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Abstract

Multimodal embedding models, built upon
causal Vision Language Models (VLMs), have
shown promise in various tasks. However, cur-
rent approaches face three limitations: causal
attention in VLM backbones is suboptimal for
embedding tasks; scalability issues due to re-
liance on high-quality labeled paired data for
contrastive learning; and limited diversity in
training objectives and data. To address these is-
sues, we propose MoCa, a two-stage framework
for transforming pre-trained VLMs into bidirec-
tional multimodal embedding models. The first
stage, Modality-aware Continual Pre-training,
introduces a joint reconstruction objective that
simultaneously denoises interleaved texts and
images, enhancing bidirectional context-aware
reasoning. The second stage, Heterogeneous
Contrastive Fine-tuning, leverages diverse, se-
mantically rich multimodal data beyond sim-
ple image-caption pairs to enhance generaliza-
tion and alignment. Our method addresses the
stated limitations by introducing bidirectional
attention through continual pre-training, scal-
ing effectively with massive unlabeled datasets
via joint reconstruction objectives, and utilizing
diverse multimodal data for enhanced represen-
tation robustness. Experiments demonstrate
that MoCa consistently improves performance
across MMEB and ViDoRe-v2 benchmarks,
achieving new state-of-the-arts, and exhibits
strong scalability with both model size and
training data on MMEB. We have released the
model weights and data on our project page
https://haon-chen.github.io/MoCa/.

1 Introduction

Multimodal embedding models have achieved sig-
nificant improvements in various tasks including
multimodal classification, visual question answer-
ing, and document retrieval [Jiang et al., 2024,
Zhang et al., 2024, Chen et al., 2025a, Ma et al.,

∗ Work done during Haonan’s internship at Microsoft
Research Asia, † Corresponding author

2024a]. These models are built on Vision Language
Models (VLMs), such as Phi-V [Abdin et al., 2024],
LLaVA [Liu et al., 2023], and Qwen-VL [Bai et al.,
2025], which demonstrate strong generation and
cross-modal comprehension capabilities. Recent
methods apply contrastive learning on image-text
pairs to off-the-shelf VLMs to align modalities and
improve cross-modal representation quality [Jiang
et al., 2024, Chen et al., 2025a].

Despite the success of current multimodal em-
bedding models, three main limitations remain: (1)
Causal attention of pre-trained VLMs might
be suboptimal for embedding models. Main-
stream multimodal embedding models [Jiang et al.,
2024, Chen et al., 2025a, Zhang et al., 2024]
inherit causal attention from their VLM back-
bones. However, studies on text embedding mod-
els [BehnamGhader et al., 2024, Li et al., 2023b,
Lee et al., 2025] have shown that bidirectional
attention typically produces superior embeddings
compared to causal attention. Furthermore, bidi-
rectional embedding models with mean pooling
offer practical benefits, such as late chunking [Gün-
ther et al., 2024]. (2) Contrastive learning is
hard to scale without labeled pair data. Con-
trastive learning fundamentally depends on diverse
high-quality image-text pairs, which limits its scal-
ability. Although large datasets of image-caption
pairs exist [Schuhmann et al., 2021, Tschannen
et al., 2025], curating diverse and high-quality mul-
timodal pairs remains resource-intensive. More-
over, contrastive learning cannot leverage the vast
amount of unpaired multimodal data available on
the internet. (3) Lack of diversity in training
objectives and data distribution leads to subop-
timal cross-modal alignment. Prior works such
as Jiang et al. [2024], Chen et al. [2025a] typically
fine-tune Vision-Language Models (VLMs) with
a single contrastive objective applied to a narrow
range of data, i.e., mostly short image-caption pairs.
This setup fails to fully exploit the rich cross-modal
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Figure 1: Comparison of VLM-based multimodal embedding models. Left: Previous single-stage contrastive
learning with mainly image-caption pairs and causal attention. Right: MoCa. In modality-aware continual pre-
training, we optimize a joint bidirectional reconstruction objective to denoise interleaved texts and images. In
heterogeneous contrastive fine-tuning, we improve cross-modal fusion with diverse image and text contexts.

reasoning capabilities that pre-trained VLMs offer.
As a result, the learned embedding models often
overfit to the training distribution and struggle to
generalize to more complex or diverse scenarios.

Recent advances in text embedding models, such
as LLM2Vec [BehnamGhader et al., 2024], adapt
pre-trained language models using bidirectional
Masked Language Modeling (MLM) [Devlin et al.,
2019]. Despite the success of Continual Pre-
Training (CPT) in text-only domains, its potential
remains underexplored for multimodal embeddings.
Moreover, as shown in Section 3.3, MLM alone is
insufficient for mixed-modality inputs, motivating
modality-aware, bidirectional objectives to jointly
process interleaved image and text signals.

