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Abstract

Weakly supervised phrase grounding tasks aim to learn
alignments between phrases and regions with coarse image-
caption match information. One branch of previous methods
established pseudo-label relationships between phrases and
regions based on the Expectation-Maximization (EM) algo-
rithm combined with contrastive learning. However, adopt-
ing a simplified batch-level local update (partial) of pseudo-
labels in E-step is sub-optimal, while extending it to global
update requires inefficiently numerous computations. In ad-
dition, their failure to consider potential false negative ex-
amples in contrastive loss negatively impacts the effective-
ness of M-step optimization. To address these issues, we pro-
pose a Momentum Pseudo Labeling (MPL) method, which
efficiently uses a momentum model to synchronize global
pseudo-label updates on the fly with model parameter updat-
ing. Additionally, we explore potential relationships between
phrases and regions from non-matching image-caption pairs
and convert these false negative examples to positive ones
in contrastive learning. Our approach achieved SOTA perfor-
mance on 3 commonly used grounding datasets for weakly
supervised phrase grounding tasks.

Introduction

Phrase grounding is a crucial task in multimodal learning,
involving the identification of specific regions within an im-
age that corresponds to a given textual description (Liu and
Hockenmaier 2019). This task has significant practical ap-
plications, including visual question answering (Chen, An-
jum, and Gurari 2022) and cross-modal regions retrieval
(Li* et al. 2022). Existing fully supervised methods (Huang
et al. 2021; Zhang et al. 2022) depend heavily on extensive
annotations of fine-grained object detection bounding boxes,
which provide precise locations of objects within an im-
age to achieve high performance. However, obtaining such
detailed annotations is costly. In contrast, matched image-
caption pairs, where each image is paired with a descriptive
caption, are more readily available and do not require de-
tailed spatial information about object locations. This ease
of availability leads to growing interest in weakly supervised
phrase grounding (WSPG), which aims to learn the corre-
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Figure 1: Comparison of pseudo-label updating mecha-
nisms. (a) Previous method: Utilizes an encoder model to
update the pseudo-label matrix locally within each batch.
(b) MPL: Employs a momentum model to perform global
updates on the pseudo-labels across batches and addresses
the issue of potential false negatives.

spondence between phrase and image regions without the
need for extensive annotations.

Recent works in WSPG (Gupta et al. 2020; Wang et al.
2020; Chen et al. 2022; Rigoni et al. 2023; Zhang, Wang,
and Liu 2023) have utilized image-caption level or phrase-
region level contrastive losses based on image-caption su-
pervision to align the representations of phrases and re-
gions. However, under a weakly supervised setting, it is
challenging to accurately identify positive samples during
contrastive learning. To address this difficulty, these meth-
ods establish pseudo-label relationships between phrases
and regions within matched image-caption pairs based on
the Expectation-Maximization (EM) algorithm.

However, existing methods encounter two main chal-
lenges. First, they may encounter efficiency problems in E-
step computation. As shown in Figure 1 (a), to quickly up-
date the posterior probabilities of the latent variable, they
adopt a simplified batch-level local update of pseudo-labels
in E-step, usually on a batch of image-caption examples and
fail to update the out-of-batch examples. This updating strat-



egy is sub-optimal because a typical EM optimization re-
quires a global update that needs to compute posterior prob-
abilities for all examples in the whole dataset. We refer to
this as the Slow Pseudo-label Update Issue. The neces-
sity of such global updates is verified by our empirical study
(Figure 4, Table 2), which shows that, with the same number
of updates, global update achieves significant improvements
compared with local update. Attempting to extend existing
methods to global update requires more computation.

Second, the effectiveness of M-step optimization of ex-
isting methods may be affected by potential false negative
examples in contrastive learning. Existing methods focus
solely on the matching relationships between phrases and
regions within matched image-caption pairs, without con-
sidering potential matching relationships from other image-
caption pairs. This approach treats all regions in non-
matching images as negative samples.

As shown in the top of Figure 1, both pairs of example
image-captions feature the phrase a young girl and visually
similar regions depicting a girl. However, simply treating the
phrase-region pairs in non-matching image-caption pairs as
negative examples may lead to the issue of false negatives,
thereby impacting the effectiveness of contrastive learning
and the consistency performance of grounding in M-step op-
timization. We refer to this as the False Negative Impact.

