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ABSTRACT

The cross-modal person re-identification (ReID) aims to retrieve

one person from one modality to the other single modality, such as

text-based and sketch-based ReID tasks. However, for these differ-

ent modalities of describing a person, combining multiple aspects

can obviously make full use of complementary information and im-

prove the identification performance. Therefore, to explore how to

comprehensively consider multi-modal information, we advance a

novel multi-modal person re-identification task, which utilizes both

text and sketch as a descriptive query to retrieve desired images.

In fact, the textual description and the visual description are un-

derstood together to retrieve the person in the database to be more

aligned with real-world scenarios, which is promising but seldom

considered. Besides, based on an existing sketch-based ReID dataset,

we construct a new dataset, TriReID, to support this challenging

task in a semi-automated way. Particularly, we implement an image

captioning model under the active learning paradigm to generate

sentences suitable for ReID, in which the quality scores of the three

levels are customized. Moreover, we propose a novel framework

named Descriptive Fusion Model (DFM) to solve the multi-modal

ReID issue. Specifically, we first develop a flexible descriptive em-

bedding function to fuse the text and sketch modalities. Further, the

fused descriptive semantic feature is jointly optimized under the

generative adversarial paradigm to mitigate the cross-modal seman-

tic gap. Extensive experiments on the TriReID dataset demonstrate

the effectiveness and rationality of our proposed solution.
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1 INTRODUCTION

With the flourishing of intelligent video surveillance equipment

and its wide application in criminal investigation, how to quickly

and accurately perform person re-identification (ReID) from mas-

sive cross-camera videos has been a key research question in both

academia and industry. To overcome the limitation of the traditional

image-to-image ReID method that is only suitable for retrieving the

same person from the RGB images across different cameras [11, 42],

the task of cross-modal person re-identification is proposed to solve

more complex scenarios [8, 31]. Among them, verbal texts and draw-

ing sketches are the most commonways to describe a person, which

is very convenient for practical applications such as searching for

criminal suspects [36, 37]. Unfortunately, the advantages of text

and sketch are not fully exploited.

The text-based ReID taskmainly solves themodality gap between

language and vision. However, how to bridge the gap between the

abstract text and the concrete visual image is still a tricky issue [2, 4].

Moreover, for the sketch-based ReID task, sketch and image are

both visual semantic expressions, but the sketch is drawn with the

help of text that only contains texture information and is limited by

the lack of information such as color, posture and other information

[21]. In fact, the two descriptive modalities of text and sketch are

complementary [26]. The sketch is a visual representation like a

RGB image, which has more concrete information than abstract

text. Meanwhile, the text has the ability to bring more details such
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This man is wearing a white T shirt.
He is carrying a single shoulder bag.

Query

This man is wearing a
white T shirt and carrying
a single shoulder bag.

This man looks
like that ......

Query

Query

Retrieval

Retrieval

Retrieval

Drawing

Figure 1: Examples of the retrieval query in the text-only

ReID, sketch-only ReID and our multi-modal ReID. The tex-

tual description is expert in describing the appearance, while

the sketch description conveys the details.

as gestures than the sketch. Therefore, how to combine the two

descriptive information of sketch and text is worth investigating.

As revealed in Figure 1, there is a comparison for the cross-

modal ReID methods based on the text-only query, sketch-only

query, and multi-modal query, where red boxes represent negative

images and green boxes indicate positive results. The text-only

query in Figure 1 (a) contains detailed descriptions, such as “white",

“single-shoulder bag", etc., but the retrieval result performs poorly

due to the large semantic gap between textual and visual content.

And as shown in Figure 1 (b), the sketch-only query is closer to

the visual expression of RGB images to be retrieved, which has

insufficient accuracy without detailed information. Therefore, we

define a new multi-modal ReID task, which simultaneously utilizes

text and sketch as a descriptive query to retrieve desired images.

In Figure 1 (c), this multi-modal ReID solution shows excellent

performance.

Although both text and sketch modalities are so important, the

multi-modal person ReID task can not be carried out smoothly

due to the lack of relevant datasets. Thus, to fill the vacuum of the

dataset, we particularly construct a new dataset (TriReID) in the

form of triplet, <text, sketch, RGB>, from an existing sketch-based

dataset PKU [21]. Specifically, given a RGB image, we implement an

image captioning model under the active learning paradigm to gen-

erate sentences suitable for ReID, in which the quality scores from

three aspects are customized, i.e. fluency score, matching score, and

diversity score. Moreover, we propose a novel framework named

Descriptive Fusion Model (DFM) to investigate the multi-modal

ReID comprehensively. In a detailed and exact way, we develop a

flexible descriptive embedding module to fuse the text and sketch

modalities as descriptive information. Thereafter, the descriptive

feature and visual information are optimized for retrieval under

the generative adversarial paradigm. Finally, the trained model is

applied for person retrieval. By conducting experiments on the

multi-modal person ReID dataset, we have explained the dominant

position of our proposed DFM on overall performance comparison,

ablation study, and micro-scope investigation.