In this work, we introduce a two-stage frame-
work, MoCa, to transform pre-trained VLMs into
effective bidirectional multimodal embedding mod-
els. As illustrated in Figure 1, our approach con-
sists of two stages: (1) Modality-aware Continual
Pre-training and (2) Heterogeneous Contrastive
Fine-tuning. In the first stage, we introduce a joint
reconstruction objective that requires the model to
simultaneously denoise interleaved text and image
inputs, which encourages the model to jointly rea-
son across modalities. For text, we apply masked
language modeling (MLM), where masked tokens
are predicted using the full multimodal context. For
images, we adopt masked autoencoding (MAE): a
subset of image patches are randomly masked and
reconstructed by a lightweight decoder conditioned
on image and text contexts. In the second stage,
as opposed to previous works which used mainly
image-caption pairs, we add diverse heterogeneous
data including (i) long-form query-document pairs,
supporting document-level understanding and com-
plex reasoning over extended context, (ii) curated

multimodal pairs, offering various visual and tex-
tual contexts beyond image captions of specific dis-
tributions, and (iii) real-world text pairs, enhancing
linguistic representations across diverse domains.

Together, the two stages directly address the lim-
itations outlined above. Stage one tackles Limita-
tions (1) and (2) by using massive unlabeled inter-
leaved data and enhancing bidirectional, context-
aware reasoning across modalities. It also par-
tially mitigates Limitation (3) by applying joint
reconstruction on diverse multimodal inputs. Stage
two directly addresses Limitation (3) by introduc-
ing heterogeneous and semantically rich multi-
modal pairs to enhance generalization and align-
ment across various domains.

We conduct experiments with MoCa and ver-
ify that our trained model consistently improves
performance across MMEB [Jiang et al., 2024]
and ViDoRe-v2 [Faysse et al., 2025] benchmarks.
Besides, it demonstrates strong scalability with
respect to both model size and training data on
MMEB. Specifically, after continual pre-training
on only 30B tokens, our 3B model matches or sur-
passes the performance of competitive 7B baselines.
When scaled to 7B parameters, our model sets new
state-of-the-art results on MMEB.

In summary, our contributions are as follows.

• We are the first to propose a continual pre-
training (CPT) approach with unlabeled data
to adapt VLMs to bidirectional embedding
models and demonstrate its strong scalability
with respect to model and corpus sizes.

• We also show that contrastive fine-tuning with
heterogeneous data and cross-modal interac-
tions enhances model generalization.

• With the two techniques combined, our frame-
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Figure 2: MoCa. (1) In modality-aware continual pre-training, the VLM backbone is trained to jointly reconstruct
masked texts and images based on interleaved multimodal context with masked language modeling and masked
autoencoding. (2) In heterogeneous contrastive fine-tuning, the VLM backbone from the previous stage is further
fine-tuned with contrastive loss on a broad range of heterogeneous data.

work, MoCa, consistently improves perfor-
mance on various benchmarks and achieves
state-of-the-art performance on MMEB.

2 Method: MoCa

In this section, we present MoCa, which trans-
forms pre-trained VLMs into powerful bidirec-
tional multimodal embedding models. As il-
lustrated in Figure 2, our method comprises
two stages: (1) Modality-aware Continual Pre-
training, where the model learns to reconstruct
masked texts and images with a joint denoising ob-
jective. The objective leverages MLM and MAE,
which enables the model to shift from causal to bidi-
rectional attention with better representation qual-
ity. (2) Heterogeneous Contrastive Fine-tuning,
where we perform contrastive fine-tuning with a
diverse set of multimodal pairs spanning long-form
query-document pairs, curated multimodal pairs
and real-world text pairs. This stage further aligns
vision and language embeddings while improving
generalization across varied real-world tasks.

2.1 Preliminaries

Vision Language Model Backbones. VLMs are
widely adopted as the backbones of multimodal
embedding models [Jiang et al., 2024, Zhang et al.,
2024, Chen et al., 2025a]. Consider a multimodal
input of length T , denoted by x = [x1, . . . , xT ],
where each xi, i ∈ [T ], can be either a discrete text
token or a continuous image patch. A VLM back-
bone first maps the input to the same space with
input embedding layers for text tokens and visual
encoders for image patches. The input embeddings

are then passed through the backbone transformer
to obtain hidden states f causal

θ (x) ∈ RT×d where θ
denotes the model parameters, and f causal

θ (·) refers
to the VLM backbone with causal attention.

Multimodal embedding models. Most existing
models inherit the causal attention from VLM
backbones. Therefore, (f causal

θ (x))j only depends
on [x1, . . . , xj ]. To extract embeddings from the
backbone, a natural choice would be the hidden
states corresponding to the last (EOS) token, i.e.
Embcausal

θ (x) := (f causal
θ (x))T .

