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Abstract

The hubness problem widely exists in high-
dimensional embedding space and is a fundamen-
tal source of error for cross-modal matching tasks.
In this work, we study the emergence of hubs in
Visual Semantic Embeddings (VSE) with applica-
tion to text-image matching. We introduce novel
methods that mitigate hubs during both training
and inference. For training, we analyze the pros
and cons of two widely adopted optimization
objectives and propose a novel hubness-aware
loss function. The loss is self-adaptive in the
sense that it utilizes local statistics to scale up the
weights of “hubs” within a mini-batch. For infer-
ence, we propose a heuristic algorithm that im-
poses hard constraints on the existence of hubs in
the predicted graph. It can be combined with pre-
viously proposed cross-modal retrieval criterion
which together achieve even better performance.
We experiment our methods with various con-
figurations of model architectures and datasets.
Both the loss function and the heuristic algorithm
exhibit surprisingly good robustness and bring
consistent improvement on the task of text-image
matching across all settings. Specifically, we
report results on Flickr30k and MS-COCO
datasets that are above the state-of-the-art.

1 Introduction

The hubness problem is a general phenomenon in
high-dimensional space where a small set of source
vectors, dubbed hubs, appear too frequently in the
neighborhood of target vectors (Radovanovic et al.,
2010). As embedding learning going deeper, it has
been a concern in various contexts including object
classification (Tomasev et al., 2011), image feature
matching (Jegou et al., 2008) in Computer Vision
and word embedding evaluation (Schnabel et al.,
2015; Faruqui et al., 2016), word translation (Dinu
et al., 2015; Lazaridou et al., 2015) in NLP. It is
described as “a new aspect of the dimensionality
curse”’(Bellman, 1961; Schnitzer et al., 2012).

In this work, we study the hubness problem in the
task of text-image matching. In recent years, deep
neural models have gained a significant edge over non-
neural methods in cross-modal matching tasks (Wang
etal., 2016). Text-image matching has been one of the
most popular ones among them. Most deep methods
involve two phases: 1) training: two neural encoders
(one for image and one for text) are learned end-to-
end, mapping texts and images into a joint space,
where items (either texts or images) with similar
meanings are close to each other; 2) inference: for a
query vector in modality A, a nearest neighbor search
is performed to match the query vector against all
item vectors in modality B. As the embedding space is
learned through jointly modeling vision and language,
it is often referred as Visual Semantic Embeddings
(VSE). Recent work on VSE has shown a clear trend
of growing dimensions in order to obtain better em-
bedding quality (Wehrmann, 2018). With embeddings
going deeper, visual semantic hubs increase dramat-
ically. This property is undesired as we firmly know
that a one-to-one mapping exists among text and im-
age points during both training (within a mini-batch)
and inference (within the validation/test set).

However, the hubness problem is not well ad-
dressed by current methods neither in training nor
inference. For training, current VSE models use either
sum-margin (SUM, Eq. (2)) or max-margin (MAX,
Eq. (3)) ranking loss to cluster the positive pairs and
push away the negative pairs. SUM is robust across
various settings but does not utilize information from
hard samples and does not address the hubness prob-
lem at all. MAX excels at mining hard samples and
achieves state-of-the-art on MS-COCO (Faghri et al.,
2018). However, it also does not explicitly consider
the hubness problem, nor does it resist noise well. To
combine robustness with information from hard sam-
ples and hubs, we propose a self-adjustable hubness-
aware loss called HAL. It is inspired by Zelnik-Manor
and Perona who used local statistics to reweight affini-
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ties among two sets of points to automate spectral
clustering. HAL leverages information of hubs to auto-
matically adjust weights of negative samples. It learns
from hard samples and is robust to noise at the same
time by taking multiple samples into account. Specif-
ically, we exploit a sample’s relationship with its k-
nearest neighbor queries within a mini-batch to decide
its weight. The larger a hub is, the more it contributes
to the loss. Through a thorough empirical comparison,
we show that our method outperforms SUM and MAX
loss on various datasets and architectures.

The inference phase of text-image matching mainly
refers to the process of obtaining an actual matching
from the text and image embeddings. Dinu et al.
showed how naive nearest neighbor search (NNS)
is flawed for this need. However, to the best of our
knowledge, it has been the only strategy adopted
by deep text-image matching methods in recent
years. While it receives little attention in text-image
matching, it can be formulated as a well-studied
problem in Combinatorial Optimization (CO): the
assignment problem. And most recently, within
the NLP community, it is extensively studied in the
context of Bilingual Lexicon Induction (BLI) which
aims to produce a one-to-one mapping among two
sets of word vectors. Smith et al. used Inverted
Softmax (IS) to reweight similarity scores leveraging
an item’s distance with all queries. Lample et al.
proposed Cross-modal Local Scaling (CSLS) to
reduce the scores of items that appear frequently in
the neighborhood of multiple queries. Both IS and
CSLs are targeting the cross-modal hubs with soft
criteria. As we do have the strong prior that the final
text-image correspondence is a bipartite matching',
we impose a hard constraint on the predicted graph.
We propose a heuristic algorithm called Relaxed
Greedy Matching (RGM). It is adapted from Greedy
Matching (GM) algorithm proposed by Kollias et al.
but exhibits much better empirical performance by a
small modification which we will explain in detail in
section 3.3.3. We will show in experiments how RGM
can be combined with IS/CSLS and achieve R@ K
scores that are well above the widely used NNS.

