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Abstract

Although many researchers use pre-trained models to better solve downstream tasks,
further exploration of more effective pre-training methods remains necessary, especially for
multi-modal pre-training where high-quality training data is more difficult to obtain. This
work aims to improve the knowledge-learning performance in multi-modal pre-training.
Some researchers focus on injecting entity knowledge into language pre-trained models
based on masked entity model (MEM) training, which masks entities randomly and lets
the model recover. These methods cannot guarantee good performance due to the lack
of consideration of which entities are more valuable for learning. Moreover, in multi-
modal training data, some entities may be unrelated to visual content. In this work, for
the vision-language pre-trained model, we propose a Masked Entity Model pre-training
method based on Active learning (ActiveMEM). It is designed to actively mask important
and informative entities—those that are both informative and uncertain—for the model
to recover, thereby encouraging it to extract more valuable knowledge from the data. The
proposed method is evaluated using three pre-training datasets and four downstream
datasets, and the experimental results demonstrate the effectiveness of our method.

Keywords: vision-language pre-training; active learning; masked entity model; knowledge-
enhanced pre-training; multi-modal representation learning

1. Introduction
With the introduction of pre-trained models [1,2], masked language model (MLM)

pre-training has rapidly advanced the frontier of related works [3,4], which let models
predict masked tokens given the remaining unmasked text. In many real-world scenarios,
understanding and reasoning about entities (e.g., people, places, or objects) is crucial for
tasks such as question answering and information retrieval. Consequently, pre-trained
models need to have a good entity understanding ability. Research efforts have been
devoted to injecting entity knowledge into models based on MEM pre-training [5], which
lets models predict masked entities given the remaining unmasked text. However, these
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methods are often used for language models rather than multi-modal models. Related re-
search [6–8] often randomly masks entities for model recovery, without considering context
and pre-training status. Limited research has been conducted on effectively integrating
textual entity knowledge into multi-modal pre-trained models, despite its significance for
real-world applications.

At present, high-quality multi-modal pre-training data is increasingly difficult to ob-
tain, so it is necessary to study how to better mine pre-training data to improve knowledge-
learning efficiency. MEM pre-training helps the model learn entity knowledge by memo-
rizing the corresponding context. Existing methods usually adopt the random masking
strategy in which different entities are masked with equal probability throughout the entire
pre-training [2,3]. This strategy has obvious problems in the multi-modal setting where
some entities are not the focus of attention of the visual content, or even irrelevant to the
visual content, resulting in inefficient learning of entity knowledge. To acquire knowledge
more effectively, the model is expected to recover important entities in the multi-modal
setting, which can be determined based on the mutual information between the entities
and the multi-modal context.

Moreover, the knowledge-learning efficiency of the model may be impacted by the
pre-training status, which represents the model’s cognitive state and changes accordingly
as pre-training proceeds. Therefore, dynamically masking entities according to the model
state can further tap the potential of knowledge-learning. Specifically, the knowledge-
learning approach should be adjusted according to the pre-training status, in which the
mask target should dynamically focus on the entities that the model is most uncertain
about. In summary, compared with traditional strategies, it is necessary to dynamically
mask entities for recovery according to the multi-modal context and the model state.

In the traditional scenario, active learning [9] aims to select informative samples for
labeling to help the model achieve higher performance under a limited labeling budget.
In MLM of self-supervised learning, masking can be seen as a kind of auto-labeling, and
masking different objects can generate various training samples, where active learning
can be used to obtain informative samples by selecting important objects for masking.
Specifically, the active learning method can be implemented to dynamically mask the
important and informative entities according to the multi-modal context and pre-training
status. Rather than increasing the amount of pre-training data and model size to achieve
new state-of-the-art performance, our work explores how to better mine the data to improve
pre-training effectiveness. To the best of our knowledge, there has been little research on
how to effectively incorporate active learning into the pre-training stage of models. This
aligns with the way humans learn, as people typically acquire knowledge in an active,
selective manner rather than passively absorbing all information.