For better representation quality, we introduce
bidirectional VLM backbone fbi

θ (·), which essen-
tially removes the attention causal masks from
f causal
θ (·). To extract embeddings from fbi

θ (·),
we adopt mean pooling. Therefore we have
Embbi

θ (x) :=
1
T

∑T
i=1 (f

bi
θ (x))i.

Contrastive learning. Based on the causal mul-
timodal embedding models initialized with pre-
trained VLMs above, previous works follow the
recipe of text embedding models [Wang et al., 2022,
Li et al., 2023b, Lee et al., 2025, Xiao et al., 2024]
to align image and text embeddings. Each training
example is a tuple (q, d+, {d−1 , . . . , d−K}), where
q is the query, d+ is a positive document, and
{d−1 , . . . , d−K} is a set of hard negative documents.

2.2 Modality-aware Continual Pre-training

This stage enhances the bidirectional representation
capability of a pre-trained VLM with joint denois-
ing objectives over interleaved texts and images.
As shown in Figure 2 (Left), we adopt two com-
plementary objectives: masked language modeling
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(MLM) [Devlin et al., 2019] for texts and masked
autoencoding (MAE) [He et al., 2022] for images.

Masked Language Modeling. We apply MLM
to the text tokens in the input x. Specifically, we
randomly sample a subset of text tokens T̃MLM ⊂
{1, . . . , T} and replace each xi, i ∈ T̃MLM, with a
special mask token <|mask|>. The resulting input
with masked text tokens is denoted as x̃MLM.

The VLM encoder then processes the sequence
with masked text tokens with bidirectional atten-
tion, enabling each masked position to attend to
all visible text tokens and image patches. This
facilitates contextual learning that captures both
intra- and cross-modal dependencies. The model
is trained to accurately predict each masked token
xi, i ∈ T̃MLM, based on the surrounding context.
Following BehnamGhader et al. [2024], we predict
the masked token at position i using the previous
token i− 1 (i.e., shift the labels) to align with the
training recipe of most auto-regressive VLMs. Sup-
pose the MLM prediction head is gϕ(·) parameter-
ized by ϕ. The MLM loss is then computed with
cross-entropy over the masked positions:

LMLM(θ, ϕ) =
∑

i∈T̃MLM

ℓCE((pθ,ϕ)i−1, xi), (1)

where (pθ,ϕ)i−1 := gϕ((fbi,θ(x̃
MLM))i−1) is the

model’s predicted distribution over the vocabulary
at position i. This objective encourages the model
to leverage both local and global contexts to re-
cover masked information, enhancing its ability as
a bidirectional encoder for embedding tasks.

Masked Autoencoding. Similar to MLM on text
tokens, we want a denoising objective to recon-
struct image patches based on text and image con-
text. Inspired by He et al. [2022], we mask image
patches and feed them to the bidirectional VLM
backbone. On top of the VLM hidden states, we
use a light-weight decoder to predict the original
patches. Concretely, given input with masked text
tokens x̃MLM, we further randomly sample a subset
of image patches T̃MAE ⊂ {1, . . . , T} and replace
each xi, i ∈ T̃MAE with vectors sampled from a
unit Gaussian distribution. The resulting input with
masked text and images is denoted as x̃MoCa.

The model is trained to predict each masked
patch xi, i ∈ T̃MAE based on the surrounding mul-
timodal context. Following He et al. [2022], we
add a shallow transformer hψ as the image patch
decoder on top of the VLM encoder. The MAE loss

is computed with MSE over the masked patches:

LMAE(θ, ψ) =
∑

i∈T̃MAE

ℓMSE(x̂i, xi). (2)

x̂i = hψ(fbi,θ(x̃
MoCa))i is the reconstructed patch.

The final modality-aware continual pre-training
objective is a weighted sum of MLM and MAE on
the sequence with masked texts and images,

LMoCa(θ, ϕ, ψ) = LMLM(θ, ϕ) + wLMAE(θ, ψ),

where w is the weight to balance these two losses1.

Efficient implementation. In practice, we use
data parallel to distribute workloads across GPUs.
To achieve load balancing, we calculate the com-
pute cost of each sequence based on sequence
length and image sizes and implement a sequence
packing algorithm to make sure all GPUs process
a batch with almost the same compute cost.

2.3 Heterogeneous Contrastive Fine-tuning
Following the CPT stage, we fine-tune the model
with a contrastive objective over a broad range of
heterogeneous data. Unlike prior methods [Jiang
et al., 2024, Chen et al., 2025a] that primarily
rely on image-caption pairs, we leverage more di-
verse sources to improve robustness. As shown
in Figure 2, this includes: (1) Long-form mul-
timodal pairs, which consist of document-level
inputs containing both images and extended text.
These samples support complex cross-modal rea-
soning and coherence over long contexts. (2) Cu-
rated multimodal pairs that offer varied and high-
quality alignments beyond typical captioning. (3)
Text-only pairs, sampled from large-scale retrieval
datasets, which enhance the model’s ability to en-
code fine-grained semantic differences in language.

