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Abstract

Cross-modal retrieval across image and text modalities
is a challenging task due to its inherent ambiguity: An im-
age often exhibits various situations, and a caption can
be coupled with diverse images. Set-based embedding has
been studied as a solution to this problem. It seeks to en-
code a sample into a set of different embedding vectors that
capture different semantics of the sample. In this paper, we
present a novel set-based embedding method, which is dis-
tinct from previous work in two aspects. First, we present
a new similarity function called smooth-Chamfer similar-
ity, which is designed to alleviate the side effects of existing
similarity functions for set-based embedding. Second, we
propose a novel set prediction module to produce a set of
embedding vectors that effectively captures diverse seman-
tics of input by the slot attention mechanism. Our method is
evaluated on the COCO and Flickr30K datasets across dif-
ferent visual backbones, where it outperforms existing meth-
ods including ones that demand substantially larger compu-
tation at inference.

1. Introduction
Cross-modal retrieval is the task of searching for data

relevant to a query from a database when the query and
database have different modalities. While it has been stud-
ied for various pairs of modalities such as video-text [3, 7,
19] and audio-text [5, 16], the most representative setting
for the task is the retrieval across image and text modali-
ties [10, 29, 37, 45]. A naı̈ve solution to cross-modal re-
trieval is a straightforward extension of the conventional
unimodal retrieval framework [17, 18, 26], i.e., learning
a joint embedding space of the different modalities with
known ranking losses (e.g., contrastive loss [9] and triplet
loss [43]). In this framework, each sample is represented as
a single embedding vector and the task reduces to neighbor
search on the joint embedding space.

However, this naı̈ve approach has trouble in handling the
inherent ambiguity of the cross-modal retrieval across im-
age and text modalities [10, 45, 46]. A cause of the am-

“Boys wearing helmets carry a 
bicycle up a ramp at a skate park.”

“Small children stand near
bicycles at a skate park.”

“A group of young children
riding bikes and skateboards.”

Figure 1. An example of the ambiguity problem introduced in
the cross-modal retrieval task; an image region and a word corre-
sponding to each other are highlighted in the same color. This ex-
ample demonstrates that a single image can be coupled with mul-
tiple heterogeneous captions.

biguity is the fact that even a single image often contains
various situations and contexts. Consider an image in Fig-
ure 1, which illustrates a group of children in a skate park.
One of the captions coupled with it could be about chil-
dren carrying up a bike, while another may describe the
child riding a skateboard. Indeed, different local features of
the image are matched to different captions. Similarly, vi-
sual manifestations of a caption could vary significantly as
text descriptions are highly abstract. This ambiguity issue
suggests that a sample should be embedded while reflecting
its varying semantics in cross-modal retrieval. Embedding
models dedicated to the uni-modal retrieval do not meet this
requirement since they represent a sample as a single em-
bedding vector.

Various methods have been studied to mitigate the am-
biguity issue of cross-modal retrieval. Most of them adopt
cross-attention networks that directly predict the similarity
of an input image-caption pair [12, 14, 25, 30, 37, 38, 49,
50, 53]. These models successfully address the ambiguity
since they explicitly infer relations across the modalities by
drawing attentions on both modalities at once. However,
they inevitably impose a large computation burden on re-
trieval systems since they demand both image and caption
to be processed together for computing their similarity; all
data in a database thus have to be reprocessed whenever
a query arrives. In contrast, methods using separate tex-
tual and visual encoders [17, 21, 24, 29] seek to find sam-
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ples relevant to query through nearest-neighbor search on
pre-computed embedding vectors, which are more suitable
to nowadays retrieval systems working on huge databases.
However, most of the previous arts in this direction cannot
address the ambiguity issue since their encoders return a
single embedding vector for a given input.

Recent studies [10, 45] have advanced embedding model
architectures to tackle the ambiguity issue even with sepa-
rate encoders for the two modalities. To be specific, their
models compute a set of heterogeneous embedding vectors
for a given sample using self-attention layers on top of vi-
sual or textual features; such a set of embedding vectors is
called embedding set in the remainder of this paper. Then
the ambiguity issue is addressed through elements of the
embedding set that encode diverse semantics of input.

Although the set-based embedding models enable a re-
trieval system to be powerful yet efficient, however, simi-
larity functions used for their training do not consider the
ambiguity of the data. Hence, training the models with the
similarity functions often causes the following two side ef-
fects: (1) Sparse supervision–An embedding set most of
whose elements remain untrained, or (2) Set collapsing–An
embedding set with a small variance where elements do not
encode sufficient ambiguity. Further, self-attention modules
used for set prediction in the previous work do not explicitly
consider disentanglement between set elements. These lim-
itations lead to an embedding set whose elements encode
redundant semantics of input, which also causes the set col-
lapsing and degrades the capability of learned embedding
models.

