetaCLIP curation
based on image content, using our concept vocabulary V
as the query pool and approximating the concept threshold
based on the desired curated dataset size. To align with
CABS-DM at f = 0.8 (where the full dataset is repeated
5× to match our 128M samples-seen regime), we construct
a 25.6M MetaCLIP-subset and train with 5× repeats. This
is achieved by using a per-concept threshold of 70,000.

Tab. 3 shows comparisons with CABS-DM, MetaCLIP
and IID sampling, with CABS-DM substantially outperform-
ing MetaCLIP in zero-shot classification (+3.8%/ +2.9%
gains on ImageNet and the average classification set respec-
tively) as well as long-tailed evaluations, highlighting the
performance boosts achieved with online batch curation.

Table 4. CABS-DM outperforms SOTA open-source batch
sampling methods. With both CLIP-ViT-B/32 and SigLIP-ViT-
B/16, CABS-DM provides significant benefits to LIP compared to
GRIT-VLP and MAFA, making it more suitable for modern LIP.

Method Zero-shot Classification Let-it-Wag! Avg (Clf)
IN-Val IN-shift Obj Scene

ViT-B-32-CLIP
IID 17.3 15.2 32.3 36.4 5.1 28.2
GRIT-VLP [11] 17.6 15.0 31.7 35.6 6.3 27.5
MAFA [12] 17.0 15.0 32.2 35.9 5.6 27.9
CABS-DM 21.9 18.6 34.5 38.0 7.5 30.7

ViT-B-16-SigLIP-256
IID 17.2 15.3 29.6 35.9 5.2 26.4
GRIT-VLP [11] 17.3 15.1 30.7 37.3 5.0 27.2
MAFA [12] 17.2 15.2 30.7 36.2 5.1 27.1
CABS-DM 24.1 20.8 33.5 39.6 7.0 30.9

Online Batch Sampling. After demonstrating benefits of
online sampling compared to offline curation, we next com-
pare CABS-DM to other online approaches such as GRIT-
VLP [11] and MAFA [12]. Tab. 4 highlights that both meth-
ods lag behind CABS-DM. We note GRIT and MAFA also
struggle to outperform the IID baseline (with CLIP), but offer
modest improvements with SigLIP. These observations are in
line with recent works suggesting that SigLIP models benefit
more from active batch sampling [24, 79]. With SigLIP-
ViT-B/16, CABS-DM improvements are up to +6.8% on
ImageNet and +3.7% on average.

5. CABS with Frequency Maximization
5.1. Formulation
As described previously in Sec. 3.1, we next focus on re-
trieval. Retrieval benchmarks like MSCOCO and Flickr
often consist of images with multiple objects and complex
scenes (Fig. 1), necessitating changes to the design of scoring
function compared to CABS-DM. This leads us to instanti-
ate CABS with frequency maximization (CABS-FM) and its
corresponding heuristic function hFM , which scores sam-
ples based on concept count. As a result, filtered sub-batches
contain samples from super-batch B with maximal object
multiplicity, exhibiting higher scene complexity overall.
Gain Function. We define a simple sample-level gain func-
tion hFM (i) = |Ci|. CABS-FM scores every i ∈ B by
hFM (i), sorts samples by this value, constructs a top-k sub-
batch Bsub = TopKi∈B(|Ci|, k = b) (PyTorch-style pseu-
docode can be found in the Appx. C.2). hFM thus provides
the model with the most concept-dense sub-batch.

5.2. Experiment Results
Improvements on Image-Text Retrieval. Following our
previous CABS-DM evaluation protocol, we test CABS-FM
across the full model suite using alt-text and concept-aware
re-captions. As shown in Tab. 5, CABS-FM consistently
outperforms IID sampling across all configurations, yielding
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Table 5. CABS-FM improves over IID. Performance on both
Flickr and MSCOCO significantly improved, demonstrating that
concept multiplicity curation indeed benefits retrieval.

Method Captions COCO Flickr Avg(Ret)

ViT-B-32-CLIP
IID alt 9.7 16.2 12.9

CABS-FM alt 11.0 21.9 16.4

IID recap 24.0 41.3 32.6

CABS-FM recap 30.4 52.9 41.6

ViT-B-16-SigLIP-256
IID alt 11.1 18.9 15.0

CABS-FM alt 12.3 23.9 18.1

IID recap 37.1 57.0 47.0

CABS-FM recap 39.7 63.5 51.6

Table 6. CABS-FM outperforms state-of-the-art. Arriving at the
same conclusions as CABS-DM, we show significant benefits in
using CABS compared to other online batch sampling methods.