To address these challenges, we first propose to introduce
a Momentum Pseudo Labeling (MPL) framework to glob-
ally update pseudo-labels in E-step computation to address
the Slow Pseudo-label Update Issue. As shown in Figure
1 (b), instead of performing a local update on a batch of ex-
amples, MPL performs global pseudo-label computation by
only one update to the momentum model parameters on the
fly. In this way, the pseudo-labels for any examples in the
next M-step can be easily accessed from the updated mo-
mentum model. Furthermore, within the MPL framework,
we model the relationships between phrases and regions in
non-matching images, exploring potential connections be-
tween region-phrase pairs across unmatched image-caption
pairs to mitigate the False Negative Impact.

In summary, our key contributions are:

* We introduce a new pseudo-label updating strategy, Mo-
mentum Pseudo Labeling (MPL), which enables us to ef-
ficiently perform global updates of pseudo-labels.

* We consider potential phrase-region relationships in non-
matching image-caption pairs and treat the false negative
examples as pseudo-positive samples to improve con-
trastive learning in MPL.

Experimental results and intensive analysis on three com-
monly used phrase grounding datasets demonstrate the
efficiency and effectiveness of our MPL approach.

Problem Analysis

In this section, we introduce the problem setup of WSPG and
revisit the previous methods (Wang et al. 2020; Chen et al.
2022; Zhang, Wang, and Liu 2023) from the perspective of
the Expectation-Maximization algorithm (Moon 1996).
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Figure 2: Diagram of the Phrase-Region Dual-Encoder

A young girl with a bright
blue shirt is eating food off of
a countertop.

Problem Formulation

Consider an image-caption pair, (;,T;). Let Q(T;) be the
set of phrases in the caption T;, and let K (I;) denote the
set of regions extracted from the image I;, namely Q(T;)
and K (I;) are the partitions of the caption T; and the im-
age I;, respectively. The goal of phrase grounding is to lo-
cate a region k € K(I;) in the image I; for each phrase
q € Q(T;) from the corresponding caption T, such that the
phrase refers to an object within that region.

For convenience, we may also use ¢ and k to refer to the
index of the corresponding phrase in the caption and the re-
gion in the image, respectively.

EM Algorithm Perspective

In the weakly supervised scenario, the target regions in the
matched image for the phrase ¢ are ambiguous. Specifically,
for each ¢, we introduce a variable z to represent the corre-
spondence between phrase ¢ and regions k € K (I;). Since z
is usually unobservable, we treat it as a latent variable. The
set of latent variables for a given g is defined as:

(D

Moreover, the EM algorithm is particularly effective for es-
timating model parameters involving such latent variables.

7 = {zglk € K(I)}.

EM Algorithm The EM algorithm is iterative and in-
cludes two steps: the E-step and the M-step. In the E-step
of ¢-th iteration, the algorithm estimates the posterior proba-
bilities of the latent variables Z given the current parameter
estimates #(*~1) and the observed data (e.g., image-caption
pairs), denoted as X . In the M-step, the algorithm then max-
imizes the expected log-likelihood (also known as the Q-
function) to update the parameters, yielding 6*:

0! = argmeax/ log P(X, Z|0) - P(Z|X,04"YdZ, (2)
Z

Q-function

where P(X, Z|0) represents the joint probability of the
observed variables X and the latent variables Z and
P(Z)X,0%~1) is the posterior probability of the latent
variables. For simplicity, given a phrase ¢, we denote
P(Z|X,0®1) corresponding to region k as 775;1)
fer to it as the pseudo-label.

, and re-



Revisiting from an EM Algorithm Perspective Exist-
ing contrastive learning-based methods (Wang et al. 2020;
Chen et al. 2022; Zhang, Wang, and Liu 2023) can be
summarized as implementing the E-step by estimating the
pseudo-labels 7, based on the current model parameters
6(—1) and a batch of B image-caption pairs data X
{(Q(Ty), K(I;))}2 ;. In the M-step, the model parameters
6% are obtained by applying a single step of stochastic gradi-
ent descent (SGD).

More precisely, in existing methods, the posterior proba-
bility of latent variables is updated according to the follow-
ing equation:

(t—1)

Tr;k =m0+ (1= A) - sgks 3)
(-

where 7, Y is the posterior probability of latent variables
from the last iteration, and s4, is computed as

1 ifk = argmax (g, k.),
1<e<|K (13)|

0 otherwise,

“

Sqk =

where g and k. represent the output features from a dual
encoder as shown in Figure 2 of the phrase ¢ in 7; and
c-th region in I;, respectively, with respect to current model
parameters 0/~ 1), (., .) denotes the dot product operation.