To address the aforementioned limitations of previous
work, we propose a novel set-based embedding method for
cross-modal retrieval. The proposed method is distinct from
previous work in mainly two aspects. First, we design a
novel similarity function for sets, called smooth-Chamfer
similarity, that is employed for both training and evaluation
of our model. In particular, our loss based on the smooth-
Chamfer similarity addresses both limitations of the exist-
ing similarity functions, i.e., sparse supervision and set col-
lapsing. Second, we propose a model with a novel set pre-
diction module motivated by slot attention [33]. In the pro-
posed module, learnable embeddings called element slots
compete with each other for aggregating input data while
being transformed into an embedding set by progressive up-
date. Therefore, our model captures the diverse semantic
ambiguity of input successfully, with little redundancy be-
tween elements of the embedding set.

The proposed method is evaluated and compared with
previous work on two realistic cross-modal retrieval bench-
marks, COCO [32] and Flickr30K [41], where it outper-
forms the previous state of the art in most settings. In sum-
mary, our contribution is three-fold as follows:

• We address issues on previous set-based embedding

methods by proposing a novel similarity function for
sets, named smooth-Chamfer similarity.

• We introduce a slot attention based set prediction mod-
ule where elements of embedding set iteratively com-
pete with each other for aggregating input data, which
can capture semantic ambiguity of input without re-
dundancy.

• Our model achieved state-of-the-art performance on
the COCO and Flickr30K datasets, two standard
benchmarks for cross-modal retrieval.

2. Related Work
Cross-modal retrieval: Previous work can be categorized
into two classes, methods using two separate encoders and
those using a cross-attention network. Models of the first
class consist of disjoint visual and textual encoders and
learn an embedding space where embedding vectors of
matching pairs are located nearby. Retrieval is then per-
formed by finding nearest neighbors of query on the em-
bedding space, which is efficient since their embedding
vectors are pre-computed. To improve the quality of the
embedding space, loss functions [10, 17], model architec-
tures [24, 27, 31], and embedding methods [10, 45] have
been proposed. Though the separate encoders enable sim-
ple and fast retrieval, they often failed to handle the in-
herent ambiguity of cross-modal retrieval, leading to in-
ferior retrieval performance. On the other hand, mod-
els of the other class adopt a cross-attention network that
directly predicts the similarity score between an image-
caption pair [14, 30, 49, 50, 52, 53]. Though these meth-
ods make their models explicitly consider relations across
modalities, they are not suitable for real-world retrieval sce-
narios due to the large computation burden imposed during
evaluation. We thus focus on improving the separate en-
coders in this paper.
Embedding beyond vector representation: Most of exist-
ing work projects each sample into a single embedding vec-
tor [17, 21, 24]. However, it has been empirically proven
that such single vector representation is not sufficient to
deal with inherent ambiguity of data [44, 48]. To mitigate
this issue for the cross-modal retrieval task, PVSE [45] and
PCME [10] introduce novel embedding methods. To be
specific, PVSE represents each sample as a set of embed-
ding vectors and PCME introduces probabilistic embedding
where each sample is represented as a set of vectors sampled
from a normal distribution.
Slot attention: Recently, slot attention [33] is proposed
to learn object-centric representation, which is especially
beneficial for tasks that require perception of objectness,
such as object discovery and set property prediction. Slots,
which are embedding vectors sampled from a random dis-
tribution, compete with each other for explaining the input
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Figure 2. An overview of our model. (a) The overall framework of our model. The model consists of three parts: visual feature extractor,
textual feature extractor, and set-prediction modules fV and fT . First, the feature extractors of each modality extract local and global
features from input samples. Then, the features are fed to the set prediction modules to produce embedding sets SV and ST . The model
is trained with the loss using our smooth-Chamfer similarity. (b) Details of our set prediction module and attention maps that slots of each
iteration produce. A set prediction module consists of multiple aggregation blocks that share their weights. Note that fV and fT have the
same model architecture.

in an iterative manner. This attention mechanism enables
the final outputs to encode heterogeneous semantics that
appear in the input without any explicit supervision. To
produce informative embedding sets with sufficient within-
set variance, our set prediction module employs the slot at-
tention mechanism. However, the ability of slot attention
to discover individual objects is only verified on synthetic
datasets [28] and is known to fail on real-world images [4].
We make three architectural modifications to resolve this is-
sue: (1) using learnable embeddings for initial element slots
instead of random vectors, (2) replacing GRU [8] with a
residual sum, and (3) adding a global feature to the final el-
ement slots. We will detail these differences in Section 3.2.
Without them, we observed that the loss does not converge,
and thus training fails.

3. Proposed Method
This section first describes the overall model architecture

and elaborates on the proposed set prediction module. Then
we introduce our smooth-Chamfer similarity and illustrate
how it differs from existing set similarity functions. Finally,
details of the training and inference of our model are pro-
vided.