Each training instance z is structured as a tuple
(q, d+, {d−1 , . . . , d−K}), and both query and docu-
ments may be either unimodal or multimodal. For
each sample z, let N(z) = {d−1 , . . . , d−K}∪Nin(z)
be the set of negative documents to contrast, where
Nin(z) contains other documents in the same batch.
Denote by q, d the embeddings of q, d, respec-
tively, i.e., q = Embbi

θ (q) and d = Embbi
θ (d). The

contrastive loss is then defined as:

LCL(θ) = − log
Φ(q,d+)

Φ(q,d+) +
∑

d∈N(z)

Φ(q,d)
, (3)

1MLM and MAE losses are calculated on the same input
x̃MoCa containing masked images and masked texts.
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where Φ(·, ·) is a similarity function defined as:
Φ(a,b) = exp (cos(a,b)/τ), with cos(·, ·) denot-
ing cosine similarity and τ is the temperature.

Task-aware batching. In Heterogeneous Con-
trastive Fine-tuning, documents from different
tasks can vary significantly. For example, a puppy
is completely different from a screenshot of an
arXiv paper. This makes distinguishing them trivial,
which diminishes the benefit of in-batch negatives.
To address this, we adopt task-aware batching [Li
et al., 2023b]. By ensuring that all instances within
the same batch originate from the same task, we
enable harder in-batch negative samples, leading to
improved representation quality.

3 Experiments

3.1 Experimental Setup

3.1.1 Modality-aware Continual Pre-training
Training Data. We incorporate three categories
of training corpora as the CPT dataset: (1) Text-
only data from DCLM [Li et al., 2024], (2) Com-
mon image-text pairs from PixelProse [Singla
et al., 2024] (CommonPool, CC12M, and Red-
Caps), MAmmoTH-VL-Instruct [Guo et al., 2024],
and MMEB training set [Jiang et al., 2024], and
(3) Document-level multimodal data from Doc-
Matix [Laurençon et al., 2024], VisRAG [Yu et al.,
2025], and ColPali training set [Faysse et al., 2025].
For each dataset, we randomly sample 500K in-
stances, resulting in a total corpus of ~30B tokens.
Implementation Details. We adopt Qwen-2.5-
VL [Bai et al., 2025] as the VLM backbone. We
use a maximum input sequence length of 2048
tokens and a micro-batch size of 12,800 across
32 H100 GPUs. The learning rate is set to 2 ×
10−6. For MLM, we apply a mask ratio of 0.4 for
MoCa-3B and 0.6 for MoCa-7B. For MAE, we use a
masking ratio of 0.5 for MoCa-3B and 0.6 for MoCa-
7B. The lightweight image decoder for MAE (hψ)
is initialized from the middle layer of the Qwen-2.5-
VL backbone to improve loss stability. The MAE
loss LMAE is weighted by w = 0.5 to balance with
the MLM loss LMLM.

3.1.2 Heterogeneous Contrastive Learning
Training Data. We use three categories of datasets
for contrastive learning: (1) Long-form multi-
modal pairs from VisRAG [Yu et al., 2025] and
the ViDoRe training set [Faysse et al., 2025], (2)
Common multimodal pairs from the training sets

of MMEB [Jiang et al., 2024] and mmE5 [Chen
et al., 2025a], and (3) Text-only pairs from the
large-scale dense retrieval dataset E5 [Wang et al.,
2022]. From each dataset, we randomly sample
50K instances, resulting in a total of approximately
2M contrastive training pairs.
Implementation Details. We use a batch size of
2048. The learning rate is set to 1× 10−5, and the
temperature τ in the contrastive loss is set to 0.03.
Each query is accompanied by two hard negative
document pairs, which is curated by mmE5 [Chen
et al., 2025a].

The CPT and CL stages utilize the training data
from benchmarks. This practice is standard in mul-
timodal embedding works, such as mmE5 [Chen
et al., 2025a] and ColPali [Faysse et al., 2025].

3.1.3 Evaluation
Massive Multimodal Embedding Benchmark
(MMEB). We assess the general embedding quality
with MMEB [Jiang et al., 2024], reporting results
with Precision@1. MMEB includes 36 multimodal
tasks across four types: 10 classification tasks, 10
visual question answering (VQA) tasks, 12 retrieval
tasks, and 4 visual grounding tasks.
Visual Document Retrieval (ViDoRe-v2). We
evaluate the performance on visual document re-
trieval with NDCG@5 on ViDoRe-v2. This is
designed to test retrieval systems across diverse
document types, tasks, languages, and settings.