As concrete examples, in the context of MAF from Wang
et al. (2020) and CC from Zhang, Wang, and Liu (2023),
their Q-function can be represented by the image-caption
level cross-entropy, as given below:

5 exp( S 2w (@ kD/IQT))
ZE _ q€Q(T;) kteK (1;) 6
=t Zexp( >, max > (q,k)/|Q(T})])

Jj=1 qeQ(T;) keK(I;)

Similarly, for CLEM as discussed in Chen et al. (2022),
the pseudo-label estimation formula during the E-step is
identical to that of MAF and CC. However, it replaces the
Q-function with the alignment term from the InfoNCE loss:

exp((g, k™))
ZQZ(”F k+§1)B (T =, oe((a K]

-log , (0)

W)l

where K (I) in the denominator represents the set of regions
from all images in the batch.

Motivating Factors

Efficiency in E-step Computation: Ideally, the E-step in
the EM algorithm requires updating the posterior probabili-
ties of pseudo-labels my, for all N samples (Q(T;), K (I;))
in the dataset. However, this is usually computationally
expensive because N is very large in practice, often ex-
ceeding 10K. Therefore, as demonstrated in Equation (5)
and (6), to quickly update the posterior probabilities 7y,
existing works adopt a local update strategy in the E-
step. Specifically, they only update 7, of a mini-batch of
(Q(T};), K(I;)) samples and ignore the update of pseudo-
labels outside of that batch. This strategy may lead to sub-
optimal estimation of the posterior probabilities 7, and de-
grade the EM performance under for Slow Pseudo-label
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Update Issue, as evidenced in Figure 4. However, applying
global updates to all samples (Q(T3;), K (I;)) with existing
methods is inefficient, requiring at least N/ B updates.
Effectiveness in M-step Optimization: Existing methods
transform the maximization of the Q-function in M-step into
minimizing a contrastive loss, where the positive and nega-
tive examples are determined by the pseudo-labels estimated
with ;.. Therefore, treating one of these similar regions as
a positive sample and the others as negatives can potentially
confuse the model (Huynh et al. 2022), thereby influencing
the parameter updates in the M-step and the latent variable
estimation in the next E-step.

Methodology

We introduce our MPL-based weakly supervised contrastive
learning framework, as illustrated in Figure 3. Our frame-
work is structured into three main components: the Dual
Encoder, the Momentum Pseudo Labeling Module, and the
Pseudo-label Guided Contrastive Loss. The Dual Encoder
comprises text and image encoders responsible for encod-
ing regions and phrases. The MPL module ensures stable
and efficient pseudo-label updates leveraging the momen-
tum model. Finally, the Pseudo-label Guided Contrastive
Loss incorporates strategies to handle false negative region
samples, improving the model’s consistency.

Dual Encoder

Our framework utilizes a dual encoder architecture similar
to previous work (Gupta et al. 2020; Wang et al. 2020; Chen
et al. 2022). This dual encoder consists of a text encoder and
an image encoder, as shown in Figure 2. In the following
section, we will refer to the dual encoder as the base model,
corresponding to the momentum model.

Text Encoder Our text encoder, similar to the one used in
Chen et al. (2022), uses pre-trained GloVe embeddings (Pen-
nington et al. 2014) to obtain word vector w for each word.
Given a phrase ¢, the representation of a phrase is computed
by summing the hidden states that constitute it:

{hi }:qu = Ft({wZ}L 1)
q:Wq(Zhi/U)a

where F}; denotes one layer of LSTM network, h; represents
the i-th output hidden states, W, is a linear mapping, o is a
hyperparameter scaling the text representation, and n is the
number of words in the current phrase.

)

Image Encoder Our image encoder consists of two func-
tional components. The first is a frozen pre-trained object
detector responsible for identifying salient regions in the
image and extracting visual features from these regions.
The second component focuses on establishing relationships
between these regions and mapping their features across
spaces. For instance, given an image I, the object detector
fp outputs m pairs (I;,v;), where [; represents the proba-
ble object label of the ¢-th region, and v; denotes the high-
dimensional features output from the object detector. For-

mally, {({;,v;)}, = fp(I).
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Figure 3: Illustration of our approach. Our MPL framework comprises three modules: Dual Encoder, Momentum Pseudo
Labeling Module, and Contrastive Learning Module. Through the FNE and FNC strategies, the pseudo-label calculation in
MPL considers the implicit relationships between phrases and regions in non-matching image-text pairs.