Method COCO Flickr Avg(Ret)

ViT-B-32-CLIP
IID 9.7 16.2 12.9

GRIT-VLP [11] 9.6 15.6 12.6

MAFA [12] 9.6 15.5 12.5

CABS-FM 11.0 21.9 16.5

ViT-B-16-SigLIP-256
IID 11.1 18.9 15.0

GRIT-VLP [11] 11.6 19.6 15.6

MAFA [12] 10.5 19.4 14.9

CABS-FM 12.3 23.9 18.1

gains of +3.5% and +3.1% for ViT-B-32-CLIP and ViT-
B-16-SigLIP-256 (alt-text), averaged over MSCOCO and
Flickr. These improvements further widen to +9.0% and
+4.6% when training on the re-captions.
Online Batch Sampling Methods. In Tab. 6, we find that
CABS-FM outperforms GRIT-VLP and MAFA. Similar to
the classification case, both baselines fail to surpass IID
sampling for ViT-B-32-CLIP and offer only modest improve-
ments for ViT-B-16-SigLIP-256. In contrast, CABS-FM
offers large boosts, improving over GRIT-VLP by +3.9%
(ViT-B-32-CLIP) and +2.5% (ViT-B-16-SigLIP-256).

6. Data- / Compute-Constrained Experiments
Having explored the efficacy of our CABS variants across
both classification and image-text retrieval tasks, in this sec-
tion, we now study the benefits of CABS along another axis:
data- vs compute-constrained pretraining.
Definition. Let C denote the target compute (FLOPs), D
the pretraining dataset, and CD the required compute for
one epoch over D. If C≤CD, then training is compute-
constrained, i.e., the compute budget is insufficient to
consume all the data. If C>CD, then training is data-
constrained, i.e., samples must be repeated.
Experimental Design. Due to the sampling mechanism of

Table 7. CABS-DM is compatible with CLIPScore filtering. Al-
though CABS-DM leads to more repeats, which yield diminishing
returns on already curated data [35], we generally improve over
IID even with 2× more repeats across model architectures.

Method Zero-shot Classification Let-it-Wag! Avg (Clf)
IN-Val IN-shift Obj Scene

ViT-B-32-CLIP
IID 27.3 23.0 39.8 43.1 10.7 35.7
CABS-DM 30.1 25.6 41.8 44.8 12.7 37.8

ViT-B-16-SigLIP-256
IID 34.7 29.5 46.2 48.9 11.9 42.0
CABS-DM 37.5 32.2 46.2 48.5 12.6 42.7

Table 8. CABS-FM is also compatible with CLIPScore filtering.
Despite the same repeat protocol as CABS-DM, we show unani-
mous performance gains across all benchmarks and models tested.

Method COCO Flickr Avg(Ret)

ViT-B-32-CLIP
IID 13.8 24.1 18.9

CABS-FM 15.9 26.5 21.2

ViT-B-16-SigLIP-256
IID 18.7 34.7 26.7

CABS-FM 20.1 36.3 28.2

CABS, going from a larger superbatch to a training sub-
batch, all the experiments in Secs. 4.2, 4.3 and 5.2 operate
under a data-constrained setting for both CABS variants.
This occurs since a fraction f=0.8 of samples are filtered
out online during training, making the effective samples-
seen-per-epoch for CABS 5× less than IID, which instead
operates with C=CD. Following common practices in pre-
training, we increase the constraints further with two experi-
ments: ① less data, but higher quality, where we keep the
128M sample budget, but filter DATACONCEPT via CLIP
Score [71]. We keep the top 30% samples as in [31], thereby
reducing the starting dataset to ∼38M samples3. To prevent
high repeat rates, we set f=0.5, yielding 6.67× worst-case
repeats for CABS, which are comparable to the 5× worst-
case repeats induced by f=0.8 in Sec. 4. Note that IID
sampling yields 3.33 worst-case repeats after CLIP-Score
filtering. ② long training, where we do not filter, but rather
increase the training budget to 1B samples seen, matching
the large scale of DataComp [31].
Less data, but higher quality. In this regime, both CABS
variants remain effective even with CLIP-score-filtered data
(see Tab. 7 for CABS-DM and Tab. 8 for CABS-FM). No-
tably, while repeating curated data has been shown to yield
diminishing returns [35], CABS still trumps IID sampling
despite using a 2× more data repeat rate.
Long Training. Next, we study the training dynamics under
the regime where we train both IID and CABS variants with
a CLIP ViT-B/32 backbone for 1.28B samples seen. As