3.1. Overall Model Architecture

The overall framework of our method is illustrated in
Figure 2. Our model architecture consists of a visual fea-
ture extractor, a textual feature extractor, and a set predic-
tion module of each modality: fV and fT . The feature ex-
tractors have two branches that compute local features and
global features from the input sample, respectively. The ex-
tracted features are given as input to the set prediction mod-
ules, each of which fuses local and global features to encode

an embedding set. For the visual and textual feature extrac-
tors, we followed the conventional setting of the previous
work [10, 27, 45].

Visual feature extractor: We consider two different types
of visual feature extractors for fair comparisons with pre-
vious work. One employs a flattened convolutional feature
map as local features and their average pooled feature as the
global feature. The other uses ROI features of a pretrained
object detector as local features and their max pooled fea-
ture as the global feature. In any of these cases, the local
and global features are denoted by  V(x) 2 RN⇥D and
�V(x) 2 RD, respectively, where x is input image.

Textual feature extractor: For the textual feature, we also
employ two different types of extractors: bi-GRU [8] and
BERT [13]. When using bi-GRU, for L-words input caption
y, we take GloVe [40] word embedding of each word as a
local feature  T (y) 2 RL⇥300. Then we apply bi-GRU
with D dimensional hidden states on the top of the  T (y).
The last hidden state is used as the global feature �T (y) 2
RD. Similarly, when using BERT, output hidden states of
BERT and their max pooled feature are used as a  T (y) 2
RL⇥D and �T (y) 2 RD, respectively.

3.2. Set Prediction Module

Elements of an embedding set should encode heteroge-
neous semantics that appear in the input data. Otherwise, it
will degenerate into a set with small variations that cannot
handle the ambiguity of the input.

Inspired by slot attention [33], we introduce an aggre-
gation block, where element slots compete with each other
for aggregating input data. The slots are progressively up-
dated to capture various semantics of the input through mul-
tiple iterations of the aggregation block, and then the slots
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are fused with a global feature to be used as elements of
the output embedding set. In this manner, the proposed
module produces an embedding set whose elements encode
substantially different semantics, meanwhile preserving the
global context of the input data. In this section, we only
present how the visual set prediction module fV works;
fT has the same model architecture and works in the same
manner with fV .

As shown in Figure 2(b), the proposed set prediction
module consists of multiple aggregation blocks, which
share their weights. We define the initial element slots as
learnable embedding vectors E0 2 RK⇥D, where K is the
cardinality of the embedding set. Then, the element slots of
the t-th iteration Et are computed by

Et = AggBlock( V(x);Et�1) 2 RK⇥D. (1)

The aggregation block first layer-normalizes [2] inputs and
then linearly projects input local feature  V(x) to k 2
RN⇥Dh and v 2 RN⇥Dh , and Et�1 to q 2 RK⇥Dh . 1

Then, the attention map A between  V(x) and Et�1 is ob-
tained via

An,k =
eMn,k

PK
i=1 e

Mn,i

, where M =
kq>
p
Dh

. (2)

It is worth noting that the attention map is normalized over
slots, not keys as in the transformer [47]. Since this way of
normalization lets slots compete with each other, each slot
attends to nearly disjoint sets of local features, and these
sets will correspond to the distinctive semantics of the input.

Using the obtained attention map, we update the element
slot with the weighted mean of local features and then feed
it to a multi-layer perceptron (MLP) with layer normaliza-
tion, residual connection, and GELU [23] activation:

Ân,k =
An,kPN
i=1 Ai,k

, Et = Â>vWo +Et�1, (3)

Et = AggBlock( V(x);Et�1) = MLP(Et) +Et, (4)

where W0 2 RDh⇥D is a learnable linear projection. The
output of the aggregation block is used as an element slot
for the t-th iteration. As shown in Figure 2, attention maps
that slots of early stage produce are sparse and noisy, but
refined to aggregate local features with distinctive semantics
as proceeds.

Finally, at T -th iteration, the model predicts an embed-
ding set S by adding the global feature �V(x) to each ele-
ment slot ET :

S = LN(ET ) +
⇥
LN(�V(x))

⇥K· · ·
⇤
, (5)

1When using convolutional features for visual feature extraction, we
add sinusoidal positional encoding before projecting  V (x) to k.

(c) Smooth-Chamfer 
similarity (Ours)

(b) Match 
probability

(a) MIL 
similarity

Figure 3. Comparison between our similarity function and exist-
ing ones used for embedding set. Illustrations of embedding space
before and after optimizing each similarity function are presented.
Presented two sets are matching pairs, and thus optimized to max-
imize their similarity. Lines indicate the association that similarity
functions consider, where their intensities represent the weights
given to each association.

where LN is a layer normalization, and
⇥
�V(x)

⇥K· · ·
⇤
2

RK⇥D is K repetitions of �V(x). The module benefits from
the global feature when treating samples with little ambigu-
ity since the global feature allows them to be represented as
an embedding set of small within-set variance.