3.2 Overall Results

We present the overall multimodal embedding per-
formance on MMEB in Table 1 and the results on
long-form document-level retrieval from ViDoRe-
v2 in Table 2. Our model, MoCa, consistently out-
performs all strong baselines on both benchmarks,
demonstrating the effectiveness of our proposed
framework. Several key observations can be drawn
from the results: (1) The combination of a VLM
backbone with bidirectional attention, Continual
Pre-training (CPT), and heterogeneous Contrastive
Learning (CL) consistently yields superior perfor-
mance. Specifically, the configuration “bidirec-
tional + CPT + CL” outperforms both “causal + CL”
and “bidirectional + CL”. This confirms the impor-
tance of modality-aware pre-training in unlocking
the full potential of bidirectional architectures. (2)
After continual pre-training on 30B tokens, our
3B model with bidirectional adaptation surpasses
7B baselines trained only with contrastive learning.
(3) Scaling our approach to a 7B model leads to
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Table 1: MMEB results. In addition to existing baselines, we evaluate three variants of Qwen-2.5-VL with different
model sizes and attention mechanisms. We highlight the best scores in bold and the second-best with an underline.

Models Size Per Meta-Task Score Average Score

Classification VQA Retrieval Grounding IND OOD Overall

Existing Baselines
CLIP [Radford et al., 2021] 428M 55.2 19.7 53.2 62.2 47.6 42.8 45.4
BLIP2 [Li et al., 2023a] 428M 27.0 4.2 33.9 47.0 – – 25.2
SigLIP [Zhai et al., 2023] 652M 40.3 8.4 31.6 59.5 – – 34.8
GME [Zhang et al., 2024] 7B 56.9 41.2 67.8 53.4 – – 55.8
MM-EMBED [Lin et al., 2024] 7B 48.1 32.2 63.8 57.8 - - 50.0
VLM2Vec [Jiang et al., 2024] 7B 61.2 49.9 67.4 86.1 67.5 57.1 62.9
MMRet [Zhou et al., 2024] 7B 56.0 57.4 69.9 83.6 68.0 59.1 64.1
mmE5 [Chen et al., 2025a] 11B 67.6 62.7 71.0 89.7 72.4 66.6 69.8

Variants of Qwen-2.5-VL with only Contrastive Learning on MMEB Training Set
causal attn. 3B 59.8 63.8 68.2 83.8 72.7 58.5 66.4
bidirectional attn. 3B 59.1 60.6 68.7 83.4 71.7 57.6 65.4
bidirectional attn. 7B 60.5 62.2 70.5 85.6 72.6 60.1 67.1

Ours
MoCa-3B 3B 59.8 62.9 70.6 88.6 72.3 61.5 67.5
MoCa-7B 7B 65.8 64.7 75.0 92.4 74.7 67.6 71.5

Table 2: Results on ViDoRe-v2. “Syn” denotes synthetic data, “Mul” indicates multilingual tasks, and “Bio” refers
to biomedical domains. The best results are shown in bold, while the second-best are underlined.

Models Size ESG_Human Eco_Mul Bio ESG_Syn ESG_Syn_Mul Bio_Mul Eco Avg.

Existing Baselines
SigLIP [Zhai et al., 2023] 652M 28.8 14.0 33.8 19.8 21.9 18.2 29.8 23.8
VLM2Vec [Jiang et al., 2024] 7B 33.9 42.0 38.8 36.7 38.4 29.7 51.4 38.7
VisRAG-Ret [Yu et al., 2025] 3B 53.7 48.7 54.8 45.9 46.4 47.7 59.6 51.0
GME [Zhang et al., 2024] 7B 65.8 56.2 64.0 54.3 56.7 55.1 62.9 59.3
mmE5 [Chen et al., 2025a] 11B 52.8 44.3 51.3 55.1 54.7 46.8 48.6 50.5

Ours
MoCa-3B 3B 63.3 57.3 62.5 58.3 54.8 59.8 62.8 59.8
MoCa-7B 7B 58.8 57.6 63.2 55.3 51.4 61.3 63.8 58.8

substantial improvements across all MMEB task
categories, establishing new state-of-the-art results
on MMEB. (4) Although the 7B model performs
better on MMEB overall, the 3B model achieves
slightly higher results on ViDoRe-v2. This is likely
because ViDoRe-v2 includes fewer training and
evaluation samples, and the smaller model is less
prone to overfitting in such low-resource settings.
Across the full MMEB benchmark, however, larger
models show consistent improvements.