Recent multi-modal pre-training methods often focus on vision-language pre-training.
To improve the learning effectiveness of entity knowledge for enhanced multi-modal
understanding, this work proposes an entity-centric active learning method, ActiveMEM.
This approach selectively masks important and relevant entities, allowing the model to
recover them, thereby facilitating more effective utilization of pre-training data. Specifically,
we formulate the MEM pre-training based on mutual information theory and determine
the important entities that are more relevant to the context based on cross-modal attention.
Then, to further select the interesting entities from the important entities, we use the
prediction loss of each important entity to determine which are more difficult and have
greater learning value, and mask these entities for recovery. In our experiments, compared
to other baseline methods, ActiveMEM enables the pre-trained model to achieve higher
performance on downstream tasks using the same training data within a classic multi-
modal model architecture. This demonstrates that ActiveMEM can mask entities in the
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multi-modal sample that are both substantial and surprising for learning knowledge. The
main contributions of this paper are summarized as follows:

• To improve pre-trained model performance, recent efforts often focus on increasing
the amount of pre-training data and model size. However, there is still a need to
investigate more efficient pre-training methods. This work explores how to better
mine the multi-modal data for pre-training.

• A novel method is proposed for improving the learning effectiveness of entity knowl-
edge in vision-language pre-training. To the best of our knowledge, few studies have
explored how to effectively apply active learning in the pre-training stage.

• To demonstrate that the proposed method is more effective, we pre-train the model
on three different pre-training datasets respectively, and evaluate each pre-training
model on four downstream tasks.

The remainder of this paper is structured as follows. Section 2 presents previous related
work. Section 3 describes the proposed method, ActiveMEM. Section 4 presents sufficient ex-
periments using three different pre-training datasets and four downstream datasets. Section 5
discusses the results, and Section 6 presents conclusions and future directions.

2. Related Work
2.1. Knowledge-Enhanced Pre-Training

More and more research efforts focus on knowledge-enhanced pre-training. Most
studies adopt the MEM pre-training to inject knowledge into the pre-trained model. For
example, Baidu-ERNIE [5] is a method encouraging pre-trained language models to learn
entity knowledge by predicting masked entity mentions. BERT-WWM [10] adopts whole-
word masking rather than single-character masking for pre-training BERT on Chinese data.
EaE [11] is a method to learn entity knowledge directly from text and use the memorized
knowledge for prediction. However, all these methods focus on the uni-modal setting
and how to set the objective function to learn knowledge, rather than how to improve
knowledge-learning effectiveness by better utilizing the data. ERNIE-ViL [7] masks objects
based on scene graphs to help better learn knowledge in the vision-language scenario,
but it does not consider using the model state to help determine masking objects. The
knowledge-learning efficiency of the model may be impacted by pre-training status; it is
necessary to dynamically mask entities for recovery according to the model state.

2.2. Pre-Training Efficiency

Recently, some works [12,13] have studied optimal settings for better MLM. For ex-
ample, carefully considered masked units like span or entity are adopted throughout the
pre-training stage [4,5,14]. Li and Zhao [14] show that such uniform masking minimizes
its training objective by latching onto shallow local signals, resulting in pre-training in-
efficiency and sub-optimal performance on downstream tasks. Bitton et al. [15] propose
alternative masking methods that better utilize the image during pre-training. However,
the proposed methods do not consider model state to determine masking units. Zellers
et al. [6] propose a method named Merlot to use attention weights from a language-only
transformer to help mask important words that are mentioned multiple times, which is
not designed to mask key entities for the corresponding multi-modal context and does not
consider masking the entities with greater learning value.

In addition, most MLM methods adopt time-invariant masking, which cannot adapt
to the changeable process of model pre-training. Therefore, Kang et al. [16] propose a
method to automatically generate domain- and task-adaptive maskings of the given text
for pre-training of the uni-modal model. Yang et al. [17] explore the influence of masked
content and masking ratio in MLM pre-training and propose a time-variance MLM pre-
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training method. However, these methods do not consider how to apply active learning to
determine the mask units according to the model state in the multi-modal setting.