3.3. Smooth-Chamfer Similarity
Our smooth-Chamfer similarity is proposed to resolve

the drawbacks of the existing set-based embedding ap-
proaches. Before presenting smooth-Chamfer similarity,
we first review the similarity functions used in PVSE [45]
and PCME [10]. Figure 3 illustrates embedding spaces
trained with these set similarity functions. Let S1 and S2

be the embedding sets, which are the set of vectors. c(x, y)
denotes the cosine similarity between vectors x and y.

PVSE adopts the multiple instance learning (MIL)
framework [15] during training and inference. Its simi-
larity function, which we call MIL similarity, is given by
sMIL(S1,S2) = maxx2S1,y2S2 c(x, y). MIL similarity
only takes account of the closest pair of elements, as shown
in Figure 3(a). While this behavior simplifies similarity
measurement, MIL similarity suffers from the sparse super-
vision problem. In other words, the majority of elements are
not sampled as the closest pair and thus remain untrained.

On the other hand, PCME uses the match probabil-
ity (MP) as a similarity function, which is defined as
sMP(S1,S2) =

P
x2S1,y2S2

�(↵c(x, y)+�), where ↵ and
� are learnable parameters and � is the sigmoid function.
MP takes average on every pairwise distance between ele-
ments. Though MP resolves the sparse supervision, it in-
troduces the set collapsing problem. As presented in Fig-
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ure 3(b), directly optimizing MP leads to a collapsed em-
bedding set since elements of embedding sets pull each
other without the consideration of their relative proximity.
To mitigate this issue, MP requires a specialized loss func-
tion [10, 39], which makes MP incompatible with other
losses or frameworks.

The aforementioned problems stem from the way how
similarity functions associate set elements. Associating
only the nearest pair of elements like MIL leads to insuf-
ficient supervisory signals, while equally taking account of
every possible association like MP results in a collapsed set.
Unlike these similarity functions, our smooth-Chamfer sim-
ilarity associates every possible pair with different degrees
of weight, as illustrated in Figure 3(c). Smooth-Chamfer
similarity is formulated as

sSC(S1,S2) =
1

2↵|S1|
X

x2S1

log

✓ X

y2S2

e↵c(x,y)
◆

+
1

2↵|S2|
X

y2S2

log

✓ X

x2S1

e↵c(x,y)
◆
,

(6)

where | · | is the set cardinality and ↵ > 0 is a scaling pa-
rameter. Using Log-Sum-Exp, it can be reformulated in a
more interpretable form as shown below:

sSC(S1,S2) =
1

2↵|S1|
X

x2S1

LSE
y2S2

✓
↵c(x, y)

◆

+
1

2↵|S2|
X

y2S2

LSE
x2S1

✓
↵c(x, y)

◆
.

(7)

LSE indicates Log-Sum-Exp, which is the smooth approxi-
mation of the max function. Thanks to the property of LSE,
smooth-Chamfer similarity softly assigns elements in one
set to those in the other set, where the weight for a pair of
elements is determined by their relative proximity. Hence,
smooth-Chamfer similarity can provide dense supervision
like MP but without the collapsing issue.

By replacing LSE with the max function, we can con-
sider a non-smooth version of smooth-Chamfer similarity,
which we refer to as Chamfer similarity. Chamfer similar-
ity clears up the problem of set collapsing by assigning in-
dividual elements of S1 to their closest neighbor in S2, and
vice-versa. However, unlike smooth-Chamfer similarity, it
does not provide supervision that is dense as MP since most
associations are not considered.

The behavior of smooth-Chamfer similarity can be
clearly demonstrated by its gradient with respect to c(x, y),
which is given by

@sSC(S1,S2)

@c(x0, y0)
=

1

2|S1|
e↵c(x

0,y0)

P
y2S2

e↵c(x0,y)

+
1

2|S2|
e↵c(x

0,y0)

P
x2S1

e↵c(x,y0)
,

(8)

where x0 and y0 are elements of S1 and S2, respectively.
One can see that the gradient is the sum of two relative sim-
ilarity scores, suggesting that the gradient for c(x0, y0) is
emphasized when x0 and y0 are close to each other. Using
the weighting scheme based on the relative proximity, we
can give denser supervision during training, while preserv-
ing sufficient within-set variance.