The main contributions of this work are fourfold:

• To the best of our knowledge, this is the first work that

considers two descriptive modalities as the query for multi-

modal ReID, which fully explores the complementary seman-

tics of text and sketch.

• We have collected a dataset to fill the vacuum of multi-modal

ReID, which contains three modality information of textual

description, drawing sketches, and RGB images about a same

person.

• We contributed a DFM framework, which can integrate the

descriptive modalities of text and sketch, and trained against

each other with visual features to enhance the semantic

understanding.

• Extensive experiments are performed to validate the effec-

tiveness of our proposed DFM framework. Meanwhile, we

release our source codes and dataset (The new dataset con-

sists of the triplet <text, sketch, RGB>, the authors have only

rights to release the textual description, please refer to the

PKU Sketch ReID dataset[21] for the sketch and RGB images

details.) to facilitate the research community1.

2 RELATED WORK

In this paper, there are mainly two tasks that are tightly relevant:

cross-modal person ReID and cross-modal retrieval. In this section,

we will concisely introduce the related literature of these two parts.

2.1 Cross-Modal Person ReID

Existing methods of cross-modal person ReID can be classified into

four categories: low resolution-based [20], infrared-based [5], text-

based [36], and sketch-based [35] person ReID, which retrieve a

person in one modality from the other modality. Li et al. [17] first

studied the text-based cross-modal person ReID and proposed a

method based on recurrent neural network and threshold neural

attention mechanism. Li et al. [16] proposed to learn cross-modal

embedding features and used a recurrent attention mechanism

to refine the matching results. Liu et al. [19] introduced a graph

attention convolutional network to learn the text and RGB image

features, and adopted generative adversarial network to distinguish

the two. Pang et al. [21] first proposed a cross-modal framework

by adopting adversarial feature learning, in which the first ReID

dataset containing sketch image is presented. Zhu et al.[45] adopted

a Deep Surroundings-person Separation Learning (DSSL) model to

effectively extract and match person information, and hence realize

a higher retrieval accuracy.

Unfortunately, the advantages of text and sketch are not fully ex-

ploited. These works rarely consider the complementarity between

text and sketch, resulting in sub-optimal performance. Therefore,

how to take full advantage of both representation learning results

from visual and descriptive information is worth investigating.

1https://icmr-2022.wixsite.com/trireid
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Figure 2: The process of automatic dataset construction for

Multi-modal ReID task.

2.2 Cross-Modal Retrieval

The main effort on cross-modal retrieval is to eliminate the seman-

tic gap between different modalities. Some studies [15, 40] have

made great efforts to apply deep neural network for cross-modal

retrieval. Recently, different from previous methods, GAN-based

methods [12, 30, 46] have also been exploited to narrow the seman-

tic gap [18]. Among pioneering works, Wang et al. [28] presented a

cross-modal retrieval method based on adversarial learning to seek

a useful common subspace. Peng and Qi [22] made use of GAN

to successfully match up large-scale heterogeneous data. Dai et al.

[6] handled the lack of insufficient discriminative information for

different modalities via a generative adversarial network. Shao et

al. [25] proposed a semi-supervised generative adversarial network

for entity resolution. Zeng et al. [39] contributed a fresh solution

to combine ranking and localization into a unified framework and

the video moment retrieval task was thoroughly formulated as an

adversarial learning problem. Qiang et al. [23] first calculated se-

mantic similarity for cross-modal retrieval. And then an adversarial

modality discriminator is constructed as a modality discriminator

to calculate the similarity of each modality feature. Xu et al. [34]

put forward a method for the scalability problem of cross-modal

retrieval tasks, which simultaneously learned cross-modal network

reconstruction and modal adversarial semantic association rela-

tions. Wu et al. [32] proposed a network guided by the adversarial

scheme for cross-modal retrieval aiming to learn modality-specific

features and the modality-shared features for each modality.

Inspired by the above work, we optimize the descriptive and

visual features under the generative adversarial paradigm. Through

this way, descriptive and visual features are learned from each other

and the gap between different modalities is well reduced.

3 TRIREID DATATSET

3.1 Automatic Datatset Construction

Since there is no existing dataset containing the three modalities

(i.e RGB, text and sketch), we contribute a new dataset, TriReID,

Table 1: Comparisons between different datasets. “-" indicates

inapplicable.