In the remaining part of the image encoder, similar to
(Gupta et al. 2020; Chen et al. 2022), we use the outputs
l; to incorporate prior knowledge from object detectors into
the region features. We utilize transformer encoder (Vaswani
et al. 2017) to establish relationships among different re-
gion features, enhancing the regional perception capabilities
within each image, as illustrated in the following equations:

]232' = Wk(vz) + li,
{k}7y = B({k:}7y),

where Wy, is a linear projection applied to each region’s vi-
sual features, I; represents the word embedding correspond-
ing to the object label of each region k, and E denotes the
transformer encoder operation.

®)

Momentum Pseudo Labeling Module

As mentioned earlier, previous methods, from the perspec-
tive of the EM algorithm, update pseudo-labels only within
the current batch during the E-step due to efficiency consid-
erations. To tackle this limitation, we propose the Momen-
tum Pseudo Labeling (MPL) method. MPL uses a momen-
tum model to accumulate updates to the dual encoder param-
eters during the M-step. This approach computes pseudo-
labels for different batches in a more stable and smooth man-
ner, providing a cost-effective and efficient way to approxi-
mate a global update of pseudo-labels.

Notably, our MPL method distinguishes itself from pre-
vious methods such as (Li et al. 2020; He et al. 2020; Li
et al. 2021). Specifically, Li et al. (2020) apply a momen-
tum model during the E-step to globally maintain certain
cluster centers for latent variables, while He et al. (2020)
utilize the momentum model to maintain queues of nega-
tive examples. Li et al. (2021) use a momentum model to
compute pseudo-labels, reducing noise in the actual image-
caption labels. Our approach utilizes the momentum model
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to compute pseudo-labels of phrase-region pairs to guide the
parameter update of the base model.

Pseudo Labels Calculation Unlike ALBEF (Li et al.
2021), we only have image-caption level supervision in
the current weakly supervised scenario, but finer-grained
phrase-region alignment is needed. Under this constraint,
we use the momentum model to compute pseudo-labels
for phrase-region matches in matched image-caption pairs,
serving as fine-grained supervision. These pseudo-labels
guide the contrastive learning module in our framework, de-
tailed in the next section. Given a phrase ¢ € Q(T;) and
all regions within the batch k™ € K(I), pseudo-labels are
computed as follows:

0 if kT e K(I)\ K(I;),
exp((@.k ") /75)
Srex, P ((@k)/me)

Tt = )
ak otherwise.

©))
Where the pseudo-label 7+ represents the correspondence
probability between g and k™. The terms g and k denote the
phrase and region features output by the momentum model,
respectively. Additionally, 7z is a temperature parameter.
Here we simply set the matching probability of phrases and
regions across different image-caption pairs to 0.

Momentum Model Update The update strategy for the
momentum model follows a similar approach to that used in
MoCo (He et al. 2020):

0t =~ 00D 4 (1—~)-6, (10)

where 6 and 6 represent the parameters of the base model
and the momentum model, respectively, with ¢ indicating
a specific time step. 7y is the momentum coefficient of the
model. The initialization of the momentum model is identi-
cal to the base model initialization.



It is worth noting that our momentum model provides
more consistent feature output for pseudo-label calcula-
tion by leveraging exponential moving averaging (EMA)
and benefits from its low update overhead. Specifically, af-
ter each update of the base model parameters, the syn-
chronously updated momentum model is used to calculate
the pseudo-labels for the positive pairs in the next mini-
batch of image-caption pairs. This can be viewed as implic-
itly completing the global update of pseudo-labels in the E-
step after the M-step.

Pseudo-label Guided Contrastive Loss

Unlike traditional binary relationships in conventional
image-text contrastive learning, our approach uses pseudo-
labels between phrases and regions provided by the momen-
tum model to establish positive relationships, which we term
as pseudo-label guided contrastive learning. While 7+ is
calculated using our MPL method, the contrastive loss for a
phrase ¢ can be expressed in the form of a KL divergence:

exp({g, k*)/7)
ZkeK(I) exp((q, k)/7)

Skt

L=— Z (7 g1+ -log

kteK (1)

an
Where & .+ represents the matching probability between the
phrase g and the region k™ as computed by the base model,
since the last term is gradient-free, we will omit it in the
following loss function.

