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Abstract

Weakly supervised phrase localization (WSPL) aims to local-
ize visual objects mentioned by given phrases, but it learns
without human-annotated bounding boxes. Previous works
struggle in multi-object scenarios where objects in the back-
ground often appear simultaneously with the target objects.
To this end, we propose a Diffusion-Assisted PrOgressive
learning framework (i.e., DAPO) for WSPL task in this paper.
Specifically, we score the difficulty of training samples based
on the quantity of objects and the level of semantic alignment.
These samples are then used progressively during training, in
an order by their difficulty scores. To address the sample im-
balance problem, we propose a Generation-Assisted Tuning
method for the grounding network. First, to enrich the sam-
ples from few-object scenarios, we leverage Stable Diffusion
(SD) to generate images with phrases. Second, we introduce
an attention-driven scheme to direct SD’s attention on the
mentioned objects. Finally, we design a diffusion-guided loss,
which helps the grounding network learn the objects’ layouts.
Extensive experiments show that our DAPO framework out-
performs the strong baselines on benchmark datasets.

Code — https://github.com/LinPengyue/DAPO

1 Introduction
Given an image and a phrase, weakly supervised phrase lo-
calization (WSPL) aims to localize the visual objects men-
tioned in the phrase. An example is shown in Figure 1a).
This task does not require any bounding box annotation
during the model’s training, which saves human labor for
manual annotation. WSPL connects vision with language,
which contributes to various downstream tasks, such as vi-
sual question answering (Xiao et al. 2024; Peng et al. 2024;
You et al. 2024) and vision-language navigation (Barthel
et al. 2019; Wu et al. 2022; Eftekhar et al. 2024).

Generally, we group WSPL models into two categories,
detector-based models (Liu et al. 2021; Wang et al. 2024)
and auxiliary-task-based models (Shaharabany and Wolf
2023; Zeng et al. 2024). The former group extracts regional
proposals from pretrained object detectors, and then ranks
them based on object-phrase similarity measures. The latter

*Corresponding author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

d) Ours c) Generated Image

b) Previous Method'sa) Input Image 

Figure 1: The WSPL task and general results’ comparison.
a) For WSPL task, an image with a phrase is given without
bounding boxes when the model is trained. Here, the phrase
is “a young boy playing his toy quad”. b) Previous methods
correctly localize boy, but fail for toy quad. c) An image gen-
erated by SD clearly shows the two objects. d) Our model’s
result is consistent with ground truth. Here, boy is enclosed
in a blue bounding box and toy quad in an orange one.

group designs some auxiliary vision-language tasks with a
finer-grained understanding of object categories.

However, the two groups of methods face challenges in
multi-object scenarios. Here, objects in the background of-
ten simultaneously appear with targeted objects. Thus, ob-
jects in the background could be strong yet misleading can-
didates. If models choose misleading candidates, incorrect
correlations between vision and language could emerge.
This issue is even more pronounced under weak supervision,
where precise localization annotations are absent.

To this end, we need to consider the following two ques-
tions. First, how to establish precise entity-object semantic
alignment in multi-object scenarios? Take Figure 1b) as an
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Subset S1 S2 S3 S4 S5

# Object 2 3 4 5 6–8
# Entity 2 ≤3 ≤4 ≤5 ≤6–8
# Image 917 5,277 8,147 7,286 8,027
# Phrase 4,585 26,385 40,735 36,430 40,135

Table 1: Statistics of training sample in Flickr30K Entities
(subsets S1–S5).

example; for the entity toy quad, the objects toy pool and
toy ball create visual ambiguity, making it difficult to iden-
tify the correct referent. In contrast, when such objects in
the background are absent, the semantic alignment becomes
significantly clearer (See Figure 1c)). This observation sug-
gests that semantic alignment learned in simpler scenarios
could be leveraged in more complex settings. Inspired by
the progressive nature of human learning, a natural solu-
tion is to begin with simple samples and gradually introduce
more challenging ones. To this end, we need to assess the
difficulty of training samples and schedule their incorpora-
tion accordingly. Second, how to balance the sample dis-
tribution to support progressive learning? We observe that
the training dataset exhibits an imbalanced distribution (See
Table 1). Images with multi-object scenarios dominate the
dataset, whereas few-object ones are significantly underrep-
resented. This sample imbalance problem hinders progres-
sive learning. Most entity-relevant objects rarely appear in
few-object scenarios, limiting opportunities to establish se-
mantic alignment early in training. Thus, samples with few-
object scenarios should be effectively enriched. In short, we
need to resample phrases describing few-object scenarios,
and generate images conditioned on these phrases.