3We use OpenAI’s CLIP ViT-L/14 model for scoring cosine similarities.
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Figure 4. CABS with longer training (1.28B samples seen). Both
CABS-DM and CABS-FM show significant boost over IID for
ViT-B-32-CLIP in both compute-constrained and data-constrained
regimes, the grey dashed line being the point where compute-
constraint shift to data-constraint in an IID sampling regime.

illustrated in Fig. 4, we find that as long as IID training is
compute-constrained (dashed gray line), CABS significantly
outperforms the vanilla IID recipe, displaying impressive
3.2× and 2× compute multipliers. The performance gains
only slightly diminish when training is far into the data-
constrained regime, with CABS yielding a worst-case of
50 repeats and IID yielding only 10. However, the overall
performance is still quite strong compared to the IID baseline.
These experiments confirm that our CABS method is fully
compatible with ① smaller, highly curated datasets, and ②
pre-training on web-crawled corpora for multiple epochs.

7. Related Work
Sampling Approaches for Training Multimodal Models.
Training web-scale foundation models typically uses uni-
form, IID mini-batch sampling, which assigns equal weights
to each sample in the training set. However, in multimodal
corpora, examples differ drastically in quality [31, 71, 86],
are possibly redundant [1, 2, 23, 74, 83], and exhibit skewed,
long-tailed distributions across concepts [63, 78]. Moreover,
for contrastive objectives like CLIP [66], batch composi-
tion heavily shapes the learning process. In this context,
uniform sampling is not neutral: it can overexpose trivial
or spurious correlations and under-represent rare but infor-
mative cases. Hence, several recent approaches try to ap-
ply better batch sampling schemes to ensure more effective
cross-modal learning. Early works like RHO-Loss [54] and
Bad-Students [25] move away from IID sampling, but select
data samples independently without considering the over-
all batch composition. This issue is addressed by methods
such as GRIT-VLP [11], MAFA [12], JEST [24], B3 [75],
Falcon [43] and ACID [79]. Our paper builds on this line
of work by incorporating concept diversity into the training
batch construction, an aspect missing from previous works.
Analyzing Concepts in Multimodal Datasets. Understand-
ing the composition of multimodal datasets is important
for building better batch sampling methods. Early image-
text datasets like CC-3M [72], CC-12M [13] and YFCC-
100M [76] partially characterize their inherent concept distri-
butions using metadata from the web sources where images

are scraped from. The WebLI [15] dataset (used for training
models like PaliGemma [8] and SigLIP [91]) was annotated
using OCR models to detect objects in images. However,
due to the scale of compute required for annotating recent
open datasets like LAION-5B [71] and DataComp-1B [31],
very few works have studied their concept distribution. Udan-
darao et al. [78] tag each sample in LAION-400M with its
constituent concepts by using a pretrained image-tagging
model [41] and text search. Other works have proposed
improving concept coverage in various ways, e.g. consider-
ing multilingual data [59] or recaptioning [89]. Our DATA-
CONCEPT also augments samples with fine-grained concept
annotations and is designed specifically to enable explicit
control over online, concept-based batch construction.

8. Conclusion
We investigate the role of incorporating concept-level infor-
mation during vision-language pretraining, which is rela-
tively underexplored by prior data-centric work. To this end,
we introduce DATACONCEPT, a large-scale, fully annotated
pretraining dataset designed to expose concept-level anno-
tations, and CABS, a flexible framework leveraging this in-
formation to perform online, concept-aware batch sampling
during pretraining. Our extensive evaluations demonstrate
the benefits of CABS over IID and other curation strategies
(including existing batch sampling algorithms) across both
classification and retrieval tasks, highlighting its versatility.
By making DATACONCEPT and CABS publicly available,
we hope to motivate future work to incorporate concept-
awareness into their data pipelines for building better VLMs.
Limitations. One disadvantage of CABS is the cost of
concept annotations. However, this cost is amortizable as the
annotated data can be re-used for training different models
to do well on different tasks. It is also worth noting that the
runtime of CABS increases as we increase the filtering ratio
f from the superbatch. Our experiments show that CABS
can still offer performance benefits at low filtering ratios,
where the runtime overhead is more manageable. Besides,
we have not experimented with more complex multimodal
architectures or large-scale training runs that mirror current
state-of-the-art training setups.
Future Work. Our proposed framework motivates several
directions to study concept-centric data curation further. One
avenue could be applying CABS to fine-tuning data. In
addition, future work could look into other score functions
that will work well with a wide range of tasks, balancing
both retrieval and classification performance. This balance
could potentially be achieved through curriculum learning
as well. In our experiments, we pick a score function at the
start and apply it to all samples across all superbatches. One
could study how to best update the score function throughout
the course of training, e.g. by first prioritizing single-object
images and then moving on to selecting complex scenes.
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