3.4. Training and Inference
Training: Our model is trained with the objective functions
presented in [45], which consists of the triplet loss, diversity
regularizer, and Maximum Mean Discrepancy (MMD) [20]
regularizer. Following previous work [17, 45, 50], we
adopt the triplet loss with hard negative mining. Let B =
{(SV

i , S
T
i )}Ni=1 be a batch of embedding sets. Then the

triplet loss is given by

Ltri(B) =
NX

i=1

max
j

[� + sSC(S
V
i ,S

T
j )� sSC(S

V
i ,S

T
i )]+

+
NX

i=1

max
j

[� + sSC(S
T
i ,S

V
j )� sSC(S

T
i ,S

V
i )]+,

(9)

where [·]+ indicates the hinge function and � > 0 is a
margin. The MMD regularizer minimizes MMD between
embedding sets of image and text. It prevents embeddings
of different modalities from diverging at the early stage of
training. The diversity regularizer penalizes similar element
slots, which helps the model produce a set of diverse em-
beddings. The two regularizers are formulated as Lmmd =
MMD(BV , BT ) and Ldiv =

P
x,x02ET e�2||x�x0||22 , where

BV and BT denote subsets of batch B consisting of each
modality embeddings.
Inference: We pre-compute the embedding set of size K
for every sample in the database. Then, the sample most
relevant to a query is retrieved via nearest-neighbor search
on embedding sets, using smooth-Chamfer similarity.

4. Experiments
4.1. Datasets and Evaluation Metric

We validate the effectiveness of our method on
COCO [32] and Flickr30K [41] datasets. In both datasets,
we follow the split proposed by [29]. COCO dataset con-
sists of a train split of 113,287 images, a validation split of
5,000 images, and a test split of 5,000 images. Retrieval
results of our method on 1K test setting and 5K test setting
are both reported, following [29]. In the 1K test setting, the
average retrieval performance on the 5-fold test split is re-
ported. For the Flickr30K dataset, we use 28,000 images
for training, 1,000 images for validation, and 1,000 images
for testing. We report the retrieval results on the Flick30K
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Method CA

1K Test Images 5K Test Images

Image-to-Text Text-to-Image RSUM Image-to-Text Text-to-Image RSUMR@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

ResNet-152 + Bi-GRU

VSE++ [17] 7 64.6 90.0 95.7 52.0 84.3 92.0 478.6 41.3 71.1 81.2 30.3 59.4 72.4 355.7
PVSE [45] 7 69.2 91.6 96.6 55.2 86.5 93.7 492.8 45.2 74.3 84.5 32.4 63.0 75.0 374.4
PCME [10] 7 68.8 - - 54.6 - - - 44.2 - - 31.9 - - -
Ours 7 70.3 91.5 96.3 56.0 85.8 93.3 493.2 47.2 74.8 84.1 33.8 63.1 74.7 377.7

Faster R-CNN + Bi-GRU

SCAN† [30] 3 72.7 94.8 98.4 58.8 88.4 94.8 507.9 50.4 82.2 90.0 38.6 69.3 80.4 410.9
VSRN† [31] 7 76.2 94.8 98.2 62.8 89.7 95.1 516.8 53.0 81.1 89.4 40.5 70.6 81.1 415.7
CAAN [53] 3 75.5 95.4 98.5 61.3 89.7 95.2 515.6 52.5 83.3 90.9 41.2 70.3 82.9 421.1
IMRAM† [6] 3 76.7 95.6 98.5 61.7 89.1 95.0 516.6 53.7 83.2 91.0 39.7 69.1 79.8 416.5
SGRAF† [14] 3 79.6 96.2 98.5 63.2 90.7 96.1 524.3 57.8 - 91.6 41.9 - 81.3 -
VSE1 [27] 7 78.5 96.0 98.7 61.7 90.3 95.6 520.8 56.6 83.6 91.4 39.3 69.9 81.1 421.9
NAAF† [52] 3 80.5 96.5 98.8 64.1 90.7 96.5 527.2 58.9 85.2 92.0 42.5 70.9 81.4 430.9
Ours 7 79.8 96.2 98.6 63.6 90.7 95.7 524.6 58.8 84.9 91.5 41.1 72.0 82.4 430.7
Ours† 7 80.6 96.3 98.8 64.7 91.4 96.2 528.0 60.4 86.2 92.4 42.6 73.1 83.1 437.8

ResNeXt-101 + BERT

VSE1 [27] 7 84.5 98.1 99.4 72.0 93.9 97.5 545.4 66.4 89.3 94.6 51.6 79.3 87.6 468.9
VSE1† [27] 7 85.6 98.0 99.4 73.1 94.3 97.7 548.1 68.1 90.2 95.2 52.7 80.2 88.3 474.8
Ours 7 86.3 97.8 99.4 72.4 94.0 97.6 547.5 69.1 90.7 95.6 52.1 79.6 87.8 474.9
Ours† 7 86.6 98.2 99.4 73.4 94.5 97.8 549.9 71.0 91.8 96.3 53.4 80.9 88.6 482.0

Table 1. Recall@K (%) and RSUM on the COCO dataset. Evaluation results on both 1K test setting (average of 5-fold test dataset) and
5K test setting are presented. The best RSUM scores are marked in bold. CA and † indicate models using cross-attention and ensemble
models of two hypotheses, respectively.