In this paper, we propose a Diffusion-Assisted PrOgres-
sive learning framework (i.e., DAPO), to teach the ground-
ing network to locate target objects in multi-object scenar-
ios. Firstly, we score the difficulty of training samples by
quantifying the number of objects in each sample. We then
progressively incorporate samples in ascending order of ob-
ject count. To refine the ordering when quantity-based scores
are identical, we integrate semantic-based scores to measure
the level of semantic alignment. Furthermore, we design a
self-paced adapting method with semantic regularization to
dramatically select well-aligned samples. Secondly, we pro-
pose a Generation-Assisted Tuning (GAT) method to ad-
dress the sample imbalance problem. Specifically, we lever-
age Stable Diffusion (SD) (Rombach et al. 2022) to gener-
ate images conditioned on the phrases, which describe few-
object scenarios. However, we observe that SD often fails to
faithfully render the mentioned objects due to missing entity
semantics. To mitigate this, we propose an attention-driven
scheme to enhance the attention value correlated with en-
tity tokens. Furthermore, we design a diffusion-guided loss,
directly leveraging diffusion attention as weak supervision
for localization. It guides the grounding network to learn the
object’s layouts from the generated images.

Our main contributions are summarized as follows.

• We propose a novel framework, DAPO for WSPL task.

DAPO scores the difficulty of training samples and uses
them progressively in an order of difficulty scores.

• We design a GAT method to fine-tune the grounding net-
work with SD. We design an attention-driven scheme to
enforce SD’s attention on the mentioned objects. We de-
sign a diffusion-guided loss to learn the object’s layouts.

• We conduct extensive experiments on five WSPL bench-
mark datasets to demonstrate the effectiveness of our pro-
posed DAPO framework.

2 Preliminary
Diffusion Model. Denoising diffusion probabilistic mod-
els (Ho, Jain, and Abbeel 2020) learn the desired data dis-
tribution by defining a Markov chain of length T . In the for-
ward pass, this chain gradually adds noise to a given data
sample x0 to obtain a sequence of noisy samples xt, t ∈ T .
In the reverse process, a model ϵθ parameterized by θ is
learned to predict the noise added for each step t. Specifi-
cally, SD as a latent diffusion model applies the denoising
diffusion process to the latent representation z of x in the
latent space of a variational auto-encoder. Its learning objec-
tive predicts the added noise at each time step t as:

LLDM = EΦ(x),ϵ∼N (0,1),t

[
∥ϵ− ϵθ(zt, t)∥2

]
, (1)

where zt represents the noised latent representation at time
step t. During inference, the reverse process starts with a ran-
dom noise xT ∼ N (0, I) and gradually generates an image
sample by evolving the noise from step T to 0.

Cross-Attention in SD. SD introduces text guidance via a
cross-modal mechanism. The denoising UNet network in the
latent space of SD consists of self-attention layers followed
by cross-attention layers at resolutions C ∈ {64, 32, 16, 8}.
Given a text prompt P composed of M tokens, a textual
vector Φtxt(P ) is then obtained via CLIP text encoder Φtxt.
Φtxt(P ) is then mapped to intermediate feature maps of the
SD model ϵ(θ) through each cross-attention layer,

A = Softmax

(
QKT

√
d

)
V, (2)

where A,Q,K, V denote the attention, query, key, and value
matrices. d represents the dimension of Q and K.

3 Problem Formulation
The task of WSPL aims to ground the entities of a textual
phrase in an associated image, while the correspondences
between entities and image regions are not available for
training. Given an input image I and a phrase P , we uti-
lize entity annotations (Plummer et al. 2015) and extract
noun chunks from the phrase, obtaining a group of entities
E = {ek}Kk=1. A grounding network G learns to predict the
corresponding heatmaps H = {hk}Kk=1 for these entities.
Here, the heatmaps serve as a bridge to obtain the bounding
boxes B = {bk}Kk=1.