On the other hand, recent studies have demonstrated the importance of robust feature
learning [18] and effective cross-modal fusion for complex visual understanding tasks [19].
In contrast, our work focuses on adaptive entity masking during pre-training rather than
designing new fusion architectures.

2.3. Active Learning for Pre-Trained Models

Active learning methods can help to select training samples based on the model state.
Recent research efforts on pre-trained models mostly focus on using active learning to
reduce the amount of annotated data required to fine-tune on downstream tasks. For
example, Dor et al. [20] prove that the active learning method could make the model
achieve higher performance in the downstream task at the same annotation cost, and this
performance advantage is more obvious when the data is unbalanced. Bengar et al. [21]
train the task layer using active learning to reduce the annotated samples required to
fine-tune the downstream task. In addition, Rotman and Reichart [22] consider the problem
of multi-task active learning for pre-trained Transformer-based models. However, there
is a lack of research on how to effectively apply active learning to the pre-training stage,
and little work has investigated how to jointly leverage cross-modal relevance and model
uncertainty to guide entity masking during vision-language pre-training.

3. Method
3.1. Problem Formulation

In the vision-language setting, each data sample includes an image and a text sequence,
in which the text sequence contains multiple entities. For the MEM pre-training task, the
target is to recover the masked entities given the surrounding context. We can formulate
the problem as follows:

min
θ

L(θ; C) = min
θ

∑
c∈C
− log pθ(s∗|c) (1)

where s∗ denotes the masked entities, c denotes the surrounding context, and θ denotes the
model parameters. Figure 1 gives the framework of our proposed method. In our active
learning framework, different from randomly selecting the entities to mask, our method
dynamically selects the important and interesting entities according to the model state.

Active 
LearningMulti-modal pre-trained model

Dynamic  
mask 
entity 

Photograph of Mother Ignatius Hayes, taken in Rome 

[CLS]Photograph of [MASK][MASK][MASK], taken in Rome [EOS]

Mother Ignatius Hayes
Masked Loss

Match? {YES}
Matching Loss

Model state

   Text sequence

DATA

NETWORK

PRETRAINING
 OBJECTIVES

Language ImageMODALITY

Figure 1. The framework of ActiveMEM. To study how to apply active learning to the masking-based
multi-modal pre-training, we adopt METER [23] as the model framework, which is a benchmark
framework of the vision-language model.
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3.2. Information-Theoretic Framework for MEM

The objective of MEM pre-training is to predict masked entities given the surrounding
context. We first formulate MEM pre-training from an information-theoretic perspective.
Specifically, the mutual information between the masked entities s∗ and the surrounding
context c can be defined as follows:

I(c; s∗) = H(s∗)− H(s∗|c) (2)

where H(s∗) is the marginal entropy of s∗, and H(s∗|c) is the conditional entropy of s∗

conditioned on c. Mutual information measures the dependency between s∗ and c. In other
words, given the masked entities s∗ and the corresponding context c, it can be understood
as how much knowing c reduces the uncertainty in s∗. In the pre-training, we need to
maximize their mutual information I(c; s∗), so that masked entities can be predicted given
the context. Referring to the mutual information maximization principle [24], existing
pre-training tasks can be viewed as maximizing the lower bound of mutual information.
Specifically, according to InfoNCE [25] (Information Noise-Contrastive Estimation), the
following lower bound can be obtained

I(c; s∗) ≥ Eq(S)

[
log

fθ(c; s∗)
∑s∈S fθ(c, s)

]
+ log |S| (3)

where fθ is a function that scores whether the context c and the masked content s∗ are a
positive pair. q(S) is the distribution of S, and S is a set that contains s∗ and |S| − 1 negative
samples. For the masked loss in the pre-training, the optimization objective is to minimize
the cross-entropy loss of the masked content given context, which can be approximated to
maximize the lower bound of I(c; s∗) [26].