Dataset Text Sketch RGB Sample

VIPeR [9] - - 1,264 1,264

Market-1501 [43] - - 32,668 32,668

PKU [21] - 200 400 200

TriReID(Ours) 5,600 200 5,600 39,200

to facilitate the research community. Compared to collecting deli-

cate and expensive sketches, we choose to automaticlly construct

TriReID via adding textual description on the sketch-based dataset

PKU [21]. Figure 2 illustrates the pipeline of our automatic dataset

construction approach, which implements the image captioning un-

der the active learning paradigm to generate sentences suitable for

person ReID. Active learning is an interrogation method between

the model and human experts, which reduces annotation workload.

Furthermore, this automatic pipeline is divided into three steps,

namely image captioning, automatic scoring, and expert refining.

1) Image Captioning.We adopt the image captioning model

proposed in [27] for simple sentence generation. However, the sen-

tences generated by the general models do not focus on describing

person, so we design a quality score to constrain the generation

process.

2) Automatic Scoring. The quality score S𝑞𝑢𝑎 is evaluated

from three levels, i.e. fluency score S𝑓 𝑙𝑢 , matching score S𝑚𝑎𝑡 , and

diversity score S𝑑𝑖𝑣 , which is the score sum of adjective, noun and

verb three kinds of words, i.e. adj., n. and v..

S𝑞𝑢𝑎 = 𝜆1S𝑓 𝑙𝑢 + 𝜆2S𝑚𝑎𝑡 + 𝜆3S𝑑𝑖𝑣, (1)

where 𝜆1, 𝜆2, 𝜆3 denote the balance factors of three levels. Among

them, the fluency score measures whether the sentence is fluent

and reasonable, which is represented by the perplexity score (PPL).

The matching score evaluates whether the sentence completely

expresses the image, which matches the object similarity between

the generated text and the image. And the diversity score calculates

whether the sentence describes the attributes of pedestrians in ReID

task, which highlights the adjectives or verbs in the sentence.

S𝑓 𝑙𝑢 = − log[𝑃𝑃𝐿(𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒)], (2)

S𝑚𝑎𝑡 = 𝑀𝐸𝐴𝑁
𝑜𝑏 𝑗𝑒𝑐𝑡𝑡

( 𝑀𝐴𝑋
𝑜𝑏 𝑗𝑒𝑐𝑡𝑣

(𝑆𝑖𝑚(𝑜𝑏 𝑗𝑒𝑐𝑡𝑡 , 𝑜𝑏 𝑗𝑒𝑐𝑡𝑣))), (3)

S𝑑𝑖𝑣 =
∑

𝑠𝑐𝑜𝑤𝑜𝑟𝑑 , (𝑤𝑜𝑟𝑑 = 𝑛., 𝑎𝑑 𝑗 ., 𝑣 .),

𝑠𝑐𝑜𝑤𝑜𝑟𝑑 =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

1, 𝑐𝑛𝑡 (𝑤𝑜𝑟𝑑) > 3

0.8, 𝑐𝑛𝑡 (𝑤𝑜𝑟𝑑) = 3

0.5, 𝑐𝑛𝑡 (𝑤𝑜𝑟𝑑) = 2

0, 𝑐𝑛𝑡 (𝑤𝑜𝑟𝑑) = 1

.
(4)

where 𝑆𝑖𝑚 represents inner-product similarity. 𝑠𝑐𝑜𝑤𝑜𝑟𝑑 is the score

of adj., n. and v. respectively, 𝑐𝑛𝑡 represents vocabulary count. Take
the adjective as an example, if the number of adjectives in the

sentence is greater than 3, we set the diversity score to 1. For

the ReID task, we observe that more than 3 descriptive terms are

sufficient for retrieval.

3) Expert Refining. For the triplets whose quality score is less

than the threshold, they will be modified by human experts. The
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Score

This man is wearing a shirt.

The man looks thinner and is wearing a white shirt, black trousers and a light blue shoes
and carrying a shoulder bag.

The man was wearing a white shirt and jeans, but he was wearing a pair of blue sneakers.

A man with a pair of glasses wears a white shirt with black collar and black buttons, and
his sleeves are rolled up.

expert#1

expert#2

expert#3

expert#4

initial#0

images

0.34

0.92

0.87

0.80

0.84

blur brighter nightRGB

A man is wearing a white shirt with black buttons, dark jeans, and blue shoes.

expert#5 0.82A man with a black bag on his shoulder, he wears a pair of black glasses, and blue sports
shoes.

expert#6 0.89The man is wearing a white shirt and jeans, a pair of blue sneakers and there is a bag over
the left shoulder.

expert#7 0.76

horizontal salt grey

He is wearing a pair of black rimmed glasses, is carrying a single shoulder bag, and with
something held in his left hand.