The two major contributions of this work are:

e a self-adaptive hubness-aware loss function
(HAL) that achieves the state-of-the-art across
different datasets and model architectures;

e a heuristic algorithm that produces refined

"In CO, a matching in a bipartite graph is a set of edges
chosen in such a way that no two edges share an endpoint. In
our context, it means no item should be the nearest neighbor of
more than one query.

prediction from an embedding similarity matrix
which further advances the state-of-the-art.

2 Related Work

In this section, we introduce works from two fields
which are highly-related to our work: 1) text-image
matching and VSE; 2) tackling the hubness problem
in various contexts.

2.1 Text-image Matching and VSE

Since the dawn of deep learning, works have emerged
using a two-branch architecture to connect language
and vision. In 2010, Weston et al. trained a shallow
neural network to map word-image pairs into a
joint space for image annotation. In 2013, Frome
et al. brought up the term VSE and trained joint
embeddings for sentence-image pairs. Later works
extended VSE for the task of text-image matching
(Hodosh et al., 2013; Kiros et al., 2015; Gong et al.,
2014; Vendrov et al., 2016; Hubert Tsai et al., 2017;
Faghri et al., 2018; Wang et al., 2019), which is also
our task of interest. Notice that text-image matching
is different from generating novel captions for images
(Lebret et al., 2015; Karpathy and Fei-Fei, 2015) but
to retrieve existing descriptive texts or images in a
database.

While many of these works improve model
architectures for training VSE, few have tackled the
shortcomings in learning objectives. Faghri et al.
made the latest attempt to reform the long being used
SUM loss. Their proposed MAX loss is indeed a
much stronger baseline than SUM in most data and
model configurations. But it fails significantly when
the dataset is small or noise is contained. Shekhar
et al.; Shi et al. raised concerns over this issue. They
mainly focused on creating better training data while
we target the training objective itself.

2.2 Tackling the Hubness Problem

We have stated what the hubness problem is in the
introduction. Now we introduce works from 1) Bilin-
gual Lexicon Induction (BLI) and 2) Combinatorial
Optimization that could be used to tackle the problem.

BLI is the task of inducing word translations from
monolingual corpora in two languages (Irvine and
Callison-Burch, 2017). The bilingual word vectors are
usually trained from methods based on Distributional
Semantics like (Mikolov et al., 2013). The word trans-
lation problem thus converts to finding the appropriate
matching among two sets of vectors (which is similar
to our task of interest). Smith et al.; Lample et al.
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proposed to first conduct a direct Procrustes Analysis
and then use criteria that heavily punish hubs during
inference to reduce the hubness problem. Joulin et al.
integrated the inference criterion CSLS from (Lample
et al., 2018) into a least-square loss and trained a
transformation matrix end-to-end. Though this work
has a similar philosophy to ours, it is specifically
designed for BLI and only trains one linear layer over
two sets of word vectors. When CSLS is appended
to a triplet loss like ours, it is merely a resampling of
hard samples, making it non-special in terms of both
form and intuition.

As mentioned in the introduction, the inference
phase of text-image matching can also be formulated
as an assignment problem. We can completely elim-
inate the existence of hubs by solving the matching
problem this way as all queries would be matched
to a fixed number of items (and vice versa). Kuhn
proposed the famous Hungarian algorithm for produc-
ing maximum weight matching in the 1950s. Murty
extended the idea to the k-best assignment algorithm
to obtain a list of k-best candidates for all queries
(so a ranking is accessible). However, (Kuhn, 1955;
Murty, 1968) run in O(n?) and are thus inapplicable
for large scale embeddings. Our method (RGM) is
modified from a recent heuristic algorithm proposed
by Kollias et al. and is capable of real-time inference.

3 Method

We first introduce the basic formulation of VSE model
in section 3.1. In section 3.2 and 3.3, we review sev-
eral existing methods that we will compare to and also
combine with; then propose our intended methods
for training and inference respectively. In the end, we
state the tools used for measuring hubs in section 3.4.