However, in visual-language pre-training, the context includes both an image and
a text sequence after masking the entities. Some entities in the text are not the focus of
attention of the visual content, or even irrelevant to the visual content, where masking
these entities and training the model to maximize their mutual information with the context
actually has a negative impact on learning effectiveness. Therefore, it is necessary to find
anchor points in different modalities that are associated. In other words, finding and
masking the key entities s∗key that are related to the visual content helps to better maximize
the mutual information.

On the other hand, only the key entities s∗key can have a bridge effect between
different modalities, where MEM pre-training can obtain a v-structure dependency
“ctext → s∗key ← cimage”, leading to interaction information. Although the data are dif-
ferent in different modalities, based on the entities s∗key related to the image content, the
information bottleneck principle can transform the cross-modal structural similarity into
isomorphic representations because these entities encourage the correlation between cross-
modal contents, which helps to better learn entity knowledge.

In our work, we obtain the entities s∗key using cross-modal attention by averaging the
cross-attention scores across all layers. The entities with higher cross-modal attention scores
are more attended to by the visual modality, meaning they are more relevant to the image
content. These entities are more likely to be semantically relevant to the visual content and
therefore provide a useful proxy signal for estimating entity importance. Masking these
entities and training the model to maximize their mutual information with the context can
impart the greatest change to the current model, which can help the model train better in
the multi-modal setting. Instead of directly estimating mutual information, cross-modal
attention serves as an efficient proxy for image-entity relevance. Highly attended entities
drive stronger cross-modal interactions, providing richer learning signals.
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3.3. Active Learning for MEM Pre-Training

Based on the analysis in the previous section, this section introduces an active learning
method, ActiveMEM, that selects entities according to the multi-modal context and model
state, which helps to mask important and interesting entities to obtain training samples for
MEM pre-training. Specifically, ActiveMEM first selects λ× k most important entities as
a candidate set EC (|EC| = λ× k, λ > 1), and then selects only k interesting entities from
EC to mask for learning. λ is a hyperparameter that determines the number of candidate
entities, and we give an analytical study of λ in Section 4.6.

To select the important entities, ActiveMEM selects entities based on cross-modal
attention according to Section 3.2. The λ × k entities with the highest cross-modal at-
tention are selected to form the candidate set. Specifically, an entity can be denoted as
e = (token1, . . . , tokenJ), where J is the number of tokens in e. The attention score of the entity
e is calculated as the average attention of all its tokens.

On the other hand, at the beginning of pre-training, all entities are unfamiliar to the
model. As training proceeds, the relative difficulty of entities changes as the model parameters
are updated. Therefore, it may be unnecessary to keep masking “easy” entities that the model
can already predict with high confidence, since they contribute little additional information for
learning. To better utilize training capacity, the goal of ActiveMEM is to prioritize “difficult”
entities that are harder for the model to predict, which are often more interesting for model
learning. Specifically, given the masked entity candidates and their surrounding context,
we can obtain the model outputs and calculate the loss of each entity. The prediction loss
is related to the model uncertainty regarding a candidate entity. From an information-
theoretic perspective, larger prediction loss indicates higher residual uncertainty under the
current model state, suggesting greater potential information gain after learning. Then,
only k entities with the highest loss are selected and masked for MEM pre-training.

In our MEM pre-training, the active learning process runs multiple steps of data
preparation and model training. At the beginning of every pre-training step, for the text
sequence in each input, our method selects λ× k important entities with the largest cross-
attention as a candidate set EC. The slots within these entities are then replaced with
the [MASK] token, and a forward pass is performed, allowing us to compute the losses
associated with these entities. From this, we select the top k entities with the highest
losses from EC. It is worth noting that this process incurs minimal computational cost, as
the forward pass is performed via backpropagation during the model’s inference phase.
Thirdly, the model is trained to predict the original tokens of these entities, and the model
parameters θ are updated. Specifically, the workflow of processing each input for model
pre-training is shown in Figure 2.