Figure 3: The examples of TriReID dataset.

Table 2: The Statistical Analysis of the TriReID.

Item Statistics

vocabulary size 1,400

word type adj. v. n.

average length of sentences 22.52

minimum length of sentences 6

maximum length of sentences 58

frequent word black

refined samples return to the dataset and participate in training

until the quality of all annotations meets the requirements. Through

this interactive active learning paradigm, the descriptive sentences

of the ReID dataset are semi-automatically constructed. As much

as possible, experts are asked to make sentences include more

adjectives and nouns than verbs.

Moreover, to expand the TriReID dataset to a sufficient scale,

we invite multiple experts to obtain various textual descriptions

through the above process. Therefore, the image captioning model

supervised by different experts produces diverse sentences. Fur-

thermore, for RGB images, we also extend the simulation of better

light, low resolution, and dark night scenes that are common in

the real world. Main methods contain blur, brighter, horizontal,

adding salt and grey, etc., data enhancement. Finally, we collect

39, 200 samples containing three modalities, as shown in Table 1.

The TriReID dataset has the most comprehensive modalities and

large-scale, suitable for research and application in both academia

and industry. Furthermore, Figure 3 presents some examples of the

TriReID dataset.

3.2 Dataset Analysis

To ensure the quality of the contributed dataset, we comprehen-

sively analyze the TriReID dataset from property quality, diversity

quality, and visualization quality.

Property Quality. The textual description statistical analysis

of the TriReID dataset is shown in Table 2. According to statistics,

there are mainly three types of words in the descriptional sentences,

including adj., v., n., and the vocabulary size is 1,400. Besides, the

(a) Top-10 adjectives (b) Top-10 nouns

(c) Top-10 verbs (d) Top-10 frequent words

Figure 4: Diversity analysis

average length of sentences is 22.52 and the minimum length of

the sentences is 6. And the most frequently occurring word in the

sentence is “black".

Diversity Quality. Tomeasure the sentence diversity of TriReID

dataset, we count word frequency in all sentences. Figure 4 illus-

trates the frequency of top 10 in the textual description. We observe

that the words with high frequency are mostly color, descriptive

words, such as “blue”, “bag”, which shows that in ReID, detailed

description is effective for retrieving.

Visualization Quality. To verify the rationality of the human

expert’s operation, we also check some cases as shown in the Fig-

ure 3. Specifically, we randomly select the captioning performance

supervised by 7 experts. The annotations of different experts have

different emphasis and the quality score plays a balance, which

makes the sentences focus on the person itself as much as possible.

4 OUR PROPOSED FRAMEWORK

In this part, we elaborate on the detailed contents of our solution.

The overall framework of our proposed DFM is depicted with an

illustration in Figure 5. Generally speaking, it is composed of three

components: descriptive semantic fusion, generative adversarial

align, and person ReID. 1) Descriptive semantic fusion fuses data

from multiple modalities to ensure the descriptive semantic space

and visual semantic space reasonably; 2) Generative adversarial

alignment aligns reconstructed paired-images by decomposing vi-

sual information and descriptive information into content infor-

mation features and style information features, and then exchange

them for further encoder images, respectively; and 3) Person ReID

generates a descriptive-visual space feature representation for per-

son retrieval.

4.1 Problem Formulation

Given the descriptive information containing both the textual de-

scription and sketch description, the task of multi-modal person
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Generative 
Adversarial NetworkSketch s

Image m

Text t

Descriptive Space
This girl is
wearing a
white short...

Visual Space

Descriptive-Visual Space

content 
information

content 
information

Descriptive Semantic  Fusion

Adversarial Loss
Cycle Consistency Loss

Reconstruction Loss

style 
information

style 
information

Generative Adversarial Alignment Person Re-Identification

Generative 
Adversarial Network

...

Ranking

Image 
Encoder

Sketch 
Encoder

Text 
Encoder

Figure 5: The graphical representation of our proposed DFM framework. The input is the three modalities of RGB image, text

and sketch three modalities, and the output is the similarity between RGB and descriptive modalities (i.e. text and sketch).