4 Methodology
Our DAPO framework is shown in Figure 2. First, GAT
helps to build object-entity semantic alignment in few-object
scenarios. Second, we assign difficulty scores for images,
and a training scheduler is used for progressively learning.
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Figure 2: The overview of our DAPO framework. a) GAT uses SD to generate an image by the phrase. With a pretrained ground-
ing module, SD generates mentioned objects without missing entity semantics. GAT also fine-tunes the grounding network with
the phrase, the generated image, and the extracted attention maps. b) We apply scoring methods based on both quantity and
semantic to all of the images. c) We incorporate training samples progressively in an order by their difficulty scores.

4.1 Generation-Assisted Tuning (GAT)
In this section, we design GAT to fine-tune the grounding
network. Specifically, we resample phrases describing few-
object scenarios. Then, we leverage a pre-trained SD to gen-
erate images conditioned on these phrases. Due to the chal-
lenging nature of generating all mentioned objects, some de-
sired entity semantics are often neglected.

To overcome this challenge, we introduce an attention-
driven scheme to enforce the generation for the mentioned
objects. Firstly, we aggregate the attention maps from SD
for subsequent optimization. As shown in Sec. 2, SD in-
troduces text guidance using a cross-attention mechanism.
Given a phrase P composed of K entities, at each in-
ference step t, we obtain a collection of attention maps
At = {(at)1, ..., (at)K}, where at ∈ RC×C . These at-
tention maps capture the cross-correlation with tokens in
entities E = {ek}Kk=1, where (at)k represents the proba-
bility assigned to the k-th entity. Following Chefer et al.
(2023), we average all the attention maps. Secondly, dur-
ing the generation process, at each time step t, we optimize
the intermediate latent representation zt by improving the
attention value correlated with entity tokens. We then com-
pute the gradient update for zt by applying a loss function
to at. Specifically, given the latent representation zt, we ob-
tain the decoded generation result xt = D(zt). Then, we
utilize a pretrained grounding module to predict heatmaps
H = {(ht)k}Kk=1 from entities E and xt. We define the loss
function with mean squared error (MSE) as follows,

LA =
1

|K|
∑

(i,j)∈K

[
∥(ht)i − (at)i∥2F − ∥(at)i − (at)j∥2F

]
,

(3)
where K = {(i, j) | i, j ∈ {1, . . . ,K}, i ̸= j} denotes the
set of index pairs. K means the number of entities associ-
ated with the current phrase. |K| = K(K − 1) denotes the
total number of such pairs. ∥ · ∥F represents the Frobenius
norm of a matrix. This loss improves the attention value by
the guidance of heatmaps. It also encourages the attention
regions of two entities to separate. Finally, we optimize the

current latent encoding zt in the following way,

z′t ←− zt − αt ▽zt LA, (4)

where αt is a scalar defining the step size of the gradient
update. We perform another forward pass through SD using
z′t, to compute zt−1 for the next denoising step. This update
process is repeated for a subset of time steps t = T, ..., 2, 1.

Training Objective. To help the grounding network G
learn object layouts of generated images, we consider cross-
attention maps from SD as training targets. At the final de-
noising step t = 0, we extract these maps corresponding to
entity tokens, A = {ak}Kk=1. Given the predicted heatmap
hk and the cross-attention map ak for the k-th entity, we de-
fine a diffusion-guided loss as follows,

LD =
1

N

N∑
n=1

K∑
k=1

∥h(n)
k − a

(n)
k ∥

2
F , (5)

where N denotes the total number of phrases. K means the
number of entities per phrase. n indicates the correspond-
ing map for the n-th phrase. This loss function leverages
extracted attention maps referred to by text inputs, thereby
applying only weakly supervised guidance to the heatmaps.

Inspired by prior WSPL works (Shaharabany, Tewel,
and Wolf 2022; Lin et al. 2024a,b), we extract attention
maps from VLMs (i.e., pretrained Vision-Language Mod-
els) based on real images. We also follow their task losses
Ltask, respectively. Thus, to train the grounding network,
we design the total loss as follows,

L = µLtask + (1− µ)LD (6)

where the indicator µ ∈ {0, 1}. It takes 1 for a real-world
image and 0 for a generated one. Note that the total loss
does not include MSE loss LA (Eq. 3), because no gradients
are propagated between SD and the grounding network.