Method CA Image-to-text Text-to-image RSUMR@1 R@5 R@10 R@1 R@5 R@10

ResNet-152 + Bi-GRU

VSE++ 7 52.9 80.5 87.2 39.6 70.1 79.5 409.8
PVSE⇤ 7 59.1 84.5 91.0 43.4 73.1 81.5 432.6
PCME⇤ 7 58.5 81.4 89.3 44.3 72.7 81.9 428.1
Ours 7 61.8 85.5 91.1 46.1 74.8 83.3 442.6
Faster R-CNN + Bi-GRU

SCAN† 3 67.4 90.3 95.8 48.6 77.7 85.2 465.0
VSRN† 7 71.3 90.6 96.0 54.7 81.8 88.2 482.6
CAAN 3 70.1 91.6 97.2 52.8 79.0 87.9 478.6
IMRAM† 3 74.1 93.0 96.6 53.9 79.4 87.2 484.2
SGRAF† 3 77.8 94.1 97.4 58.5 83.0 88.8 499.6
VSE1 7 76.5 94.2 97.7 56.4 83.4 89.9 498.1
NAAF† 3 81.9 96.1 98.3 61.0 85.3 90.6 513.2
Ours 7 77.8 94.0 97.5 57.5 84.0 90.0 500.8
Ours† 7 80.9 94.7 97.6 59.4 85.6 91.1 509.3

ResNeXt-101 + BERT

VSE1 7 88.4 98.3 99.5 74.2 93.7 96.8 550.9
VSE1

† 7 88.7 98.9 99.8 76.1 94.5 97.1 555.1
Ours 7 88.8 98.5 99.6 74.3 94.0 96.7 551.9
Ours† 7 90.6 99.0 99.6 75.9 94.7 97.3 557.1

Table 2. Recall@K(%) and RSUM on the Flickr30K dataset. CA,
†, and * indicate models using cross-attention, ensemble models
of two hypotheses, and models we reproduce, respectively.

using a test split of 1,000 images. In both datasets, each im-
age is given with five matching captions. For evaluation, we
use the Recall@K, which is the percentage of the queries
that have matching samples among top-K retrieval results.
Following [27], We also report the RSUM, which is the sum
of the Recall@K at K 2 {1, 5, 10} in the image-to-text and
text-to-image retrieval settings.

4.2. Implementation Details
Feature extractor: For the visual feature extractor, convo-
lutional visual features are obtained by applying 1⇥ 1 con-
volution to the last feature map of CNN. We obtain ROI vi-
sual features by feeding the pre-extracted features [1] from
a Faster R-CNN [42] to the 2-layer MLP with residual con-
nection, following [27]. In every model, we set D to 1024
and K to 4.
Set prediction module: In every experiment, we set T to
4. When using convolutional visual features, Dh is set to
1024 and otherwise set to 2048.
Similarity and loss function: For smooth-Chamfer simi-
larity, we set the scaling parameter ↵ to 16. In Ltri, we use
margin � of 0.1 for convolutional visual feature and 0.2 for
ROI visual feature. We multiply the factor of 0.01 to Ldiv

and Lmmd.
Training: The model is trained with the AdamW opti-
mizer [35]. We construct the input batch with 200 images
and all of their captions. When using ROI visual features,
the model is trained for 80 epochs with the initial learning
rate of 1e-3, which is scheduled with cosine annealing [34].
For the models employing convolutional visual features, we
follow the training setting of previous work [27, 45], which
will be discussed in detail in the supplementary material.

4.3. Comparisons with Other Methods
Results on COCO and Flickr30K are summarized in Ta-

ble 1 and Table 2, respectively. For fair comparisons with
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R1: Picture of an outdoor place 
that is very beautiful.

R1: A festival with people and tents 
outside a clock tower.

R1: A large crowd is attending a 
community fair.

R1: A crowd of people at a festival 
type event in front of a clock tower.

R1: A lot of kids that are having 
some fun.

R1: A boy wearing a helmet near 
skate boarders.

R1: Small children playing with 
bikes on sloped concrete park.

R1: Small children stand near 
bicycles at a skate park.

R1: Some animals that are around 
the grass together.

R1: A giraffe and zebras mingle as 
cars drive out of an animal park.

R1: A giraffe and zebras mingle as 
cars drive out of an animal park.

R1: A giraffe and zebras mingle as 
cars drive out of an animal park.

R1: An individual enjoying itself 
on a sunny day.

R1: A man on a horse on a street 
near people walking.

R1: A man on a horse on a street 
near people walking.

R1: An older man is riding a horse 
down the street.