3.1 Basic Formulation

The bidirectional text-image matching framework
consists of a text encoder and an image encoder. The
text encoder is composed of word embeddings, a
GRU (Chung et al., 2014) (or other sequential models)
layer and a temporal pooling layer. The image
encoder is usually a deep CNN and a linear layer. We
use ResNet152 (He et al., 2016), Inception-ResNet-v2
(IRv2) (Szegedy et al., 2017) and VGG19 (Simonyan
and Zisserman, 2014) pre-trained on ImageNet (Deng
et al.,, 2009) in our models. We denote them as
functions f and g, which map text and image to some
vectors of size d respectively.

For a text-image pair (t,i), the similarity of ¢ and 7

is measured by cosine of their normalized encodings:

S(if)— f@&)  90() \ L4 pd
(i) <||f(t)|!2’|!g(i)llz>'R R D

During training, a margin based triplet ranking loss
is adopted to cluster positive pairs and push negative
pairs away from each other. There are mainly two
prevalent choices which are SUM and MAX. We
introduce them in the next section along with our
newly proposed loss HAL.

3.2 Training Objectives

In section 3.2.1 and 3.2.2 we restate the two popular
loss functions that have been adopted for training VSE
and analyze their pros and cons. In section 3.2.3 we
introduce our proposed Hubness-Aware Loss (HAL).

3.2.1 Sum-margin Loss (SUM)

SUM has been used for training VSE since the start
of this line of work (Frome et al., 2013; Kiros et al.,
2015). Its early form can be found in (Weston et al.,
2010) which was used for training joint word-image
embeddings. SUM is defined as:

moinz > fa—s(it)+s(ib)]

i€l teT\{t}

+Z Z [a—s(t,i)+s(t)]+,

teTiel\{i}

2)

where [-]+ = max(0,); « is a preset margin; 7" and
I are all text and image encodings in a mini-batch;
t is the descriptive text for image ¢ and vice versa;
t denotes non-descriptive texts for 7 while 7 denotes
non-descriptive images for ¢.

3.2.2 Max-margin Loss (MAX)

Faghri et al. proposed MAX fairly recently (2018).
Though MAX was not used in the context of VSE be-
fore, it was thoroughly exploited in other embedding
learning tasks (Wu et al., 2017). MAX differs from
SUM by considering only the hardest negative sample
within the mini-batch (instead of summing over all
margins).

. iR (i
Hgnidzg%%}[a s(it)+s(it)] +

- 3)
+»  max [a—s(ti)+s(t))4,
teTzGI\{z}

Pseudo hardest negatives. The existence of
pseudo hardest negative in training data is a major
problem for MAX. During training, as only the
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hardest sample in a mini-batch is considered, if
that sample happens to be incorrectly labeled or
inaccurate, misleading gradients would be imposed
on the network. Notice that SUM eases such noise
in labels by taking all samples in a mini-batch into
account. When a small set of samples are with false
labels, their false gradients would be canceled out
by other correct negatives within the mini-batch,
preventing the model from an optimization failure
or overfitting to incorrect labels. That being said,
SuUM fails to make use of hard samples and does not
address the hubness problem at all. It thus performs
poorly on a well-labeled dataset like MS-COCO.

3.2.3 The Hubness-Aware Loss (HAL)

On the one hand, we desire a certain degree of
robustness through considering multiple samples; on
the other hand, we wish the samples being considered
are hard enough - so that the training is effective.
We tackle this problem leveraging information from
visual semantic hubs. Inspired by Zelnik-Manor
and Perona, we propose a self-adaptive loss that
reweights samples within a mini-batch according to
local statistics. More specifically, HAL assigns more
weights to negatives which appear to be hubs (being
close neighbors to multiple queries).

We define a function kNN(x,M.k) to return the k
closest points (measured by /s distance) in point set
M to z and HAL can be formulated as:

s(i,t)

s(4,t)
S (i) =s(i,p)-emieri Tl P o T (4)

where K7 =kNN(¢,T\{t},k), K2 =kNN(t,I\{i},k).
Then we normally apply SUM on the similarity
matrix reweighted by Eq. (2). Though the default
configuration of HAL is Eq. (4)+(2), MAX could also
be combined by switching Eq. (2) to Eq. (3).

HAL vs MAX. As pointed out by Lazaridou
et al., MAX actually implicitly mitigates the hubness
problem by targeting the hardest sample only. A hub,
by definition, is a close (potentially nearest) neighbor
to multiple queries and would thus be punished
by MAX for multiple times (in different batches).
Lazaridou et al.’s experiments also verified such
theory empirically. However, it is a risky choice as
the hardest sample within a mini-batch can easily be
a pseudo hardest negative as analyzed in section 3.2.2.
As we would show in experiments, HAL prevails in
a broader range of data and model configurations. In
some specific circumstances where both training data
and encoders are of ideal quality, we could combine
MAX with HAL to reach optimal performance.