ReID is to retrieve a list of relevant real RGB images. A sketch

image denoted is as 𝑆 =
{
𝑠𝑁𝑛 | 𝑠 ∈ 𝑅𝐻×𝑊 ×1

}
, the corresponding

textual descriptions are denoted by 𝑇 = {𝑡𝑁𝑛 | 𝑡 ∈ 𝑅}, and 𝑀 ={
𝑚𝑁
𝑛 | 𝑚 ∈ 𝑅𝐻×𝑊 ×3

}
represents for the real RGB images, where 𝑁

stands for the number of person identity, 𝑛 = {1, 2, ..., 𝑁 | 𝑛 ∈ 𝑁 },

𝐻 and𝑊 respectively represent the height and width of the RGB

image. Each set of <𝑡𝑛 , 𝑠𝑛 ,𝑚𝑛>corresponds to the same individual

identity.

The features of sketch image and real image are extracted by a

Resnet-50 [10] and denoted as 𝑓𝑣 . It is worth noting that sketch and

RGB share the same extractor since they are both visual representa-

tions. At the same time, the textual embedding is performed via the

Doc2Vec [14] and is represented by 𝑓𝑡 . Mathematically, the above

process is expressed in formulas:

⎧⎪⎪⎨
⎪⎪⎩

𝒁𝒎 = 𝑓𝑣 (𝑚)

𝒁𝒔 = 𝑓𝑣 (𝑠)
𝒁𝒕 = 𝑓𝑡 (𝑡)

, (5)

where 𝒁𝒎 , 𝒁𝒔 , 𝒁𝒕 are extracted RGB features, sketch features and

text features, respectively.

4.2 Descriptive Semantic Fusion

The first component of our DFM framework is descriptive semantic

fusion, which highlights the descriptive semantic information. The

sketch has both descriptive semantics similar to text and visual

semantics consistent with the semantic expression of real RGB

images. Since with the help of the sketchmodality which is specially

employed, this paper models a descriptive semantic space and a

visual semantic space simultaneously.

Firstly, we extract the sketch, text and RGB image features, sepa-

rately. And in the descriptive space, an attention pooling network

is utilized to construct the relations between visual features and

semantic embeddings, which fuses the representations of text and

sketch. It passes through a Multi-Layer Perceptron at first and then

is aggregated to represent the whole descriptive information 𝑍𝑑 ,
and adjusts the weights according to their importance. The descrip-

tive semantic fusion is formally formulated as:{
𝛼 = (𝒁𝒕 ·𝑾1 + 𝒁𝒔 ·𝑾2)𝑾3

𝒁𝒅 = softmax(𝛼) · 𝒁𝒔 ·𝑾4

, (6)

where𝑾1,𝑾2,𝑾3,𝑾4 are weight matrices. We compute a score

𝛼 with weight vectors𝑾1 and𝑾2 and normalize the scores with

a softmax function, which is an experienced practice in previous

work [1, 33]. Through this way, the descriptive information 𝒁𝒅 is

fused via textual description and visual sketch.

4.3 Generative Adversarial Alignment

As shown in Figure 5, the second component of our DFM model

is generative adversarial alignment, which eases the modality gap

between descriptive feature 𝒁𝒅 and visual feature 𝒁𝒎 . Inspired by

the effective performance of adversarial learning [37, 44], we try

to separate the style information and content information to find

the commonality and individuality of different modalities under

the adversarial paradigm. Specifically, the separation process is

implemented by two generative adversarial networks under various

losses.

This component includes two generators𝐺1,𝐺2 and two discrim-

inators 𝐷1,𝐷2. And the content features 𝒁𝒄
𝒎 ,𝒁𝒄

𝒅
and style features

𝒁𝒔
𝒎 ,𝒁𝒔

𝒅
are initialized from the original features 𝒁𝒎 , 𝒁𝒅 .

4.3.1 Adversarial Loss. The adversarial loss L𝑎𝑑𝑣 swaps the

content and style of the visual and descriptive modalities so that
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Algorithm 1: DFM Framework

1 Input:

2 Sketch: 𝑆 =
{
𝑠𝑁𝑛 | 𝑠 ∈ 𝑅𝐻×𝑊 ×1

}
3 Textual description: 𝑇 = {𝑡𝑁𝑛 | 𝑡 ∈ 𝑅}

4 RGB image:𝑀 =
{
𝑚𝑁
𝑛 | 𝑚 ∈ 𝑅𝐻×𝑊 ×3

}
5 Output: Rank-K retrieval results

6 DFM:

7 // Feature extraction

8 Extract features 𝒁𝒎 , 𝒁𝒔 , 𝒁𝒕 according to Eq.(5);

9 // Descriptive information generation

10 Generate descriptive feature 𝒁𝒅 using Eq.(6);

11 repeat

12 for (𝑆,𝑇 ,𝑀) ∈ 𝑅 do

13 // Generator;

14 Generate fake feature;

15 separate descriptive feature to style and content;

16 separate RGB image feature to style and content;

17 // Discriminator;

18 Top-K ranking retrieval results;

19 Get the loss L in Eq.(7)-(10);

20 Optimization.

21 end

22 until convergence;

the individuality of modalities is highlighted:

L𝑎𝑑𝑣 = E[log𝐷1 (𝒁𝒎)] + E[log(1 − 𝐷1 (𝐺1 (𝒁
𝒄
𝒎,𝒁𝒔

𝒅 ))]+

E[log𝐷2 (𝒁𝒅 )] + E[log(1 − 𝐷2 (𝐺2 (𝒁
𝒄
𝒅 ,𝒁

𝒔
𝒎))] .