Figure 4. For each element of the image embedding set, we present its attention map and the caption nearest to the element in the embedding
space. Matching captions are colored in green. Entities corresponding to the attention maps are underlined.

previous work, our method is evaluated under three differ-
ent visual extractors: ResNet-152 [22] pretrained on Im-
ageNet [11], ROI features [1] pre-extracted by Faster R-
CNN [42], and ResNeXt-101 [51] pretrained on the Insta-
gram [36] dataset. For ResNet-152 and ResNeXt-101, in-
put image resolution is set to respectively 224 ⇥ 224 and
512 ⇥ 512, following previous work [27, 45]. For the tex-
tual feature extractor, we use either bi-GRU or BERT. The
ensemble results are obtained by averaging the similarity
scores of two models trained with different random seeds.

Our method outperforms previous methods in terms of
RSUM in every setting except for Flickr30K with ROI vi-
sual features. Even in this setting, ours achieves the second-
best. Note that NAAF, currently the best in this setting, re-
quires two orders of magnitude heavier computations than
ours at inference since it relies on cross-attention, as will
be shown in the next section. The ensemble of ours with
ResNeXt-101 and BERT clearly outperforms all existing
records, improving the previous best RSUM by 7.2%p and
2.0%p on COCO 5K and Flickr30K. Comparisons with
PVSE and PCME demonstrate the superiority of our set-
based embedding framework. Our model outperforms both
of them in every case. Specifically, our model improves
RSUM by 3.3%p on COCO 5K and 10.0%p on Flickr30K,
compared to PVSE. Also, our method shows better results
than models involving cross-attention networks [6, 14, 30],
which impose substantial computation as noted. We finally
emphasize that ours using a single model often outperforms
previous work using ensemble [6, 14, 30, 31].

4.4. Computation Cost Analysis
To demonstrate the efficiency of our model during eval-

uation time, we measure FLOPs required for computing a

similarity score between representations of an image and a
caption. Ours demands 16.4K FLOPs, while SCAN [30],
a representative cross-attention method, requires 1.24M
FLOPs. This result shows that our method demands about
80 times less floating-point operations than SCAN since the
cross-attention requires re-processing of the image or cap-
tion representations for each query. Also, it is worth noting
that our method outperforms SCAN in terms of RSUM, as
shown in Table 1 and 2.

4.5. Analysis of Attention
In Figure 4, attentions from the last aggregation block

in the fV are visualized. Each attention is used to encode
individual elements of the image embedding set. For each
element, its nearest caption in the embedding space is pre-
sented together. Thanks to slot attention, the set prediction
module produces heterogeneous attention maps that focus
on individual objects or contexts, which enable retrieving
diverse captions. In particular, on the top-right, elements
are matched with the captions that describe different se-
mantics (helmet, children, park, and bicycle). Interestingly,
we observed that one of the element slots attends to re-
gions left out after other slots capture distinctive semantics,
which wholly charges for retrieving related but highly ab-
stract captions.

4.6. Ablation Study
We perform ablation studies to investigate the contribu-

tions of the proposed similarity function and set prediction
module, in terms of RSUM and within-set variance. For
all ablation experiments, we use the models employing ROI
visual features on Flickr30K.
Importance of set similarity function: In the left of Ta-
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Similarity Arch. RSUM

MIL Ours 491.7
MP Ours 490.5
Ours (Chamfer) Ours 499.6
Ours (S-Chamfer) PIE-Net 483.3
Ours (S-Chamfer) Ours 500.8

Setting log(Var.) RSUM

PIE-Net -7.35 483.3
Ours \w MP -5.27 490.5
Transformer -2.27 496.1
Ours -2.13 500.8

Table 3. Ablation studies of the proposed similarity function and
set prediction module.

K 1 2 3 4 5 6

RSUM 492.6 495.5 497.4 500.8 498.4 499.3

T 1 2 3 4 5 6

RSUM 492.6 497.8 499.3 500.8 499.4 499.1

↵ 1 2 4 8 16 32 64

RSUM 495.2 497.2 497.7 498.9 500.8 499.3 499.0

Table 4. Impact of hyperparameters for the proposed similarity
function and set prediction module.

ble 3, we ablate the proposed similarity function and replace
it with the MP, MIL, and Chamfer similarity. The results
show that the models trained with smooth-Chamfer similar-
ity surpass those trained with MIL or MP similarity under
the same set prediction architecture. Though Chamfer simi-
larity improves the performance by resolving set collapsing,
smooth-Chamfer similarity further improves performance
by providing dense supervision during training.
Importance of set prediction module: We also ablate the
proposed set prediction module and substitute it with the
PIE-Net, which is the baseline set prediction architecture
of the previous set-based embedding methods, PVSE and
PCME. The results in the left of Table 3 suggest that the
impact of our set prediction module is significant.
Verification of set collapsing: In the right of Table 3, we
report the average circular variance of embedding set. For-
mally, the circular variance of embedding set S is denoted as
1�k

P
x2S x/|S|k2. As discussed earlier, results show that

employing PIE-Net or MP leads to set collapsing. More-
over, we report the result when aggregation block is re-
placed to transformer. This variant results in a 13% lower
variance on a linear scale and inferior performance since it
does not guarantee disentanglement between elements.