About False Negative Impact mentioned earlier, we
highlight how current methods (Wang et al. 2020; Chen et al.
2022) based on contrastive learning overlook the issue of
false negatives under weakly supervised settings, potentially
affecting the consistency of grounding. Considering the pos-
sible presence of false negatives, we propose two strategies
to build connections between phrases and regions in non-
matching image-caption pairs.

False Negative Elimination To mitigate the impact of
false negative samples under a weak supervision setting, we
retrieve potential false negative samples based on the simi-
larity of regional features in the visual modality, as shown
in Figure 3. When a given phrase ¢ € Q(T;), This set of
potential false negatives can be represented as:

F,={K |k € K(1)\ K(I;),3k" € K(I,)
s.t. cos(vgr, vg+ ) >0}, (12)

where v represents the high-dimensional visual features out-
putted by the detector, cos(., .) denotes cosine similarity, and
¢ is the similarity threshold used to retrieve false negatives.

We attempt to ignore these potential false negative region
samples in the loss calculation. We define the filtered set
of remaining regions K¢(I) = K(I) \ F,. The modified
pseudo-label calculation is as follows:

0 if kte Ke(D)\ K (1),

exp((@.k ") /7p)
>rex,) <P (@:k)/TE)

T =
qk™* otherwise.

13)
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—T ot 10g T+ ).

The loss function is also modified as

exp((g, kt)/7)

Lo=— Mo+ - log .
! k+;1@(1) " rexe(n) exp((q, k)/T)

(14)

By designing the loss in this manner, we adjust the nega-
tive sampling under weakly supervised contrastive learning.
This approach is referred to as False Negative Elimination.

False Negative Conversion To further investigate the role
of the false negative examples detected and explore the
potential relationships of phrase-region pairs from non-
matching image-caption pairs, we design to convert region
k' within F, into potential positive sample to strengthen the
grounding consistency of model.

We utilize the regions in F, to expand K (I;), defining a
new expanded set of regions K¢(I;) = K (I;) UF,. Givena
phrase ¢ € Q(T;), the calculation of the pseudo-labels is:

0 if ke K(1)\Ke(I;),
exp((@.k ") /7E)

c —
7qu;+ = )
ZkeKZC(Ii) exp ((¢,k)/TE)

otherwise.

(15)
After converting false negatives, the contrastive learning loss
can be expressed as:

exp((g, k*)/7)

LE=— 7w+ - log .
P T e exnlla k)

(16)

To recap, within our framework, we designed the False
Negative Elimination to modify the original negative sam-
ple sampling method, using the False Negative Conversion
to transform negative samples into potential positive sam-
ples. These two methods are both used to mitigate the im-
pact of potential false negatives on contrastive learning in
the current weakly supervised setting. For clarity, we refer
to our method incorporating the FNC strategy as MPL.

Experiments

Datasets and Metric Our main experimental results are
derived from benchmarks on three publicly used datasets
for phase grounding task, including the Flickr30k Enti-
ties (Plummer et al. 2015), RefCOCO and RefCOCO+
(Kazemzadeh et al. 2014; Yu et al. 2016). For the RefCO-
CO/+ dataset, we employ the UNC split (Yu et al. 2016), di-
viding both datasets into four parts: train, validation, testA,
and testB. We evaluate our method using the IoU@0.5 as
utilized in previous works (Wang et al. 2020; Jin et al. 2023).

Implementation Details Following prior work, we ex-
tracted regions and their features using Faster R-CNN (Ren
et al. 2016), which is pre-trained on Visual Genome (Kr-
ishna et al. 2017). For the Flickr30k Entities dataset, we used
the image features as in MAF (Wang et al. 2020), while for
RefCOCO/+ datasets, we used our image features aligned
with CLEM (Chen et al. 2022). Regarding the hyperparam-
eter settings: the momentum update coefficient v is set to
0.99. For FNE, the threshold ¢ is set to 0.85, and for FNC,
¢ is set to 0.95. For more training and evaluation details,
please refer to our supplementary materials. Our code can
be accessed via https://github.com/Kuangdd01/MPL.