(7)

Among them, the discriminators maximize the formula, while the

generators do the opposite operation to ensure that the translated

image is similar to the real image in the visible domain.

4.3.2 Cycle Consistency Loss. Inspired by CycleGAN [29, 47],

we employ a cycle-consistency loss to further ensure that the gen-

erated samples retain characteristics of the original samples. This

loss Lcyc can be expressed as below,

L𝑐𝑦𝑐 = E[| |𝐺1 (𝐺2 (𝒁𝒎)) − 𝒁𝒎 | |] + E[| |𝐺2 (𝐺1 (𝒁𝒅 )) − 𝒁𝒅 | |] . (8)

4.3.3 Reconstruction Loss. Meanwhile, as for the reconstructed

images, we formulate the reconstruction loss Lrec as below,

L𝑟𝑒𝑐 = E[| |𝐺1 (𝒁
𝒄
𝒎,𝒁𝒔

𝒎) − 𝒁𝒎 | |] + E[| |𝐺2 (𝒁
𝒄
𝒅 ,𝒁

𝒔
𝒅 ) − 𝒁𝒅 | |], (9)

Under these three losses, the style information and content infor-

mation are separated, which is beneficial for representation learning

and improving the retrieval performance.

4.4 Person ReID

Through the above steps, we unify the descriptive and visual fea-

tures into the descriptive visual space. Similarity learning is utilized

to judge whether the features vectors belong to different persons

or not. In the testing phase, we employ the Euclidean distance to

calculate the distance score between descriptive content 𝒁𝒄
𝒅
and

visual content 𝒁𝒄
𝒎 . Therefore, a higher score will be generated for a

positive pair of person images than those of negative counterparts.

Table 3: Comparison with the State-Of-The-Art Methods and

Various Components Combinations in TriReID dataset.

Method R@1 R@5 R@10

DCMP 0.039 0.117 0.132

DLCM 0.020 0.060 0.110

JSIA 0.020 0.100 0.180

DHLSVM 0.051 0.168 0.283

Triplet SN 0.090 0.268 0.422

DFM w/o GAN 0.020 0.014 0.300

concatenate 0.080 0.222 0.380

dot 0.080 0.220 0.301

DFM 0.200 0.500 0.640

Here, 𝜆𝑟𝑒𝑖𝑑 means the person ReID loss, which loss function con-

tains a cross-entropy loss Lcls and a triplet loss Ltri. Furthermore,

Lcls and Ltri are respectively employed for identity learning and

reduction about the distances between images of the same person,

and the distances between the different person.

Overall, the objective function of our method DFM can be de-

noted as:

L = 𝜆𝑐𝑦𝑐L𝑐𝑦𝑐 + 𝜆𝑎𝑑𝑣L𝑎𝑑𝑣 + 𝜆𝑟𝑒𝑐L𝑟𝑒𝑐 + 𝜆𝑟𝑒𝑖𝑑 (L𝑐𝑙𝑠 + Ltri) ,

(10)

where 𝜆𝑐𝑦𝑐 , 𝜆𝑎𝑑𝑣 , 𝜆𝑟𝑒𝑐 and 𝜆𝑟𝑒𝑖𝑑 are the balance factors of cycle-

consistency loss, adversarial loss, reconstruction loss and person

ReID loss respectively. The workflow of our proposed DFM is elab-

oratively illustrated in Algorithm 1.

5 EXPERIMENTS

There are extensive experiments conducted on TriReID dataset that

have answered the following four research questions:

RQ1 How does the DFM proposal perform as compared to other

state-of-the-art methods?

RQ2 How do components of DFM and fusion method promote

the performance of DFM?

RQ3 How do different parameter settings (e.g., the margin, and

the learning rate) have an effect on our framework?

RQ4 Can we visualize the generative images of our method?

5.1 Experimental Settings

5.1.1 Dataset. In this paper, we first divided the TriReID dataset

into 3 non-overlapping sets, with 50%, 25% and 25% randomly se-

lected person identities and their corresponding modalities (i.e.