Figure 2. Workflow of processing each input for model pre-training.

4. Experiments
In this section, we pre-train the model on three different pre-training datasets and

evaluate it on four downstream tasks, including knowledge-based tasks. In Section 4.4, we
compare ActiveMEM with several baseline methods. Then, we evaluate the effect of the
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specific design choices made for ActiveMEM through ablation experiments in Section 4.5, and
we give an analysis of hyperparameter λ in Section 4.6 and hyperparameter k in Section 4.7.

4.1. Pre-Training Setting

To avoid the influence of other factors in the experiment and only study the effective-
ness of applying active learning to the masking-based pre-training objective, it is necessary
to adopt a benchmark multi-modal model framework. In our experiments, we directly
adopt the benchmark multi-modal model architecture METER [23] and its recommended
setup, where CLIP-VIT [27] is adopted as the Vision Encoder and RoBERTa [3] is adopted
as the text encoder. The learning rates for the bottom and top layers are set to 1× 10−5 and
5× 10−5, respectively. The warm-up ratio is set to 10%, and the learning rate is linearly
decayed after 10% of the total pre-training steps. The model is trained using 8 NVIDIA
V100 GPUs, each with 32 GB of memory, with a batch size of 8 per GPU. Referring to Dou
et al. [23], the model is pre-trained with masked language modeling (MLM) and image-text
matching (ITM) objective functions. In our ActiveMEM method, we replace the masked
language modeling (MLM) with the proposed masking strategy.

Since our experiments involve multiple pre-training datasets containing texts of vary-
ing lengths, with some texts containing fewer entities, we set k = 1 to handle cases where
only a single entity is present. In the majority of instances, the texts contain multiple entities.
In addition, we set λ = 2 in our ActiveMEM method, which achieves better performance
according to Section 4.6. When a text contains only a single entity, we restrict the selection
to exactly one candidate entity.

To verify the generalization of ActiveMEM, we use three datasets with different character-
istics to pre-train the model: Wikipedia-based Image Text Dataset (WIT) [28], Microsoft COCO
(COCO) [29], and Conceptual Captions (CC3M) [30]. For these pre-training datasets, we
annotate the entities of each sample based on entities from Wikipedia. These entities contain
organizations, persons, locations, etc., which can be denoted with a proper name and have a
physical existence. Specifically, we utilized Wikipedia as a unified, large-scale repository to
annotate WIT, COCO, and CC3M. Candidate entities were automatically extracted via named
entity recognition and matched to Wikipedia entries, discarding ambiguous or low-confidence
matches. Despite distinct caption styles and entity distributions across datasets, applying
this uniform procedure ensures cross-dataset consistency. Furthermore, since our masking
strategy relies on intra-sample relative importance rankings, the selection process is expected
to be less sensitive to moderate annotation noise. In the MEM pre-training, the annotated
entities are used for masking based on the corresponding strategy.

4.2. Downstream Tasks

After pre-training with three datasets, we have three different pre-trained models. We
evaluate each model on four downstream representative tasks, including VQA-V2 [31],
OK-VQA [32], A-OKVQA [33], and SNLI-VE [31]. The setup details of model fine-tuning
in VQA and VE tasks can be referred to Dou et al. [23]. Each experiment is repeated three
times and the results are averaged for the report.

4.3. Baselines

We apply active learning to the pre-training stage in our method. To isolate the ef-
fect of the proposed active masking strategy, all baselines are implemented under the same
METER architecture and training configuration. Therefore, we primarily compare against
representative masking policies rather than methods involving additional architectural modi-
fications, curriculum-learning frameworks [34,35], or hard-example mining mechanisms [36],
etc. Specifically, we compare our method with the following related methods:

Token-Random: The random masking strategy introduced in BERT.
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ContentWords-Random: Masks exactly one word in each sentence, increasing the
probability of masking content words to 80%.

Whole-Random: A random masking strategy that masks the entire word instead of
the token, introduced by the authors of BERT.