4.2 Difficulty Scorer and Training Scheduler
In this section, we present our progressive learning details
for WSPL task. This learning process includes two key com-
ponents: a difficulty scorer and a training scheduler.
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Difficulty Scorer. We propose two scoring methods based
on the quantity of objects and the level of semantic align-
ment. First, we assign higher scores to training samples con-
taining more visual objects, referred to as the quantity-based
score (ScoreQ). Specifically, we consider that samples con-
taining multiple objects and entities have inherently com-
plex scenarios. Therefore, we define ScoreQ as the object
count. As shown in Table 1, we divide the training dataset
into difficulty-level subsets based on the number of objects
per image. Second, we compute a semantic-based score
(ScoreS) for each image-entity pair using CLIP (Radford
et al. 2021), a vision-language semantic matching model.
A higher ScoreS means stronger alignment between the en-
tity’s semantics and its corresponding visual object. In other
words, precise semantic alignment benefits entity ground-
ing. Both scoring techniques are applied consistently across
all training samples to estimate their learning difficulty.

Training Scheduler. Inspired by Yang et al. (2022), we
utilize a baby step training scheduler for ScoreQ. Specifi-
cally, the entire training dataset D is divided into different
subsets, i.e., {D1, ...,Ds}. Those samples with the same dif-
ficulty score are categorized into the same subset. The train-
ing runs from the easiest subset. After convergence, the next
subset is merged into the current training set. Finally, all the
subsets are merged and used. Note that when multiple sam-
ples have the same quantity-based scores, we incorporate the
semantic-based score as a difficulty metric to select samples.
However, the hard sample selection based solely on CLIP
is suboptimal. This is because the semantic-based scores of
training samples are close (e.g., 0.73 vs. 0.78), leading to an
over-sensitivity to predefined hyperparameter.

To address this problem, we propose a self-paced adapting
method with semantic regularization. We adjust the sample
selection to be dynamic rather than rule-based. Specifically,
in an iteration for each training sample (indexed by s), a la-
tent weight variable vs ∈ [0, 1] is assigned for the training
loss Ls(θ). It indicates whether such a sample is fit to op-
timize the grounding network G. The parameter θ belongs
to G network. To find the proper θ∗ and the weight v∗, our
objective is given as follows,

θ∗, v∗ = argmin
v,θ

N∑
s=1

vsLs(θ) + f(v), (7)

where N is the total number of samples. f(v) is the self-
paced regularizer, which is designed as follows,

f(v) =
1

γ

N∑
s=1

(
1

2
v2s − vs · SREGs

)
(8)

where γ (γ > 0) is a hyperparameter that increases itera-
tively in order to estimate the parameters of G via self-paced
learning. SREGs represents the normalized ScoreS of the
s-th sample. Note that smaller values of γ require lower vs,
thus focusing on easier samples initially, while harder sam-
ples are gradually included as γ increases. Furthermore, we
do not adopt a discrete binary assignment for v (i.e., either 0
or 1), but instead use a continuous and learnable weight. This
soft weighting strategy avoids overly rigid sample selection,
enabling better adaptation to complex training scenarios.

5 Experiment and Analysis
5.1 Datasets
Our DAPO follows a pretraining and fine-tuning paradigm.
To pretrain our grounding network, we follow the widely
adopted setup in MG (Akbari et al. 2019). Specifically,
we use either the MSCOCO (Lin et al. 2014) or Visual
Genome (VG) (Krishna et al. 2017) training splits for pre-
training. During fine-tuning, we build (image, phrase, entity)
triplets from the training split of Flickr30K Entities (Plum-
mer et al. 2015). Each image is on average associated with
five phrases, and each phrase corresponds to 2∼8 entities.