Also, HAL is essentially leveraging more infor-
mation than MAX. SUM considers the anchor’s
relation with the positive and all negatives; MAX
goes one step further to also exploit relations among
the negatives; HAL digs into negatives’ relations
with other queries (besides the anchor) to decide the
importance of negatives.

3.3 Inference Objectives

The standard procedure for text-image matching
inference is a naive nearest neighbor search (NNS).
This, however, easily leads to severe hubness problem
as suggested by Dinu et al.; Lazaridou et al.. We
thus leverage the prior that “one item should not be
a close neighbor to foo many queries” to improve
the predicted matching. In the following, we will
introduce a class of cross-modal matching algorithms
that punish the existence of hubs during inference. In
section 3.3.1 and 3.3.2 we briefly introduce two soft
criteria: IS and CSLS proposed by Smith et al. and
Lample et al. for the task of BLI (however have never
been used for text-image matching). In section 3.3.3,
we explain our proposed Relaxed Greedy Matching
(RGM) that post-processes a similarity matrix and
produces a refined matching.

3.3.1 Inverted Softmax (IS)
Is estimates the confidence of a prediction ¢ — ¢ not

by similarity score s(i,t), but the score reweighted
by ’s similarity with other queries:
ePs(irt)
Ziel\{i}e’g s(@)
where £ is a temperature. Intuitively, it scales down
the similarity if ¢ is also very close to other queries.

s (it)= o)

3.3.2 Cross-modal Local Scaling (CSLS)

CSLS aims to decrease a query vector’s similarity
to item vectors lying in dense areas while increase
similarity to isolated? item vectors. Specifically, we
update the similarity scores with the formulas:

s’(i,t)zQs(i,t)—% S s(int);

weKy

s’(i,t)zQs(i,t)—% S (i)

t,€Ko

(6)

where K1 =kNN(¢,1,k) and Ko =kNN(7,T'k); first
and second line are for text—image and image—>text
inference respectively.

’Dense and isolated are in terms of query.
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3.3.3 Relaxed Greedy Matching (RGM)

Kollias et al. proposed a heuristic algorithm called
Greedy Matching (GM) for producing a one-to-one
mapping from a similarity matrix. It is a simple itera-
tive approach: 1) sort elements in a similarity matrix
S; 2) the highest score s(i,7) is located, the pairing
(i,7) is recorded and scores involving either index ¢
or j are deleted; 3) repeat step 2) until one of the two
sets gets all its points paired.

Notice that their approach only produces one single
matching instead of a k-best matching set which
can be used to calculate R@*k scores. We extend it
to a generalized form by allowing one index to be
recorded for k times. And instead of constraining each
index to be matched for & times only, we associate
k with a relaxation factor A. So that a total number
of Ak times of records are allowed for producing
a k-best matching®. We thus call our algorithm
Relaxed Greedy Matching (RGM). Essentially, RGM
is compulsively limiting the size of hubs. Notice
that when A — oo, RGM is equivalent to NNS as
no constraint is imposed anymore. We will show
in experiments that GM actually harms inference
performance in most cases. But RGM, instead, can
improve it by allowing the existence of “small” hubs.

RGM runs in O(n?logn). While RGM can do
real-time inference for a test set of size 5,000 or
25,000, exact matching algorithms like Hungarian
(Kuhn, 1955) and Murty’s (Murty, 1968) which run
in O(n?®) couldn’t. In fact, they are hundreds and
thousands of times slower when applied on problems
of this scale: when n = 5,000, @ ~ H87; when
n=25,000, = ~=2,469.

> logn
34 Measuring Hubness

As our methods stress the idea of mitigating the
hubness problem in VSE, we desire certain quanti-
tative tools to actually measure the degree of hubness
(before and after applying our methods).

We use similar tools as Radovanovic et al.; Zhang
et al.. Suppose there are two sets of points 7', 1. For
some t € T, N describes the frequency of sample
t being a top-k neighbour over all points in . Let Ny
be the distribution of Ng(-). Then the skewness of
Ny, characterizes the existence of “popular” neighbors
in I for points in 7’ (if the hubness problem is severe,
Ny, skews to the right). Formally, skewness of Ny,
can be formulated as

>y (Ni(i)—E[Ng])? ‘

skew(Nk): 3
n-Var[ N2

@)

3 A listing of pseudocode of RGM can be found in appendices.

In experiments, we include this indicator for all
models trained and investigate its relation to other
metrics. We also plot the change of distribution NV,
to intuitively show how visual semantic hubs are
affected by our proposed methods.

4 Experiments

We list our experimental setups in section 4.1. Then
we compare and analyze training objectives in
section 4.2 and inference objectives in section 4.3.