3.3 Ablation Study on CPT & CL stages

To understand the contribution of each major de-
sign choice in our framework, we conduct abla-
tion studies on both the Modality-aware Continual
Pre-training and Heterogeneous Contrastive Fine-
tuning stages. As shown in Table 3, removing any
key component leads to a consistent performance
drop on both benchmarks (MMEB and Vidore-v2),
demonstrating the importance of each part.

Table 3: Performances of the ablated models. We evalu-
ate the contribution of each component in our framework
by removing key elements from both stages.

Model MMEB ViDoRe-v2

MoCa-3B 67.5 59.8

Modality-aware Continual Pre-training Stage
w/o. MLM 66.2 57.2
w/o. MAE 66.8 56.9
w/o. CPT (MLM & MAE) 65.8 56.2

Heterogeneous Contrastive Fine-tuning Stage
w/o. Text-only Pairs 67.1 59.2
w/o. Document Retrieval Pairs 66.9 45.7
w/o. Task-aware Batching 67.2 58.8

Modality-aware Continual Pre-training. The ab-
lation of either the Masked Language Modeling
(MLM) or the Masked Autoencoding (MAE) ob-
jective results in a performance decline, indicating
both text and image reconstruction are essential for
learning modality-specific representations.
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Figure 3: Scaling effect of our CPT stage on downstream performance. We evaluate MMEB performance after CL
using checkpoints (left: 3B, right: 7B) from different steps of CPT.

Heterogeneous Contrastive Fine-tuning.2 We
then evaluate the effect of different data type used
during contrastive fine-tuning. Removing text-only
pairs results in a noticeable drop, showing their im-
portance for maintaining strong language represen-
tations. Excluding long-form document retrieval
pairs (VisRAG and the training set of ColPali) also
hurts performance, especially on ViDoRe, demon-
strating their value in supporting extended contexts.
Finally, removing the task-aware batching tech-
nique leads to performance degradation. This tech-
nique helps prevent the model from overfitting to
task-specific patterns and encourages it to learn
more sample-discriminative representations.

These findings suggest that both stages are nec-
essary. Omitting CPT yields a weaker initialization
and degraded performance (see w/o CPT). Besides,
CL is what turns a base model into an embedding
model by aligning modalities for retrieval. MoCa
combines these two indispensable stages: CPT
first builds a strong, context-aware bidirectional
encoder, and CL then aligns the multimodal em-
bedding space, enabling high-quality retrieval.

3.4 Data Scaling of Continual Pre-training
To evaluate the impact of data scaling on CPT,
we analyze how downstream performance changes
with increased CPT steps. Specifically, we perform
contrastive learning on multiple checkpoints along
a single CPT trajectory for 3B and 7B models.

As shown in Figure 3, downstream performance
on MMEB improves consistently as the number of
CPT steps increases. Notably, after approximately
2,200 steps (~20B tokens), the 3B model achieves
performance on par with the 7B baseline trained

2Without CL the model lacks retrieval capability; MoCa
w/o. CL ablation is therefore not reported.

without CPT. This demonstrates that our CPT stage
substantially enhances the quality of bidirectional
representations, which in turn improves alignment
during the CL stage.

While constrained by computational resources,
our findings suggest that further scaling of CPT
with more data and training steps can continue to
improve model performance. This insight provides
practical guidance for balancing training cost with
expected gains in future work.

3.5 Hyperparameter Analysis

To further understand the training process of the
CPT stage, we conduct experiments of hyperparam-
eter analysis and present the results in Figure 4. We
evaluate the performance of MoCa (3B) on MMEB
using models trained with a fixed amount of data.
We select hyperparameter values based on perfor-
mance on validation sets, each containing 1K sam-
ples drawn from the corresponding training data.
To maintain consistency with earlier experiments,
we report the results on the MMEB test set.
Mask Ratio. We examine the effect of differ-
ent masking probabilities for both masked lan-
guage modeling (MLM) and masked autoencoding
(MAE). Increasing the mask ratio generally encour-
ages the model to rely more on contextual signals
across modalities, but overly high ratios can lead
to degraded learning due to excessive information
removal and low signal-to-noise ratio. Our exper-
iments show that moderate masking rates (MLM:
40%, MAE: 50%) strike a good balance, enabling
strong cross-modal reasoning without making the
model to forget relevant input tokens or patches.
Loss Weight. We also study the weight assigned
to the MAE loss in the overall CPT objective. A
balanced combination is crucial: if the MAE loss
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Figure 4: The performances of MoCa (3B) with different CPT settings on MMEB.

Table 4: Generalization of MoCa across different VLM
backbones. “Baseline” refers to models trained only
with CL. “MoCa” refers to models trained with CPT.