We evaluate the performance of WSPL on five bench-
mark datasets: VG, Flickr30K Entities, ReferIt (Grubinger
et al. 2006; Chen, Kovvuri, and Nevatia 2017), as well as
two constructed subsets, i.e., VG-M and Flickr30K-M. The
first three benchmarks follow the test splits defined in Ak-
bari et al. (2019) for consistency. The other subsets, VG-M
and Flickr-M, are specifically designed for multi-object sce-
narios. These subsets are derived from the original test sets
of VG and Flickr30K Entities, respectively.

5.2 Baselines and Metrics
We compare our DAPO framework with state-of-the-art
WSPL baselines. The first group includes task-specific
models, such as MG (Akbari et al. 2019), Gbs (Arbelle et al.
2021), WWbL-g (Shaharabany, Tewel, and Wolf 2022),
WWbL-g++ (Shaharabany and Wolf 2023), BBR (Gomel,
Shaharbany, and Wolf 2023), TAS (Lin et al. 2024a), and
VPT (Lin et al. 2024b). The second group includes founda-
tion models, such as SelfEQ (He et al. 2024a), APR (Zeng
et al. 2024), SynGround (He et al. 2024b), and HIST (Luo
et al. 2025). Moreover, we use two metrics, the “point-
ing game” accuracy (Cinbis, Verbeek, and Schmid 2016)
and the bounding box accuracy (Shaharabany, Tewel, and
Wolf 2022). “Pointing game” accuracy measures the per-
centage of predicted maximum points of the heatmap that
lie within the bounding box ground truth. Bounding box ac-
curacy measures the percentage of heatmap bounding boxes
that have an IoU greater than 1/2.

5.3 Implementation Details
In our DAPO framework, we select three representative
grounding networks as our backbones, including WWbL-g,
TAS and VPT. We use SGD optimizer with a batch size of
32 and an initial learning rate of 0.012. The optimizer mo-
mentum is 0.9 and the weight decay is 0.0001. We increase
ScoreQ from 2 to 8 (See Table 1), and introduce different
subsets into the training dataset. Based on ScoreS, we ini-
tialize the hyperparameter γ to 0.5 at the beginning of train-
ing. As training proceeds, γ is linearly decayed to 0.1. We
resample 104 phrases in total, where bi-entity phrases are
7,000 and tri-entity phrases are 3,000. For SD, we utilize the
DDPM scheduler for 50 runs, and generate images condi-
tioned on these resampled phrases. Grounding networks are
fine-tuned on one A6000 GPU, with training on each subset
lasting 12 epochs. It takes approximately 30 hours.
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Model
VG Pre-trained MSCOCO Pre-trained

Point Acc. Bbox Acc. Point Acc. Bbox Acc.

VG Flickr ReferIt VG Flickr ReferIt VG Flickr ReferIt VG Flickr ReferIt

APR 75.04 84.49 69.26 – – – – – – – – –
SelfEQ – 81.90 67.40 – – – – 84.07 62.75 – – –
SynGround – 80.73 – – – – – – – – – –
HIST – 83.60 69.50 – – – – 85.30 63.40 – – –

MG 48.76 60.08 60.01 14.45 27.78 18.85 47.94 61.66 47.52 15.77 27.06 15.15
Gbs 53.40 70.48 59.44 – – – 52.00 72.60 56.10 – – –
WWbL-g++ 66.63 79.95 70.25 30.95 45.56 38.74 62.96 78.10 61.53 29.14 46.62 32.43
BBR 63.51 78.32 67.33 31.02 42.40 35.56 60.05 77.19 63.48 28.77 47.26 30.63
WWbL-g 62.31 75.63 65.95 27.26 36.35 32.25 59.09 75.43 61.03 27.22 35.75 30.08
TAS 58.07 76.69 70.86 27.31 45.63 35.70 60.31 77.85 62.63 29.58 45.46 33.41
VPT 62.72 80.03 68.21 27.40 45.60 34.76 60.74 81.15 64.14 27.65 45.09 31.14

WWbL-g† 62.17 75.92 66.07 25.23 36.92 32.71 59.33 75.66 61.85 26.73 35.88 30.22
DAPO-g 65.17 78.61 68.04 31.46 42.89 35.53 62.45 79.12 63.53 30.11 38.72 32.26
TAS† 56.21 76.81 70.93 27.58 45.80 35.68 59.55 77.92 62.81 29.03 45.53 33.48
DAPO-TAS 62.25 79.63 72.98 32.08 48.82 38.96 63.18 80.22 64.25 30.97 47.66 34.13
VPT† 61.08 80.17 68.55 27.51 45.71 34.89 60.82 81.25 64.33 27.72 45.14 31.29
DAPO-VPT 66.87 85.43 72.11 30.79 48.25 37.56 63.60 84.35 66.90 31.63 48.57 33.68

Table 2: WSPL results on the test set: “pointing game” and bounding box accuracy. Results marked with † are fine-tuned on
Flickr30K Entities training data.