Span-Random: A random masking strategy that selects multiple consecutive tokens.

4.4. Experimental Results

As shown in Table 1, the three groups of experiments adopt different pre-training
datasets respectively. Under each pre-training dataset, we give the results of different meth-
ods, including Token-Random, ContentWords-Random, Whole-Random, Span-Random,
and ActiveMEM under different downstream tasks. Note that not all results are better
than the results of state-of-the-art models because we only use a benchmark multi-modal
model framework and use one dataset for pre-training in each experiment. Recent efforts
often focus on increasing the amount of pre-training data and model size to achieve new
state-of-the-art performance; our work explores how to better mine the pre-training data.

Specifically, as demonstrated in Table 1, baseline methods cannot achieve better perfor-
mance because they cannot help the model capture more entity knowledge, which subse-
quently hinders their efficacy in downstream tasks. In the case of the WIT pre-training dataset,
all evaluated methods exhibit superior performance. This finding suggests that pre-training
on entity-rich corpora is inherently more effective for downstream task adaptation. Further-
more, the adaptive nature of our proposed method, ActiveMEM, consistently outperforms
all baselines across all downstream tasks. This superiority underscores ActiveMEM as the
optimal masking policy for effectively injecting entity knowledge. In other words, Active-
MEM achieves consistently competitive performance across different downstream tasks and
pre-training datasets; while the degree of improvement is task-dependent, the significance of
our method is validated, confirming the practical viability of our method.

Table 1. Performance of various masking strategies on four downstream tasks. The experiment for
each downstream task is repeated three times and the results are averaged to report mean values
alongside corresponding standard deviations. Best results are shown in bold.

Dataset Task Token
Random

ContentWord
Random

Whole
Random

Span
Random ActiveMEM

WIT

VQA-V2 73.3± 0.29 72.5± 0.26 72.0± 0.36 73.5± 0.32 74.9± 0.28
OK-VQA 38.5± 0.26 39.0± 0.23 39.1± 0.24 39.1± 0.27 39.8± 0.18

A-OKVQA 37.4± 0.25 37.2± 0.19 37.2± 0.22 37.3± 0.28 38.2± 0.23
SNLI-VE 79.7± 0.24 79.3± 0.23 79.4± 0.26 79.2± 0.30 80.5± 0.24

COCO

VQA-V2 72.8± 0.30 71.8± 0.29 71.5± 0.37 73.1± 0.30 74.0± 0.27
OK-VQA 37.2± 0.28 37.6± 0.24 37.7± 0.25 37.9± 0.26 38.9± 0.19

A-OKVQA 37.2± 0.19 36.4± 0.25 36.5± 0.30 37.1± 0.24 38.0± 0.25
SNLI-VE 79.1± 0.25 78.7± 0.26 79.1± 0.27 78.6± 0.32 79.9± 0.24

CC3M

VQA-V2 72.5± 0.31 72.0± 0.32 71.6± 0.41 72.7± 0.34 73.8± 0.30
OK-VQA 37.3± 0.23 37.4± 0.25 37.5± 0.30 37.6± 0.26 38.6± 0.23

A-OKVQA 36.1± 0.24 35.1± 0.27 35.2± 0.31 36.1± 0.29 37.2± 0.28
SNLI-VE 79.0± 0.28 78.8± 0.23 78.9± 0.26 78.8± 0.31 79.8± 0.26

4.5. Ablation Experiments

In this section, we investigate the effectiveness of each design choice through an ablation
study, including the “w/o attention” setting and the “w/o loss” setting. As shown in in Table 2,
our method improves the model performance over all downstream tasks by comparing “w/o
attention” and “w/o loss” settings, where the improvement amplitude varies for different tasks.

First, we evaluate the effectiveness of selecting the important entities based on atten-
tion. The results of ActiveMEM “w/o attention” show that the attention-based strategy is
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a critical component of ActiveMEM, as “w/o attention” leads to poor performance. We
can observe that “w/o attention” causes performance to drop more drastically than “w/o
loss”. This is because the attention-based strategy can effectively help to find the important
entities by considering the multi-modal context, which learns vision-entity alignment and
is more important for mining the data.