Method Backbone LM Proposals Flickr30k RefCOCO RefCOCO+
TestA  TestB  TestA  TestB
ARN (Liu et al. 2019) RN101 LSTM Faster-RCNN - 3527 3647 3440 36.12
W-visualBERT (Dou et al. 2021) RNXTI152 VL-BERT Faster-RCNN (VG) 62.10 - - 47.89  38.20
Pseudo-Q (Jiang et al. 2022) RN101 BERT Faster-RCNN (VG) 60.41 5825 54.13 45.06  32.13
CPL (Liu et al. 2023) RN101 BERT Faster-RCNN (VG) 63.87 69.77 6344 5530 4552
CCL (Zhang et al. 2020) RN101 GRU Faster-RCNN - 37.64 3259 3691 33.56
InfoGround (Gupta et al. 2020) RN101 BERT Faster-RCNN (VG) 51.67 - - - -
MAF (Wang et al. 2020) RN101 GloVe Faster-RCNN (VG) 61.43 51.761 34.861 32.201 38.27%
KD+CL (Wang et al. 2021) RNI101 LSTM Faster-RCNN (OI) 53.10 - - - -
CLEM (Chen et al. 2022) RN101 GloVe Faster-RCNN (VG) 63.05 66.631 54.60f 59.51 4346
RefCLIP (Jin et al. 2023) Darknet-53 GRU YOLOvV3(VG) - 58.58 5713 4045  38.86
MPL _enc (ours) RN101 GloVe Faster-RCNN (VG) 64.15 70.19 5574  63.59  45.20

Table 1: Comparison of three mainstream WSPG methods across three datasets. The top section pertains to methods based on
modal reconstruction. The middle gray section represents methods that enhance weak supervision through additional data and
model knowledge, while the bottom section and our method employ contrastive learning. (1) denotes our reproduction under
identical settings. (VG) (CC) (OI) denote the object detector pre-trained on Visual Genome, MSCOCO, and Openlmage dataset.
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Figure 4: Comparison of performance and time cost between
different pseudo-label update strategies on the validation set.

Update Method ‘ Flickr30k RefCOCO RefCOCO+

Local Update 62.01 61.27 53.85
Global Update 62.32 63.57 54.49
MPL (ours) 62.44 63.22 55.81

Table 2: The impact of different strategies for pseudo-label
accuracy on the training set.

Main Result

As shown in Table 1, we demonstrate the top-1 accuracy
of our method on three datasets. Our method outperforms
others that are also based on contrastive learning and show
comparable performance to methods (Jiang et al. 2022; Liu
et al. 2023) that require additional pre-training and knowl-
edge of multimodal models. Specifically, it outperformed
the previous SOTA, CLEM (Chen et al. 2022), which was
based on weakly-supervised contrastive learning, by 1.1%
on the Flickr30k, 3.6%/1.1% on the RefCOCO testA/testB,
and 4.1%/1.7% on the RefCOCO+ testA/testB.

Ablation Study

Comparison of Pseudo-label Updates To demonstrate
the advantages of our MPL method in pseudo-label updat-
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Figure 5: The impact of different similarity threshold values
on the effectiveness of FNE and FNC. Accuracy refers to the
performance on the validation set across different datasets.

ing, we designed comparative experiments comparing Local
pseudo-label updating, Global pseudo-label updating, and
our methods, as shown in Figure 4. Both the Local and
Global updates of pseudo-labels follow Equation (3) with
settings consistent with those used in Chen et al. (2022).
The difference is that the global update refreshes the pseudo-
labels across the entire training dataset after a batch-based
parameter update, whereas the local update only updates the
pseudo-labels within the current batch. To ensure fairness,
three models were trained for the same number of steps with
the same scale of trainable parameters, differing only in the
form of pseudo-label updates.