5.4 Main Results
In this section, we compare our method with other WSPL
methods. To keep fair and effective of progressive learn-
ing, we choose to fine-tune three baselines on the Flickr30K
Entities training set. The experimental results are reported
in Table 2. Our approach works with different pre-training
data (i.e., VG and MSCOCO) and the testing data (i.e., VG,
Flickr30K Entities, and ReferIt). We observe a consistent
enhancement in the grounding performance across all com-
pared methods. It demonstrates that our approach has seam-
less compatibility with existing WSPL approaches. DAPO-
VPT improves point accuracies on Flickr30K from 61.08%,
80.17% and 68.55% to 66.87%, 85.43% and 72.11%, re-
spectively. The results outperform other classical WSPL
methods. This shows the superiority of our framework in
grounding entities in multi-object scenarios. Also, APR and
HIST achieve high accuracies on some datasets. In fact,
these two methods are based on continual training on AL-
BEF (Li et al. 2021). Note that they aim to locate the key
regions of target objects, instead of delineating their full ex-
tent with bounding boxes.

Furthermore, we evaluate DAPO with two built datasets,
VG-M and Flickr-M. Both datasets contain only images with
multiple objects. Here, we consider the number of objects
larger than 16 and 6, respectively. Table 3 reports the ex-
perimental results. These results demonstrate that our ap-
proach outperforms current SOTA WSPL methods on these
two datasets. Compared to WWbL-g, our DAPO framework
improves the bounding box accuracy by 8.08% and 6.35%
on VG-M. In addition, our DAPO achieves the best point
accuracy of 54.50%. On the other hand, our DAPO achieves
a significant improvement on Flickr-M. Compared to other

Model Point Acc. Box Acc.
VG-M Flickr-M VG-M Flickr-M

V
G

WWbL-g† 42.05 70.10 17.85 29.75
DAPO-g 51.45 76.33 25.93 36.47
TAS† 41.02 68.77 17.35 34.15
DAPO-TAS 52.61 75.36 24.65 36.44
VPT† 43.28 70.30 19.92 36.13
DAPO-VPT 54.50 75.55 26.22 38.17

C
O

C
O

WWbL-g† 42.20 71.30 18.03 29.93
DAPO-g 53.58 77.84 24.38 36.70
TAS† 41.12 71.71 17.45 32.14
DAPO-TAS 52.86 78.08 24.83 39.32
VPT† 42.71 71.30 20.08 36.69
DAPO-VPT 53.73 78.01 26.40 39.04

Table 3: Performance of DAPO vs. previous models on two
datasets, VG-M and Flickr-M.

methods, the point accuracy and bounding box accuracy of
DAPO improved by 5.25 ∼ 6.71% and 2.04 ∼ 6.77%, re-
spectively. These results demonstrate that our method is ef-
fective in multi-object scenarios.

5.5 Ablation Study
In this section, we empirically investigate how the perfor-
mance of our framework is affected by different model set-
tings. All ablation experiments are based on DAPO-TAS.

Resampled Phrases. We show the performance of our
framework with different numbers of resampled phrases.
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Figure 3: The impact of different resampled numbers and
proportion values on the effectiveness of DAPO-TAS.
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Figure 4: Performance with different data sources.

The experimental results are reported in Figure 3. As the
number of resampled phrases increases, the model achieves
improved performance, demonstrating the benefit of re-
sampling for semantic alignment. However, once the num-
ber of phrases reaches 104, the performance gains become
marginal. It indicates that the semantic alignment learned
from few-object scenarios fails to generalize effectively to
multi-object settings. Furthermore, we investigate the im-
pact of the resampled phrase ratio on grounding perfor-
mance. With the total number of resampled phrases fixed,
we define five ratios of bi-entity to tri-entity phrases in the
training dataset. Results show that the model achieves op-
timal performance when the ratio is 7:3, under which the
image count in each subset reaches 8,000. A balanced distri-
bution of samples appears to benefit progressive learning.