RGB, text and sketch) for training, validation and testing, respec-

tively. The validation set and the training set make up the final

training set and we performed the evaluation on the testing set.

5.1.2 Evaluation Protocols. We adopted the Rank-k and the

mean Average Precision (mAP) to evaluate the performance [31].

Specifically, given a query textual description and a sketch, each

method outputs prediction scores for all testing images in the

gallery and ranks them accordingly. R@1, R@5, R@10 are reported

for all our experiments on the dataset. The higher the value, the

better the performance.
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(a) Learning rate. (b) Margin.

Figure 6: Parameter tuning and convergence analysis in terms

of mAP. The x-axis is the tuning range of learning rate and

margin, while the y-axis is the mAP for performance evalua-

tion.

5.1.3 Baselines. The effectiveness of our method is verified by

comparing it with several state-of-the-art methods. Among them,

these baselines can be classified into two cross-modal retrieval

branches, Text-based ReID solutions, and Sketch-based ReID ap-

proaches.

• DCMP [41] uses feature projection operation, which in-

cludes CMPM loss and CMPC loss. The CMPM loss mini-

mizes the Kullback-Leibler(KL) divergence of distributions.

Furthermore, this method can categorize vector representa-

tions of the two modalities via the CMPC loss.

• DLCM [44] adopts the two-stream network structure as the

backbone for cross-modality visible-infrared ReID. The first

block is to capture modality-specific information for two

modalities, while the remaining blocks are shared to learn

modality sharable features.

• JSIA [29] performs set-level and instance-level introduced

to gain cross-modal image features and generate some pairs

of images. Moreover, the model performs directly alignment

by calculating minimum distances of paired images.

• DHLSVM [21] contains HOG and LBP, which are classical

features and assistant features for sketch recognition respec-

tively. Then it is ranking scores by uniting rankSVM with

the two features [21].

• Triplet SN [38] is a model mainly utilized for the research of

sketch images. Following [38], after pre-training the model

on edge-maps of ImageNet [7], this paper extracts features

from sketch and RGB images and tests on Triplet SN [21].

5.1.4 Implementation and Hyper-Parameter Setting. We ap-

plied ourmethod based on PyTorch framework2 on a server equipped

with a NVIDIA 2080TI-11G GPU. The feature generators were mod-

ified from ResNet [10]. Specifically, the employment of the mini-

batch training is being widely used and the training dataset is split

into small batches to reduce model costs and update model param-

eters.

The Adam optimizer [13] and back-propagation are mainly uti-

lized to train our model and update the corresponding networks’

parameters. Additionally, we performed data augmentation by crop-

ping a 256× 128 image as input andwe performed the image flipping

2http://www.pytorch.org

with 0.5 rate. For feature extraction, sketch image features and real

image features are denoted as 2,048 dimensional vectors. And the

dimensionality of the sentence feature embedding is 256.

Besides, we set the learning rate as 0.00045 and the batch size

as 12. The cycle-consistency loss balance factor 𝜆𝑐𝑦𝑐 is set to 10,

the adversarial loss balance factor 𝜆𝑎𝑑𝑣 is set to 1, the person re-

identification loss balance factor 𝜆𝑟𝑒𝑖𝑑 and the reconstruction loss

balance factor 𝜆𝑟𝑒𝑐 are respectively set to 1. As for the triplet loss,

we set the margin parameter 𝜉 = 0.3. Specifically, we will compre-

hensively discuss parameter tuning in Section 5.4.

5.2 Overall Performance Comparison (RQ1)

To demonstrate the effectiveness of our proposed method, we

compared it with several state-of-the-art approaches: 1) DCMP;

2) DLCM; 3) JSIA; 4) DHLSVM; 5) Triplet SN. All of these meth-

ods belong to cross-modal person ReID and we use our collected

TriReID dataset to conduct experiments. Specifically, DCMP, DLCM,

JSIA are classified as the cross-modal person ReID algorithms based

on textual description query. And DHLSVM and Triplet SN belong

to cross-modal person ReID methods based on sketch query.

Table 3 reveals the experimental results. There are several ob-

servations as follows: 1) Our DFM approach obtains a better per-

formance than state-of-the-art baselines, which employs the ad-

versarial learning paradigm between the visual information and

the descriptive information to optimize the identification perfor-

mance. It is obvious that the combination of text and sketch greatly

improves the retrieval performance of multi-modal person ReID,

which reaches 0.200 for R@1. 2) Cross-modal person ReID meth-

ods based on sketch query, DHLSVM and Triplet SN outperform

cross-modal ReID retrieval approaches based on textual description

query. This is probably because the sketch is highly related to the

other two modalities, which is neglected in traditional cross-modal

person ReID schemes.