4.1 Experimental Setups

Dataset. We use MS-COCO (Lin et al., 2014) and
Flickr30k (Young et al., 2014) as our experimental
datasets. For MS-COCO, there have been several dif-
ferent splitting protocols being used in the community.
We use the same split as (Karpathy and Fei-Fei, 2015):
113,287 images for training, 5,000 for validation
and 5,000 for testing®. During testing, scores are
computed as the average of 5 folds of 1k images. As
many of the previous works report test results on a 1k
test set (a subset of the 5k one), we would experiment
with both protocols. We refer to the 1k test set as cl
and the 5k test set as c2. Flickr30k has 30,000 images
for training; 1,000 for validation; 1,000 for testing.

Evaluation metrics. We use R@Ks (recall at
K), Med r, Mean r, rsum and hs-sum to evaluate
the results. R@K: the ratio of “# of queries that
the ground-truth item is ranked in top K to “total
# of queries” (we use K € {1,5,10}); Med r: the
median of the ground-truth ranking; Mean r: the
mean of the ground-truth ranking; rsum: the sum of
R@{1,5,10} for both text—image and image—text;
hs-sum: the sum of skew(NVy) where k= {1,5,10}
for both text—image and image—text. R@K's and
rsum are the higher the better while Med r, Mean
r and hs-sum are the lower the better. We compute
all metrics for both text—image and image—text
retrieval. During training, we follow the convention
of taking the model with the maximum rsum on
validation set as the best model for testing.

Model, training and inference details. We use
300-d word embeddings and 1024 internal states
for GRU text encoder (all randomly initialized with
Xavier init. (Glorot and Bengio, 2010)); all image en-
codings are obtained from image encoders pre-trained
on ImageNet (for fair comparison, we don’t finetune
any image encoders); d = 1024 for both text and im-
age embeddings; margin ov=0.2 for all loss functions.

Note that 1 image in MS-COCO and Flickr30k has 5
captions, so 5 text-image pairs are used for every image.
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Table 1: Quantitative results on Flickr30k (Young et al., 2014).

#  architecture loss image—>text

text—image

R@1 R@5 R@10 Medr

Meanr R@1 R@5 R@10 Medr Meanr rsum hs-sum

1.1 SuM 300 596 67.7 4.0

34.7 228 494 61.4 6.0 47.5 2910  10.77

1.2 GRU+VGG19 MAX 301 563 67.9 4.0 30.5 213 471 58.7 6.0 402 2814 10.83
1.3 HAaL 323 610 71.7 3.0 29.2 248 506 62.8 5.0 389 3032 9.03
1.4 SuM 293 561 68.0 4.0 25.6 227 495 62.0 6.0 347 2877 13.26

4
5 Oder(VGGI9ourshy v 39 514 63 50
16 (Vendrovetal,2016) 302 586 704 3.0

33.6 193 456 57.5 7.0 371 2599 2208
270 231 508 62.0 5.0 367 2951 1798

Table 2: Quantitative results on MS-COCO (Lin et al., 2014). First three blocks (line 2.1-2.12) are using protocol 2 (5k test set);
last block (line 2.13-2.23) is using c1 (1k test set) in convenience of comparing with results reported in previous works.

# architecture loss image— text text—image

R@1 R@5 R@10 Medr Meanr R@1 R@5 R@10 Medr Meanr rsum hs-sum
2.1 SuM 469 797 89.5 20 59 370 731 853 2.0 11.1 411.5 15.73
22 GRU+VGG19 MAX 51.8 82.1 90.5 1.0 5.1 390 739 84.7 2.0 120 4219 1454
2.3 HAL 513 822 91.0 1.0 438 389 747 86.4 2.0 8.1 4245 13.64
24 Max+HAL 520 818 90.5 1.0 53 391 734 84.6 2.0 9.8 4215 13.70
2.5 SuM 509 827 922 1.4 4.1 395 758 872 2.0 94 428.3 16.04
2.6 GRU+IRV2 Max 570 862 93.8 1.0 35 433 779 87.9 2.0 8.6 4460  13.87
2.7 HaL 54.5 85.1 93.1 1.0 3.8 424 712 88.2 2.0 74 4405  14.89
2.8 MAX+HAL 586 872 94.2 1.0 34 43 783 88.2 2.0 7.5 4509 13.86
29 SuM 532 850 93.0 1.0 39 419 712 88.0 2.0 8.7 4383 1515
2.10 GRU+ResNet152 Max 58.7 88.2 94.8 1.0 32 450 789 88.6 2.0 8.6 4542 1336
2.11 HAL 58.1 87.6 94.5 1.0 33 44.1 79.1 89.0 2.0 6.9 4524 1257
2.12 MAX+HAL 619 888 952 1.0 3.0 464 790 889 2.0 7.6 4602 1242
213 (Kiros et al., 2015) (ours) 499 794 90.1 20 52 373 743 859 2.0 10.8 416.8
2.14  (Vendrov et al., 2016) 46.7 - 88.9 20 5.7 379 - 85.9 2.0 8.1 -
2.15 (Huangetal., 2017) 532 831 915 1.0 - 40.7 758 874 2.0 - 431.8
2.16 (Liuetal.,2017) 564 853 915 - - 439 781 88.6 - - 4438
2.17  (Youetal., 2018) 56.3 84.4 92.2 1.0 - 457 812 90.6 2.0 - 450.4
2.18  (Wehrmann, 2018) (d=1024) 57.8 879 95.6 1.0 33 442 804 90.7 2.0 54 456.6
2.19  (Faghriet al., 2018) 583 86.1 933 1.0 - 436 716 87.8 2.0 - 446.7
220  (Faghri et al., 2018) (ours) 60.5 89.6 94.9 1.0 3.1 46.1 79.5 88.7 2.0 85 459.3
221 GRU+ResNet152, HAL 596 904 963 1.0 3.0 470 809 907 2.0 64 4649
222 GRU+ResNetl152, MAX+HAL 62.5 89.9 96.0 1.0 3.0 474 810 89.6 2.0 6.2 466.4