Second, we evaluate the effectiveness of selecting the interesting entities based on loss.
The results in Table 2 show that our method obtains better performance than its counterpart
without loss. This result verifies that selecting interesting entities based on loss can also
help the model to learn entity knowledge. The results show that training without either
component hurts performance, demonstrating the necessity of selecting the important and
interesting entities simultaneously. In addition, without selecting the interesting entities
based on the prediction loss, the method can still outperform the baseline methods without
introducing any additional time cost.

Table 2. Ablation results. Best results are shown in bold.

Dataset Task ActiveMEM
w/o Attention

ActiveMEM
w/o Loss ActiveMEM

WIT

VQA-V2 74.3 74.5 74.9
OK-VQA 39.3 39.4 39.8

A-OKVQA 37.5 37.6 38.2
SNLI-VE 79.5 79.8 80.5

COCO

VQA-V2 73.3 73.5 74.0
OK-VQA 38.2 38.4 38.9

A-OKVQA 37.3 37.4 38.0
SNLI-VE 79.0 79.2 79.9

CC3M

VQA-V2 73.1 73.3 73.8
OK-VQA 37.9 38.1 38.6

A-OKVQA 36.4 36.7 37.2
SNLI-VE 79.0 79.1 79.8

4.6. Analysis of Hyperparameter λ

ActiveMEM first selects λ× k most important entities as a candidate set EC, and then
selects only k interesting entities from EC to mask for learning. Note that k = 1 in our
experiments. As shown in Table 3, ‘ActiveMEM λ = 2’ is better than ‘ActiveMEM λ = 3’,
illustrating that introducing too many candidate entities can have a negative impact on
performance. Therefore, λ = 2 is adopted in other experiments.

Table 3. Experimental results with different values of hyperparameter λ. Best results are shown in bold.

Dataset Task ActiveMEM λ = 3 ActiveMEM λ = 2

WIT

VQA-V2 74.4 74.9
OK-VQA 39.4 39.8

A-OKVQA 37.5 38.2
SNLI-VE 79.7 80.5

COCO

VQA-V2 73.2 74.0
OK-VQA 38.4 38.9

A-OKVQA 37.5 38.0
SNLI-VE 79.2 79.9

CC3M

VQA-V2 73.2 73.8
OK-VQA 38.1 38.6

A-OKVQA 36.6 37.2
SNLI-VE 79.1 79.8
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4.7. Analysis of Hyperparameter k

In the entity-rich pre-training dataset WIT, there are multiple entities in the text of each
sample. In this section, we give an analysis of the effect of hyperparameter k on performance.
Following the analysis of Section 4.6, we set λ = 2 in the experiments. As shown in Table 4,
‘ActiveMEM k = 3’ is better than ‘ActiveMEM k = 2’ and ‘ActiveMEM k = 1’, illustrating
that masking more entities can help achieve better performance, although performance
improvement is limited.

Table 4. Experimental results with different values of hyperparameter k.

Dataset Downstream
Task

ActiveMEM
k = 1

ActiveMEM
k = 2

ActiveMEM
k = 3

WIT

VQA-V2 74.9 75.0 75.0
OK-VQA 39.8 39.8 39.9

A-OKVQA 38.2 38.3 38.4
SNLI-VE 80.5 80.6 80.6

4.8. Qualitative Analysis

For qualitative analysis, as shown in Figure 3, we provide a data example from the WIT
dataset. Specifically, for an entity ‘Abbey’ in the caption of the data example, we provide the
visualization of cross-modal attention in the corresponding image, generated by averaging the
cross-attention scores across all layers. Based on the cross-modal attention of the entity ‘Abbey’,
we can successfully obtain the correct region in the image, even though understanding the
entity in WIT requires more background knowledge. In contrast, other methods, especially
Token-Random, yield less satisfactory results, with attention that is scattered and unfocused. The
results show that ActiveMEM can help the model acquire a better ability of entity understanding
in the cross-modal setting. We also observe a similar trend across WIT, COCO, and CC3M,
where entities associated with salient objects appear more likely to focus attention on relevant
areas, while weakly grounded entities tend to exhibit more diffuse patterns. Note that the use of
cross-modal attention is an indicator of image-entity relevance, while recognizing that attention
alone may not fully capture semantic alignment.