4.7. Impact of Hyperparameters
In Table 4, we report the RSUM of the model while vary-

ing the cardinality of embedding sets K, the total number of
iterations T , and the scaling parameter ↵. Results demon-
strate that the model shows consistently high RSUM when
K > 3, T > 2, and ↵ > 4. Specifically, we notice that
when K = 1, which is identical to using a single embed-
ding vector, the model shows significantly lower accuracy
compared to others. It suggests that embedding sets enable
a more accurate retrieval by addressing the semantic ambi-
guity. When T = 1, we observe substantial degradation of
accuracy, which underpins that progressive refinement done

Evaluation
SV(1) SV(2) SV(3) SV(4) RSUM

3 3 3 3 500.8
3 491.1

3 309.6
3 484.9

3 486.0

3 3 3 500.2

Evaluation
ST (1) ST (2) ST (3) ST (4) RSUM

3 3 3 3 500.8
3 481.9

3 483.0
3 481.7

3 497.2

Table 5. RSUM on the Flickr30K dataset when elements of the
SV (left) and ST (right) are ablated during evaluation.

by multiple aggregation blocks helps element slots aggre-
gate semantic entities, as shown in Figure 2.

4.8. Analysis of Embedding Set Elements
For further analysis of the embedding set elements, we

use only one of the elements during the evaluation of the
model. Let S(i) be an element of S produced by the i-th
element slot. Table 5 summarizes the accuracy of the model
in terms of RSUM when elements of SV and ST are ablated
during evaluation. Results present that using only one of the
elements degrades accuracy. Specifically, using only SV(2)
during evaluation leads to far lower accuracy compared to
using the other elements. To check whether SV(2) is just a
noisy element that hinders final performance, we also report
RSUM when only SV(2) is ablated. However, interestingly,
we still observed the degraded accuracy compared to using
a complete embedding set. Though one of the elements of-
ten retrieves non-matching samples, the results demonstrate
that using them together during evaluation helps the model
find accurate matching samples.

We hypothesize that SV(2) is trained to capture highly
ambiguous semantics. Therefore, using them alone during
evaluation leads to less accurate retrievals, while it improves
performance when used together by successfully represent-
ing ambiguous situations and context. A similar tendency
could be observed in Figure 4, where one of the slots often
encodes an element that is located nearby to a related but
highly ambiguous caption in the embedding space.

5. Conclusion
We propose the novel set embedding framework for

cross-modal retrieval, consisting of the set prediction mod-
ule and smooth-Chamfer similarity. The proposed set pre-
diction module outputs an embedding set that successfully
captures ambiguity, while smooth-Chamfer similarity re-
solves undesirable effects of the existing similarity func-
tions. As a result, our model surpasses most of the previous
methods, including methods involving higher computation
costs, on COCO and Flickr30K datasets. We will extend our
model for the different modalities and tasks in the future.
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(NRF-2018R1A5-A1060031–20%, NRF-2021R1A2C3012728–
50%, IITP-2019-0-01906–10%, IITP-2022-0-00290–20%).

23429



References
[1] Peter Anderson, Xiaodong He, Chris Buehler, Damien

Teney, Mark Johnson, Stephen Gould, and Lei Zhang.
Bottom-up and top-down attention for image captioning and
visual question answering. In Proc. IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2018. 6,
7

[2] Jimmy Lei Ba, Jamie Ryan Kiros, and Geoffrey E Hin-
ton. Layer normalization. arXiv preprint arXiv:1607.06450,
2016. 4

[3] Max Bain, Arsha Nagrani, Gül Varol, and Andrew Zisser-
man. Frozen in time: A joint video and image encoder for
end-to-end retrieval. In Proc. IEEE International Conference
on Computer Vision (ICCV), 2021. 1

[4] Michael Chang, Thomas L. Griffiths, and Sergey Levine.
Object representations as fixed points: Training iterative in-
ference algorithms with implicit differentiation. In ICLR
Workshop on Deep Generative Models for Highly Structured
Data, 2022. 3

[5] Gal Chechik, Eugene Ie, Martin Rehn, Samy Bengio, and
Dick Lyon. Large-scale content-based audio retrieval from
text queries. In Proceedings of the 1st ACM international
conference on Multimedia information retrieval, 2008. 1

[6] Hui Chen, Guiguang Ding, Xudong Liu, Zijia Lin, Ji Liu,
and Jungong Han. Imram: Iterative matching with recur-
rent attention memory for cross-modal image-text retrieval.
In Proc. IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 2020. 6, 7

[7] Shizhe Chen, Yida Zhao, Qin Jin, and Qi Wu. Fine-grained
video-text retrieval with hierarchical graph reasoning. In
Proc. IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 2020. 1

[8] Kyunghyun Cho, Bart Van Merriënboer, Caglar Gulcehre,
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