VLM Backbone Size Method MMEB ViDoRe-v2

Qwen-2.5-VL 3B Baseline 65.8 56.2
MoCa 67.5 ↑ 59.8 ↑

LLaVA-1.6 7B Baseline 64.9 54.7
MoCa 66.2 ↑ 57.7 ↑

Phi-3.5-V 3B Baseline 60.5 51.7
MoCa 63.8 ↑ 55.9 ↑

is underweighted, the model may fail to integrate
visual semantics effectively; if overweighted, it
may affect the language modeling objective. We
find that a MAE loss weight of 0.5 provides the best
aligning with both visual and textual objectives.
Learning Rate. The learning rate is a critical fac-
tor influencing the stability and convergence speed
of continual pretraining. A lower learning rate
can lead to underfitting, especially in early train-
ing stages, while an overly large learning rate may
disrupt the pre-trained knowledge and destabilize
training. Through empirical tuning, we find that
a learning rate of 2 × 10−6 provides a stable op-
timization process, allowing the model to adapt
effectively to the new denoising objectives without
catastrophic forgetting.

3.6 Generalization to Other VLM Backbones

To validate that our MoCa framework can be easily
transformed to other backbones, we apply MoCa to
multiple causal VLMs. For each VLM, we first
train a baseline using only our CL stage. We then
run the full two-stage MoCa (CPT → CL) versions.

As shown in Table 4, the full MoCa delivers con-
sistent gains over the CL-only baselines across all
backbones on both benchmarks. This confirms that
MoCa is a generalizable framework for transforming
various off-the-shelf causal VLMs into powerful
bidirectional multimodal embedding models.

4 Related Work

Multimodal Embedding. Multimodal embedding
models represent inputs from different modalities
in a shared space to support cross-modal under-
standing. ALIGN [Jia et al., 2021], BLIP [Li et al.,
2022], and CLIP [Radford et al., 2021] adopt dual-
encoder architectures. They encode each modal-
ity separately and align their outputs using con-
trastive learning. Recent works build on pre-trained
VLMs [Jiang et al., 2024, Zhang et al., 2024, Chen
et al., 2025a]. Texts and images share the same
encoder. Despite various techniques to improve
contrastive learning [Lan et al., 2025], most ap-
proaches still rely on causal models without explor-
ing the advantages of bidirectional architectures.
Multimodal Continual Pre-training Continual
pre-training (CPT) involves further training of
pre-trained models with additional data or new
objectives to adapt to specific domains and
tasks [Ke et al., 2023]. In multimodal learn-
ing, LXMERT [Tan and Bansal, 2019] and
UNITER [Chen et al., 2020] apply MLM dur-
ing pre-training to learn image-text representations
with relatively small transformers. Another line of
works explore multimodal CPT with reconstruction
objectives [Kim et al., 2021, Ge et al., 2024, Zhao
et al., 2025, Wang et al., 2024]. ViLT [Kim et al.,
2021] uses MLM and Image-Text Matching (ITM).
More recently, Janus [Wu et al., 2024, Ma et al.,
2024b, Chen et al., 2025b] apply reconstruction
losses to both text tokens and image pixels.

5 Conclusion

We proposed a two-stage framework for multi-
modal embeddings, combining modality-aware
continual pre-training and heterogeneous con-
trastive fine-tuning. Our method MoCa leverages
bidirectional attention mechanisms and joint re-
construction objectives to enhance cross-modal in-
teractions. Additionally, by incorporating diverse
and extensive multimodal data, our framework sig-
nificantly improves the robustness and generaliza-
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tion of embedding models. Experiments show that
our approach achieves state-of-the-art performance,
demonstrating strong scalability with respect to
both model and data size on MMEB.

Limitations

While MoCa demonstrates promising performance,
several limitations remain:

1. The current framework focuses primarily on
image-text pre-training. Extending contin-
ual pre-training to include additional modal-
ities—such as video, speech, or structured
data—remains an open challenge and may im-
prove cross-modal generalization.

2. The model employs standard denoising ob-
jectives and encoder architectures. Exploring
more advanced denoising strategies or unified
encoder-decoder designs could lead to better
representation quality and training efficiency.

3. Our evaluation is limited to common bench-
marks. Assessing MoCa on more complex real-
world tasks, such as multi-hop retrieval or
interleaved-input reasoning, is necessary to
fully understand its robustness and practical
value.
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Appendix

A Detailed Results on MMEB-V2

We present the detailed results of MoCa and base-
line models on the MMEB benchmark [Jiang et al.,
2024] in Table 5, covering 36 tasks across four cat-
egories: classification, VQA, retrieval, and visual
grounding.
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Table 5: Detailed performance of multimodal models on 36 MMEB tasks [Jiang et al., 2024]. We show results of
baseline models and our method (MoCa) at 3B and 7B scales.