223 GRU+ResNet152, MAX+HAL k=1) 642  90.3 97.0 1.0

2.6 484  80.6 89.7 2.0 72 470.2

During training, we start with a learning rate of
0.001 and decay it by 10 times after every 10 epochs.
Except that for all that use MAX, we follow the
original configuration proposed by Faghri et al. and
start with a learning rate of 0.0002, decaying it by 10
every 15 epochs. We train all models for 30 epochs
with a batch size of 128. All models are optimized
using an Adam optimizer (Kingma and Ba, 2015).

For inference during testing, we use =30 for Is;
k=10 for CsLS across all models. For RGM we use
the \s that maximize R@ K scores on validation set.

4.2 Comparison of Training Objectives

Comparing HAL, SUM and MAX. Table 1 and
2 present our quantitative results on Flickr30k and
MS-COCO respectively®. On Flickr30k, we exper-
iment two models and HAL achieves significantly
better performance than MAX and SUM on both. On
MS-COCO c2, HAL beats SUM but is slightly worse

To make the comparison fair, all results in this section are
using naive nearest neighbor search (NNS) for inference. We
discuss better methods for inference in section 3.3.

than MAX. Though MAX is very competitive on
MS-COCO, it fails badly on Flickr30k. This serves
as an evidence of MAX easily overfitting to small
datasets. Faghri et al. showed that data augmentation
techniques like random crop applied on input images
can improve MAX’s performance over small datasets.

But notice that HAL can actually be combined
with MAX by first modifying the scoring matrix then
choosing only the hardest sample. The hardest sample
would still self-adjust its scale according to the density
of its neighborhood. Though there would be no dif-
ference of scales within a mini-batch, HAL enforces
an order to scales of hardest samples among different
batches. Relatively easier hardest samples result in
smaller gradients than those harder hardest samples.
The combined loss MAX+HAL achieves better perfor-
mance than both MAX and HAL. However, this com-
bination might not always work, especially on noisy or
small datasets where the base loss MAX is flawed by
its nature. On the contrary, HAL is likely to maintain
its good performance regardless of the data distribu-
tion and should be the loss of choice in most settings.
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The impact of k£ in HAL. HAL has one hy-
perparameter k£, which characterizes the scope of
neighborhood being considered for local statistics.
HAL achieves comparable results regardless of the
choice of k as suggested in Figure 1. We experiment
GRU+VGG19 on Flickr30k with different loss
functions. And we plot rsum against k£ ranging
from 1 to 10: HAL is noticeably better than the two
baselines all the time. We choose k£ = 3 (which is
the best among all) for all other experiments if not
explicitly mentioned.

300 /\\—\//‘
205

285 —e— HAL
-=- SUM
=== MAX .

Figure 1: Plotting two baselines and HAL’s rsum against k
ranging from 1 to 10. All loss functions are using GRU+VGG19
as the base model and are trained & tested on Flickr30k.

HAL vs. State-of-the-art. Table 2 line 2.13-2.23
list quantitative results of both our proposed methods
(2.21-2.23) and numbers reported in previous
works (2.13-2.20). Though we only use routine
encoder architectures (GRU and ResNet152), with
HAL/MAX+HAL, our model reaches much better
rsum than the ones reported before. On this
specific configuration, as the dataset is clean and
image embeddings (obtained from ResNetl152)
are of high quality, we are safe to provide more
precise supervision to the model - by setting HAL’s
hyperparameter k£ to 1 (only consider the top-1
neighbor when deciding weight of a negative sample),
the model on line 2.23 reaches to a rsum of 470.2.