5.3 Ablation Study (RQ2)

The overall performance comparison shows that DFM achieves the

best performance, which proves the effectiveness of our proposed

solution. To further distinguish the importance of GAN, distinct

ways of fusion, we conducted the related ablation studies. First

of all, DFM is compared with its variants, DFM w/o GAN, which

represent DFM without GAN. In addition, we also compared our

fusion method which adopted Multi-layer Perceptron (MLP) atten-

tion method with the other two fusion methods of concatenate and

dot.

The performance of different component combinations is illus-

trated in Table 3, which illustrates the experimental results of the

method of DFM and its simplified variants. The conclusions are

threefold: 1) DFM meaningfully exceeds DFM w/o GAN. This dis-

plays that the GAN component is conducive to the multi-modal

person ReID. The effectiveness of our DFM approach is certified,

which indicates its efficiency in aggregating multiple components.

2) Jointly observing the performance of DFM, concatenate, dot, we

can infer that textual description and sketch employ MLP attention

fusion exceeds the concatenate and dot fusion method. According

to the results, the attention mechanism fusion method achieves

at least 12% improvement than the other two. This indicates that
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Figure 7: The visualization of generated images from our

proposed framework

the component of MLP attention network we used is beneficial to

the cross-modal person ReID. 3) The model has poor performance

without using the GAN method. It reveals that the necessity of the

components proposed in our framework.

5.4 Sensitivity of Parameters and Convergence
Analysis (RQ3)

As we all know, the sensitivity of some factors has a crucial impact

on the robustness and rationality of the model. Therefore, we in-

vestigate the impacts of several factors to prove the effectiveness of

our proposed DFM framework, namely, the learning rate and the

training margin 𝜉 .

5.4.1 Impact of Learning Rate. Adam usually produces faster con-

vergence and it adopts adaptive learning rates for different parame-

ters to update the learning rate for each parameter. The parameter

tuning results of learning rate are demonstrated in Figure 6(a). We

use a step size of 0.00001 for fine-tuning and the results obtained

have obvious changes. Among them, when the learning rate is

0.00045, the effect is the best.

5.4.2 Impact of Margin. The strategy of utilizing margin measures

the gap between the positive pair and the negative pair. We reveal

the performance of DFM w.r.t. different margin settings in Figure

6(b), which indicates the influence of margin for DFM. The values

of mAP perform immediate changes along with the increasing of 𝜉 ,
reaching its highest value when 𝜉 = 0.3. The impact of margin has

been proven by traditional retrieval algorithms [3, 24].

5.5 Visualization (RQ4)

The intention of this work is to learn the descriptive features com-

bined with text and sketch, and visual features from the generative

descriptive embedding network. To better understand our proposed

DFM network, we exploited some visualization studies. More specif-

ically, we randomly select descriptive features and visual features

into the DFM framework. In addition, the RGB image and descrip-

tive information of each person could separate style information

and content information. Our generative module generates a new

person descriptive image and RGB image by swapping the style

features or content features of the two modal information respec-

tively and minimizes their distances to reduce the cross-modality

gap.

As Figure 7 shows, we display the cross-modality paired-images

generated by our method. Among them, the first two rows are real

RGB images and sketch images by professional artists, respectively.

Then in the third row, we could see a fake RGB image generated

by descriptive style features and RGB content features. Finally,

the fourth row is generated fake descriptive images by encoding

descriptive content features and RGB style features. As a result,

our proposed DFM could generate features similar to RGB images

to eliminate modal differences as much as possible by adversarial

learning.

6 CONCLUSION AND FUTURE WORK

In this paper, we have addressed the new problem of the multi-

modal ReID, which utilizes text and sketch together as a descriptive

query to retrieve desired images. To support this task, we con-

struct the TriReID dataset based on an existing sketch dataset in

a semi-automatic manner, which will be released publicly. We fur-

ther propose a DFM framework, which fuses textual description

and sketch information as descriptive feature, and then optimizes

the descriptive space. Further, the descriptive features and visual

information are jointly optimized for retrieval under the adversar-

ial learning strategy. Experimental results demonstrate that our

method achieves the best performance on a great margin.

In the future, we will expend this work from the following two

aspects. First of all, the sketch only has the outline of the target

person which is relatively insufficient as compared with the image,

but the sketch features are highly related to the RGB image features.

Therefore, some sketch information can be supplemented by gener-

ative model. In addition, we consider to apply graph representation

learning to link the gap among different modalities via generating

fine-grained semantic structured representations from images and

texts of a person in the scene graphs.
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