Generated Images. We further investigate the impact of
incorporating generated images into training. Specifically,
we evaluate three settings: only real images, only generated
images, and a mix of both. The results are shown in Fig-
ure 4. This shows that our DAPO achieves gains by mixing
generated and real images. This is because generated images
effectively balance the training distribution. However, rely-
ing solely on generated images yields the worst results. Due
to a domain shift between generated and real images, the
model struggles to generalize to real-world scenarios.

Scoring Method. We investigate the effect of difficulty
scoring methods. The first one does not use any scoring
method. The second one only uses ScoreQ, denoted as

QSM SSM Point Acc. Bbox Acc.

VG Flickr ReferIt VG Flickr ReferIt

✗ ✗ 56.44 77.03 71.15 27.09 46.00 35.92
✓ ✗ 56.67 77.25 71.36 28.02 46.23 36.15
✗ ✓ 59.41 78.52 72.13 30.76 47.54 37.83
✓ ✓ 62.25 79.63 72.98 32.08 48.82 38.96

Table 4: The performance of our DAPO-TAS using vari-
ous scoring methods. QSM means quantity-based scoring
method, while SSM means semantic-based scoring method.

LA LD Ltask
Test Point Accuracy Test Bbox Accuracy

VG Flickr ReferIt VG Flickr ReferIt

✗ ✗ ✓ 58.22 76.54 70.71 27.46 45.78 35.55
✗ ✓ ✗ 48.31 65.41 53.06 18.88 28.65 20.11
✗ ✓ ✓ 58.35 76.67 70.83 27.59 45.91 35.68
✓ ✗ ✓ 52.65 71.23 57.91 22.84 32.76 25.02
✓ ✓ ✗ 61.73 78.11 71.46 31.57 47.30 38.04
✓ ✓ ✓ 62.25 79.63 72.98 32.08 48.82 38.96

Table 5: The performance of our DAPO-TAS framework us-
ing various loss terms.

QSM. The third one uses ScoreS, denoted as SSM. The
fourth merges the aforementioned two methods. The experi-
ments are reported in Table 4. Compared to QSM and SSM,
our framework achieves the best performance using both
methods. Actually, weak supervision makes it difficult to se-
lect appropriate learnable samples at each step. Therefore,
relying solely on a single scoring method may result in mis-
alignment between objects and entities due to incomplete or
biased difficulty estimation.

Loss. We evaluate the contributions of three loss terms.
Specifically, three losses include attention-driven loss LA,
diffusion-guided loss LD and original task loss Ltask. As
shown in Table 5, each loss term comprehensively en-
hances the performance. Using only the task loss, DAPO-
TAS achieves 76.54% “pointing game” accuracy over the
Flickr30K test set. Adding attention-driven loss improves
accuracy to 78.11%, suggesting that attention-driven loss
enhances the semantic alignment between language and vi-
sion. This loss ensures that the referred objects exist within
generated images. This is a key assumption in the phrase
localization setting. Further incorporating diffusion-guided
loss increases the accuracy to 79.63%, demonstrating its ef-
fectiveness in regularizing object layout. This is because SD
is capable of modeling the relation between entities when
generating objects. In contrast, VLMs have limited capabil-
ity in capturing such fine-grained relational semantics, lead-
ing to incorrect localization for similarly described entities.