Hub’s relation to performance. HAL exploits the
information from hubs to reweight negative samples
and it achieves outstanding empirical performance.
But metrics regularly used for text-image matching do
not tell what exactly happens to hubs. In Table 1 and
2, we list a new metric hs-sum, which characterizes
the existence of hubs as described in both the method
and evaluation metric section. Higher hs-sum means
more severe hubness problem in embeddings. The
tables show that except line 1.4-1.6, all embeddings
trained with HAL/MAX+HAL have lower hs-sum
than the ones trained with SUM/MAX. And there
is also strong inverse correlation between rsum and
hs-sum, suggesting that better embeddings do have
less hubness problem. We plot an embedding’s [V}

distribution (text—image) in Figure 2 as an example.
It is quite clear that HAL successfully regularizes the
“outlier”’s (large hubs) and the tail is pulled back to
the left comparing to SUM and MAX.

® X sum
10 @ &
&
15 &
&
S 20 ]
By
3.5 %@
a0 TR
is 4+ X K

00 02 04 06 ¥
10g10(N1)

Figure 2: Comparing the N; distributions (text—image) of
embeddings obtained from model line 2.1-2.3 (/N defined in
section 3.4). We take log,, of both N7 and p(IN:) for better
visualization effect. All are using test set MS-COCO c2.

4.3 Comparison of Inference Objectives

Table 3: Comparing inference methods on models from Table 1
line 1.3 and Table 2 line 2.1, 2.12. All are using MS-COCO c2.

# model & dataset inference rsum
4.1 NNs 3032
42 GM 298.8
13  GRU+VGGI9 RoM 071
4ad g Is 3082
45 (nife 13) CsLs 307.3
46 : Is+RGM 308.5
47 CSLS+RGM  309.6
48 NNs 4115
49 GM 4112
410 SRU+VGGI9 RGM 4159
411 WM Is 4222
4.12 x:éczci)co CsLs 4276
4.13 ’ Is+RGM 4242
4.14 CSLS+RGM 429.1
4.15 NNS 460.2
416 GRUsResNet1s2 M 4556
417 RGM 462.0
MAX+HAL
418 Is 4712
MS-COCO
419 (ine212) CsLS 4720
420 ’ Is+RGM a2
421 CsLS+RGM 472.0

Comparing and combining RGM, IS and CSLS.
We first quantitatively compare NNS, GM (Kollias
etal., 2012), RGM, IS(Smith et al., 2017), CSLS (Lam-
ple et al., 2018) and also RGM+IS/CSLS in Table 3.
We pick three embeddings of MS-COCO ¢2 (Table 1
line 1.3 and Table 2 line 2.1, 2.12) trained in section
4.2 for this comparison. When used alone, RGM gen-
erally performs worse than IS and CSLS. On model
line 1.3, RGM and CSLS are comparable (~307)
while IS is slightly better (~308). On model line 2.1
and 2.12, IS and CSLS beat RGM by a large margin.
However, RGM can be integrated with IS/CSLS

"We only report rsum here. But full table with all R@Ks
can be found in appendices Table 4.
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as a post-processing procedure and refines their
results. RGM advances the best results from IS/CSLS
further (+~2) across all three models. The combined
methods improve rsum by 6.4,17.6,12.0 comparing
to NNS. We also include GM in comparison. As
suggested in the table, eliminating hubs actually
harms inference performance (—4.3, —0.3, —4.6
comparing to NNS). We will further discuss how size
of hubs affects empirical results in section 4.3.

10g10(20)

~1.04x » % ¥xx X NNS
X x & X %X X IS
-15 % XX X CSLS
X
-2.0 ¥
% S
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z -2.5 X%
z X %
=1 X Q %
2 -3.04X %
2 X % 5&
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Figure 3: Comparing different inference methods’ Nig
distributions (text—image) (/N defined in section 3.4).
Using model in Table 2 line 2.1. All embeddings
produced on MS-COCO ¢2 test set. Notice that on the
second figure, with RGM (A = 2), all hubs are rigidly
regularized to to be as small as log;20.

To demonstrate how different inference methods
have affected the existence of hubs more intuitively,
we plot the Njq distributions for all methods listed
in Table 3 as an example. The results are in Figure 3.
Again, large hubs (characterized by k = 10) exist in
the form of “long tail” trailing to the right of the main
body. The more hubness there is, the more the graph
skews to the right. The first figure shows that IS and
CsLS successfully pull the long tail backward. The
second figure shows that our proposed RGM “clips”
the long tails compulsively. Specifically, in this figure,
the size of hubs is limited to be <log;,20. Through
this plotting, we can also qualitatively tell why RGM
barely improves a high-quality model like line 4.20,
4.21: when IS and CSLS have already made tail retract
enough, there is little room for RGM to function.

Small hubs improve performance. The intuition

for introducing a relaxed GM is, empirically speaking,
tolerance of small hubs might in reverse raise R@ Ks.
This might be a bit counter-intuitive as we thought all
hubs are harmful. But tolerating small hubs actually
makes the algorithm more robust, especially when
an item is quite certain a query should be in its
neighborhood but uncertain its exact ranking. We
notice a clear trend in Figure 4 that the R@10s first
increase as relaxation factor A grows, then decrease
after a certain point and finally converge with the
unconstrained versions’, which is equivalent to not
having RGM at all. RGM estimates a suitable A\ on
validation set and takes advantage of the performance
boost from having small hubs.