(a) Token-Random (b) ContentWord-Random (c) Whole-Random (d) Span-Random (e) ActiveMEM

Figure 3. For the entity ‘Abbey’ in the caption of a data example, we provide the visualization of
cross-modal attention in the corresponding image. It is obvious that our method, ActiveMEM, can
effectively align the entity to the corresponding image region. The results show that ActiveMEM
can help the model acquire a strong ability of entity understanding in the cross-modal setting. In
contrast, other methods, especially Token-Random, yield less satisfactory results, with attention that
is scattered and unfocused.

5. Discussion
While recent approaches in multi-modal pre-training primarily focus on scaling up

model size or increasing the volume of pre-training data to achieve state-of-the-art perfor-
mance, our work takes a different direction. Rather than merely enlarging data or models,
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we aim to better mine and utilize the existing multi-modal data for pre-training. To this
end, we propose a novel masking-based pre-training method grounded in active learning
principles, which can be used in the pre-training of other multi-modal models.

To the best of our knowledge, existing active learning studies mainly focus on selecting
labeled samples for downstream task adaptation. In contrast, ActiveMEM formulates
entity masking as an active sample selection problem during pre-training and introduces
a dynamic masking mechanism that jointly considers cross-modal relevance and model
uncertainty. Therefore, our contribution is not merely the combination of two criteria, but
the introduction of an active-learning paradigm into multi-modal pre-training.

Beyond active learning, several recent vision-language pre-training studies have
explored complementary strategies, such as curriculum learning and hard example mining,
to improve training efficiency and representation quality. These approaches mainly focus
on scheduling strategies or training curricula, whereas ActiveMEM focuses specifically on
active entity selection during MEM pre-training. Since these techniques address different
aspects of the learning process, they are not mutually exclusive and could potentially be
combined in future research.

In addition, this work explores how to inject entity knowledge into multi-modal pre-
trained models more effectively. It is an exploratory investigation into the application of
active learning to the pre-training stage. Our method can achieve the best performance by
using cross-attention and prediction loss to select the important and interesting entities for
mask-and-recover. Note that although direct mutual information estimation is theoretically
appealing, it can be challenging to apply in vision-language pre-training due to instability
in high-dimensional multi-modal spaces and sensitivity to training settings.

On the other hand, the additional forward pass introduced by ActiveMEM for entity
selection does incur some computational overhead. However, since the selection process
is performed via backpropagation during the model’s inference phase, it does not signif-
icantly increase training costs. More importantly, ActiveMEM is designed to maximize
performance gains using a fixed training dataset, enabling more informative masking
and improving learning efficiency compared to conventional random masking methods.
Furthermore, ActiveMEM does not introduce additional trainable parameters or auxiliary
networks, as the attention scores and prediction losses used for entity selection are naturally
available within the standard training pipeline. Therefore, the computational overhead of
ActiveMEM remains relatively small in practical vision-language pre-training scenarios.

6. Conclusions
For multi-modal pre-training, this work proposes a masked entity model (MEM) pre-

training method based on active learning. It is designed to actively mask important and
interesting entities based on the multi-modal context and model state for model recovery. In
our experiments, we demonstrate the effectiveness of our method across four downstream
tasks. This work represents an initial exploration of applying active learning during the
pre-training stage. In future work, we plan to extend this approach to models incorporating
additional modalities to further enhance multi-modal representation learning. Additionally,
we aim to investigate the scalability and generalization of ActiveMEM across a broader
range of tasks and domains.
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