5.6 Qualitative Analysis
Figure 5 visualizes our grounding results from Flickr30K
Entities. Phrase in (a) requires the localization of the three
people except the guard, demonstrating our framework’s
ability to distinguish target objects. In (b), the phrase calls
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(a) three people cross the street while a crossing guard in an orange vest stops traffic

OursImage GT VPT

(b) a person in a robe and apron is cutting bread on a table

(c) a trumpet player, saxophonist, an accordion player and one playing a tambourine busk (d) a man is jumping into a tube in water that also has boats and a ramp

Figure 5: Qualitative results of our DAPO-VPT and their comparison to those of VPT.

an ice cream truck is driving through a residential neighborhood

a brown and white dog is running with a yellow Frisbee

Figure 6: Examples of generated images and attention maps.
The left is produced by original SD. The right is ours.

for the localization of three closely situated objects: a per-
son, an apron, and a robe. The results demonstrate our fine-
grained semantic alignment capability. In (c), the model suc-
cessfully distinguishes among three players wearing similar
clothing, based on subtle differences in their textual descrip-
tions. In (d), we show that our method retrieves object po-
sitions based on the overall semantics of the phrase, rather
than relying solely on the noun keyword ramp. It reflects our
model’s capacity for deeper grounding reasoning.

In addition, we compare our generated images and atten-
tion maps with those of SD. The results are visualized in
Figure 6. Our generated images are more related to seman-
tics of the textual phrases. For instance, our method correctly
generates neighborhood and Frisbee. In contrast, SD tends
to ignore both objects in the images. Furthermore, our at-
tention maps could capture their positions, which are high-
lighted in red. Leveraging these positions, the objects men-
tioned in phrases, such as dog and ice cream truck, can be
accurately identified during progressive learning.

6 Related Work
Weakly Supervised Phrase Localization (WSPL). WSPL
models need to solely learn from image-phrase pairs dur-
ing training. To address the challenge, detector-based works
(Chen, Gao, and Nevatia 2018; Datta et al. 2019; Wang and
Specia 2019; Gupta et al. 2020; Wang et al. 2021; Liu et al.
2021; Chen et al. 2022; Kuang et al. 2025) use object de-
tectors and choose the correct proposals that are highly re-
lated to the corresponding phrases. Moreover, other methods
(Zhang et al. 2018; Akbari et al. 2019; Arbelle et al. 2021)
design auxiliary tasks for phrase localization, such as intra-

modal classifications and inter-modal alignments. Recently,
VLMs have been increasingly utilized for auxiliary-task-
based WSPL. These methods involve either mixed-dataset
pretrained VLMs (He et al. 2024a,b; Zeng et al. 2024; Huy
et al. 2025; Luo et al. 2025) or fine-tuning task-specific
networks supervised by VLMs (Shaharabany, Tewel, and
Wolf 2022; Shaharabany and Wolf 2023; Gomel, Shahar-
bany, and Wolf 2023; Lin et al. 2024a,b). However, previous
approaches remain limited in multi-object scenarios.

Progressive Learning for Grounding. Progressive learn-
ing refers to a learning paradigm where models are trained in
a staged manner, starting with simpler tasks or data and pro-
gressively increasing the complexity. Recently, progressive
learning has been introduced into vision-language ground-
ing works (Lu et al. 2024; Yu and Li 2024; Wang et al. 2025;
Xie et al. 2025), demonstrating its potential to improve mod-
els’ capability. Xiao et al. (2023) iteratively select high-
quality pseudo-labeled samples for training. The method up-
dates model weights at each iteration to refine subsequent
data selection. Garg, Kumar, and Rawat (2025) introduce
a progressive learning framework with temporal and spa-
tial curriculum modules to enhance spatio-temporal video
grounding in weakly supervised settings. Le et al. (2025)
leverage progressive multi-granular alignment to enhance
compositional visual reasoning in VLMs. Unlike previous
works, we leverage generated images to enable progressive
learning from simple to complex, multi-object scenarios.

7 Conclusion and Future work
In this paper, we propose a novel DAPO framework for
WSPL task. Specifically, we design a GAT method to fine-
tune the grounding network with SD. It helps establish pre-
cise semantic alignment between entities and objects. To
transfer learned alignment to multi-object scenarios, we in-
corporate training samples progressively, ordered by diffi-
culty scores. Extensive experiments on classical and pro-
posed benchmark datasets show the effectiveness of our
framework, which outperforms several strong baselines.

In the future, we plan to leverage advanced text-to-image
generation models for our framework, such as GPT-4o (Ope-
nAI 2024) and Flux (Batifol et al. 2025). These generative
models are expected to mitigate the domain shift between
training and test distributions, thereby enhancing general-
ization in real-world settings.
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