73.50

73.25

73.00

72.75
—— CSLS+RGM

72.50

age to text - R@10

mage
58
g8
s

7175

71.50

1.0 12 14 16 18 20 22 24 26
lambda (RGM)

Figure 4: Comparing multiple inference methods com-
bined with RGM. R@10 (image—text) against & ranging
from 1 to 10 is plotted. Using model in Table 1 line 1.3.

5 Conclusion

We introduce novel tools for mitigating visual
semantic hubs in both training and inference phase
of text-image matching. For training, we propose a
self-adaptive loss (HAL) that leverages information
of hubs, giving considerations to both robustness
and hard negative mining. For inference, we propose
the Relaxed Greedy Matching algorithm (RGM)
which can be combined with existing cross-modal
mapping criteria that punish hubs. Both methods are
comparable or better than the state-of-the-art across
different datasets and model architectures. Despite
empirical results, we also offer insights on how the
existence of hubs has affected models’ performance.
Though our methods have only experimented on the
task of text-image matching, they can be presumably
applied on all cross-modal matching tasks.
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1000 A Appendices 1050
1051
:28; The appendices include pseudocode of RGM and the 1052
1003 full version of Table 3. 1053
1004 Algorithm 1 Relaxed Greedy Matching (RGM) 1054
1005 Input: X: similarity matrix; k: size of neighborhood 1055
1006 considered for computing R@*F; A: relaxation 1056
1007 coefficient 1057
1008 Output: a stack S that records all matchings 1058
1009 1: a,b< shape of X 1059
1010 22 N<axb 1060
1011 3 M+ min(a,b) 1061
1012 4: R, < azero vector of size m 1062
1013 5. (', < a zero vector of size n 1063
1014 6: S < stack() // an empty stack 1064
1015 7. ¢ < flatten(X) / matrix to a list of 1065
1016 elements 1066
1017 8: iz < argsort(x) // indices of x being sorted 1067
1018 in descent order 1068
1019 9: id<—0 1069
1020 10: matched <0 1070
1021 11: while matched <M x k do 1071
1092 12: i<—ixlid] divn 1072
1023 13: j<—iz[id) mod n 1073
102 14 if R,[i] < k and C,[j] < round(\ x k) 1074
1025 then 1075
1026 15: S.push([i,j]) 1076
16: R, [i] < Ry [i]+1 -

1027 17: Cyulj)+Cylj]+1
1028 18: matched < matched+1 1078
1029 19: end if 1079
1030 20: id<—id+1 1080
1031 21: end while 1081
1032 2. return S 1082
1033 1083
1034 1084
1035 1085
1036 1086
1037 1087
1038 1088
1039 1089
1040 1090
1041 1091
1042 1092
1043 1093
1044 1094
1045 1095
1046 1096
1047 1097
1048 1098
1049 1099
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Table 4: Comparing various inference methods on models from Table 1 line 1.3 and Table 2 line 2.1, 2.12 (full table).
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# model & dataset Inference image—text text—image

R@l R@5 R@I0 R@l R@5 R@I0 rsum
4.1 NNS 23 610 717 248 506 628 3032
42 GMm 293 606 719 242 505 623 2988
43 gﬁf*VGGlg RGM 333 622 728 249 508 631 3071
44 peraok Is 339 621 723 249 516 634 3082
45 (e 13) CsLs 39 614 721 253 515 630 3073
46 : Is+RGM 337 624 732 249 510 633 3085
47 CsLs+RGM 343 624 727 253 516 633 3096
48 NNS 469 797 895 370 731 853 4115
49 GM 444 816 894 372 733 83 4112
410 JRHVOOD RGM 480 810 906 372 736 855 4159
a1 pfoco Is 532 822 909 384 732 842 4222
412 en CsLs 523 828 910 404 750 861 4276
413 g Is+RGM 532 822 911 386 738 853 4242
4.14 CsLs+RGM 528 830 914 404 752 863 4291
4.15 NNS 619 888 952 464 790 889 4602
4.16 GMm 565 896 950 467 792 886 4556
4.17 fﬁgﬁfgeﬂsz RGM 627 891 954 464 794 890 4620
418 1187 Coc0 Is 670 909 960 475 803 896 4712
419 Lo CsLs 656 908 959 486 812 899 4720
420 g Is+RGM 671 911 960 478 806 896 4722
421 CsLs+RGM 659 907 959 487  S8L1 897 4720

12

1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173
1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187
1188
1189
1190
1191
1192
1193
1194
1195
1196
1197
1198
1199