From Figure 4, methods that update pseudo-labels glob-
ally yield better results but incur greater time costs. Con-
versely, local pseudo-label updating methods reduce time
costs during training but suffer from slower pseudo-label
updates, leading to poorer performance under insufficient
training steps. MPL enables the modeling of global pseudo-
labels without significant additional time costs, achieving
faster convergence and effectiveness comparable to global
updating methods. In Table 2, we compared the pseudo-label
accuracy at the end of model training under different update
strategies on three datasets. Our method outperforms the Lo-



Strategy Flickr30k RefCOCO
EMA | FNE ENC | val test val  testA testB
- - - 61.59 6247 | 62.07 6831 54.80
- v - 61.18 6245 | 62.69 68.41 55.23
- - v 62.09 63.72 | 63.66 69.68 55.07
v - - 62.25 64.15 | 63.82 69.77 55.53
N v - 62.35 64.02 | 63.45 70.05 56.11
v - v 62.53 64.15 | 64.07 70.19 55.74

Table 3: Ablation study on EMA and False Negatives han-
dling strategies. “FNE” stands for False Negative Elimina-
tion, and “FNC” denotes False Negative Conversion.

cal Update approach regarding pseudo-label accuracy, pro-
viding better supervision for contrastive learning.

Ablation of Weakly Supervised Training We further ex-
amined the effect of EMA on the pseudo labeling and false
negative handling strategies within the MPL framework with
results shown in Table 3. The findings demonstrate that
EMA helps improve model performance, confirming the ef-
fectiveness of EMA for the pseudo-labeling module. Addi-
tionally, converting false negatives within batches can also
enhance model performance consistently.

To further explore the effect of the similarity thresholds
¢ on FNE and FNC, we recorded the performance of MPL
with different threshold values as shown in Figure 5.

Ablation of momentum Referring to the settings of the
momentum coefficient in MoCo (He et al. 2020), we con-
sidered the following momentum values ~ as shown in Ta-
ble 4. The results represent the accuracy of the model on the
Flickr30K validation set under different momentum values.

momentum y | 0 09 099 0.999
Accuracy(%) | 61.59 6222 6225 6220

Table 4: The impact of the momentum coefficient on model
performance on the Flickr30k validation set.

Case Study

To more vividly demonstrate the effectiveness of our method
in the pseudo-labeling and prediction, we visualized some of
the pseudo-labels during the training phase. The results in
the upper part of Figure 6 are from CLEM, while the lower
part shows the results from our method. As shown in Fig-
ure 6, the left images depicts the top three confidence target
regions for a phrase during training; the right images show
the predictions of our model. The dark blue box represents
the golden box (invisible during training). The orange box in
the images on the right represents prediction results. Where
Orange, yellow, and sky blue boxes indicate regions with the
top 1, 2, and 3 confidence levels, respectively.

Related Work

Weakly Supervised Phrase Grounding In WSPG tasks,
previous studies have been divided into three primary clas-
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(b) bride just married

(a) a backpacker

Figure 6: Visualization of pseudo-labels (left) on the
Flickr30k and prediction (right) on the RefCOCO+.

sifications. The first strategy employs a multimodal mask-
reconstruction loss to enhance the model’s capacity in com-
prehending intricate connections between images and cap-
tions (Li et al. 2019, 2021; Dou et al. 2021; Zhao et al. 2023).
The second strategy incorporates knowledge distillation
from multimodal models like BLIP (Li et al. 2022) to utilize
their captioning abilities and transform weakly supervised
assignments into fully supervised ones (Jiang et al. 2022;
Liu et al. 2023) or use the attention-based heatmaps gen-
erated by multimodal models to achieve weakly-supervised
grounding (Shaharabany, Tewel, and Wolf 2022; Shahara-
bany and Wolf 2023; Lin et al. 2024). The final approach
implements the Expectation-Maximization (EM) algorithm
(Moon 1996) to allot and regularly update pseudo-labels for
phrase-region pairings, contributing to contrastive learning.

False Negative Detection The effectiveness of contrastive
learning is limited by negative example sampling, making
false negative detection crucial for self-supervised repre-
sentation learning and cross-modal retrieval. Huynh et al.
(2022) applied strategies to filter similar images and reduce
false negatives in visual representation learning. In weakly
supervised visual-audio tasks, Sun et al. (2023) utilized a
uni-modal similarity matrix to mitigate the influence of false
negatives and enhance true negatives to improve visual-
audio alignment. Some works (Li et al. 2023, 2024) attempt
to improve the image-text retrieval performance by correct-
ing false negatives and selecting negative examples.

Conclusion

We introduce a novel method called Momentum Pseudo La-
beling (MPL) that leverages a momentum model to com-
pute pseudo-labels. Building on this foundation, we explore
and model the relationships between phrases and regions in
both matching and non-matching image-caption pairs. Em-
pirical experiments demonstrate that our MPL method pro-
vides more effective guidance during the training stages.
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