Task CLIP OpenCLIP SigLIP BLIP2 VLM2Vec MMRet mmE5 MoCa (3B) MoCa (7B)

Classification (10 tasks)
ImageNet-1K 55.8 63.5 45.4 10.3 74.5 58.8 77.6 75.4 78.0
N24News 34.7 38.6 13.9 36.0 80.3 71.3 82.1 80.9 81.5
HatefulMemes 51.1 51.7 47.2 49.6 67.9 53.7 64.3 70.6 77.6
VOC2007 50.7 52.4 64.3 52.1 91.5 85.0 91.0 87.0 90.0
SUN397 43.4 68.8 39.6 34.5 75.8 70.0 77.9 74.8 76.8
Place365 28.5 37.8 20.0 21.5 44.0 43.0 42.6 38.8 43.0
ImageNet-A 25.5 14.2 42.6 3.2 43.6 36.1 56.7 39.7 52.7
ImageNet-R 75.6 83.0 75.0 39.7 79.8 71.6 86.3 75.4 83.0
ObjectNet 43.4 51.4 40.3 20.6 39.6 55.8 62.2 31.3 45.2
Country-211 19.2 16.8 14.2 2.5 14.7 14.7 34.8 24.0 30.4
All Classification 42.8 47.8 40.3 27.0 61.2 56.0 67.6 59.8 65.8

VQA (10 tasks)
OK-VQA 7.5 11.5 2.4 8.7 69.0 73.3 67.9 40.0 36.9
A-OKVQA 3.8 3.3 1.5 3.2 54.4 56.7 56.4 54.6 57.1
DocVQA 4.0 5.3 4.2 2.6 52.0 78.5 90.3 93.0 94.3
InfographicsVQA 4.6 4.6 2.7 2.0 30.7 39.3 56.2 67.7 77.2
ChartQA 1.4 1.5 3.0 0.5 34.8 41.7 50.3 64.1 69.8
Visual7W 4.0 2.6 1.2 1.3 49.8 49.5 51.9 61.6 58.5
ScienceQA 9.4 10.2 7.9 6.8 42.1 45.2 55.7 45.4 59.2
VizWiz 8.2 6.6 2.3 4.0 43.0 51.7 52.8 52.3 46.2
GQA 41.3 52.5 57.5 9.7 61.2 59.0 62.1 66.9 71.6
TextVQA 7.0 10.9 1.0 3.3 62.0 79.0 83.5 83.1 75.8
Avg. VQA 9.1 10.9 8.4 4.2 49.9 57.4 62.7 62.9 64.7

Retrieval (12 tasks)
VisDial 30.7 25.4 21.5 18.0 80.9 83.0 73.7 80.5 84.5
CIRR 12.6 15.4 15.1 9.8 49.9 61.4 54.9 55.7 53.4
VisualNews_t2i 78.9 74.0 51.0 48.1 75.4 74.2 77.7 74.4 78.2
VisualNews_i2t 79.6 78.0 52.4 13.5 80.0 78.1 83.4 77.8 83.1
MSCOCO_t2i 59.5 63.6 58.3 53.7 75.7 78.6 76.2 76.4 79.8
MSCOCO_i2t 57.7 62.1 55.0 20.3 73.1 72.4 73.6 72.6 73.9
NIGHTS 60.4 66.1 62.9 56.5 65.5 68.3 68.8 67.4 66.7
WebQA 67.5 62.1 58.1 55.4 87.6 90.2 88.1 90.6 91.4
FashionIQ 11.4 13.8 20.1 9.3 16.2 54.9 28.6 22.2 28.9
Wiki-SS-NQ 55.0 44.6 55.1 28.7 60.2 24.9 65.2 73.3 82.7
OVEN 41.1 45.0 56.0 39.5 56.5 87.5 77.3 75.9 80.4
EDIS 81.0 77.5 23.6 54.4 87.8 65.6 83.6 80.8 96.9
Avg. Retrieval 53.0 52.3 31.6 33.9 67.4 69.9 71.0 70.6 75.0

Visual Grounding (4 tasks)
MSCOCO 33.8 34.5 46.4 28.9 80.6 76.8 85.0 80.2 84.6
RefCOCO 56.9 54.2 70.8 47.4 88.7 89.8 92.7 92.1 94.0
RefCOCO-matching 61.3 68.3 50.8 59.5 84.0 90.6 88.9 92.8 95.5
Visual7W-pointing 55.1 56.3 70.1 52.0 90.9 77.0 92.3 89.5 95.3
Avg. Grounding 51.8 53.3 59.5 47.0 86.1 83.6 89.7 88.7 92.4

Final Score (36 tasks)
All IND Avg. 37.1 39.3 32.3 25.3 67.5 59.1 72.4 72.3 74.7
All OOD Avg. 38.7 40.2 38.0 25.1 57.1 68.0 66.6 61.5 67.6
All Tasks Avg. 37.8 39.7 34.8 25.2 62.9 64.1 69.8 67.5 71.5
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