
HASAN ET AL.: CROSS-MODAL FACIAL REPRESENTATION LEARNING 1

FaceCPT: Toward Cross-Modal Facial
Representation Learning with Face-Caption
Pre-Training
Md Mahedi Hasan
mh00062@mix.wvu.edu

Shoaib Meraj Sami
sms00052@mix.wvu.edu

Nasser Nasrabadi
nnasraba@gmail.com

Jeremy M. Dawson
jeremy.dawson@mail.wvu.edu

Lane Department of Computer Science
and Electrical Engineering
West Virginia University
Morgantown, WV, US

Abstract
Facial representation learning (FRL) through weakly-supervised pre-training has shown

significant promise across various downstream tasks, highlighting its improved general-
izability. However, most existing FRL models excel only in face generation and analysis,
and there is a lack of models that address cross-modal tasks. To fill this gap, we pose
the following question: Can we learn a universal facial representation by pre-training on
web-sourced face-caption pairs for surveillance-related tasks? These tasks include both
cross-modal understanding, such as face captioning and text-based face image retrieval,
as well as face analysis tasks like face, attribute, expression recognition, and age estima-
tion. In this paper, we take a step toward this objective by introducing FaceCPT, a new
framework for learning facial representation using Face Caption Pre-Training. However,
domain misalignment and information asymmetry between image-text pairs challenge
the model’s ability to achieve a meaningful interaction. To overcome this, we utilize
contrastive learning along with a semantic attribute-aware loss (SAAL) to improve the
semantic associations between face-caption pairs and encourage the model to focus on
key semantic attributes, respectively. Experiments show that FaceCPT outperforms exist-
ing vision-language pre-training and FRL baselines, achieving state-of-the-art results in
task-specific fine-tuning and improved zero-shot transferability across both single-modal
and cross-modal tasks, even with low-resolution inputs.

1 Introduction
In real-world scenarios, tasks like face recognition (FR) [6, 20, 52], facial attribute recog-
nition (FAR) [32, 44, 45, 46], face image retrieval [8, 56], and face captioning [13, 27] are
pivotal in smart surveillance systems, border security, and digital forensics [17]. Improved
face recognition in unconstrained, low-resolution images is vital for efficiently identifying
suspects [3]. Recognizing facial attributes such as gender, ethnicity, age, and accessories
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Figure 1: Proposed FaceCPT excels in surveillance-related tasks, such as face analysis and cross-
modal understanding, showing strong zero-shot capability and flexible task adaptability.

improves the accuracy of individual tracking and retrieval. Moreover, face captioning can
describe specific facial characteristics, aiding in detecting suspicious behavior, such as at-
tempts to cover faces with masks or sunglasses [27]. Additionally, face retrieval plays a
crucial role in identifying suspects during criminal investigations. However, real-world sce-
narios such as occlusion and low light often make it challenging to obtain reliable visual
query images, making traditional image-based retrieval systems less effective. Similarly,
sketch-based retrieval [36] faces limitations, as it heavily depends on the artist’s skill and
the accuracy of witness recollections [4]. In contrast, text-based face retrieval [8] provides a
practical alternative by enabling searches using natural language without the need for a query
image. For example, when a suspect is observed but not captured by the surveillance, witness
descriptions of facial characteristics can greatly refine search results in a large database.

The traditional approach to face-related tasks typically relies on supervised, task-specific
training with manually annotated datasets [30, 59], which is both labor-intensive and time-
consuming [39, 57]. A promising alternative is to develop a unified model that learns general
facial representation through weakly supervised pre-training. This approach offers several
advantages over task-specific methods: it eliminates the need for separate training per task,
significantly reducing computational time and cost. It also improves zero-shot transferability
and task adaptation, reducing dependence on costly hand-labeled data [2, 35]. Furthermore,
training on web-sourced data enhances the model’s robustness to input variations, thereby
improving its adaptability to real-world scenarios [15].

Recently, vision-language pre-training (VLP) on web-scale image-text pairs has gained
momentum, driven by the success of multimodal foundation models. These models learn
visual representation through textual supervision and show improved performance across
various tasks in both few-shot and zero-shot settings. While effective at learning general rep-
resentation, their performance often suboptimal in specialized domains such as face analysis.
Meanwhile, several self- and weakly-supervised facial representation learning (FRL) meth-
ods [2, 27, 35, 47, 54] have been proposed for tasks such as face analysis and generation.
However, the development of FRL methods for cross-modal understanding tasks—such as
face captioning and text-based face retrieval, which are crucial for surveillance—remains
largely overlooked. Pre-training on noisy, web-sourced face-caption pairs is challenging due
to the substantial domain gap between visual and semantic modalities, leading to semantic
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misalignment. Moreover, in many state-of-the-art (SOTA) datasets, captions for identical
faces can vary widely, reflecting the subjective interpretations of annotators. In addition,
these captions are often abstract, describing only a limited set of facial attributes while miss-
ing crucial details [13]. This creates information asymmetry between the faces and their
corresponding captions, as the captions fail to capture the intricate details of the face images.

In this paper, we introduce FaceCPT, a contrastive pre-training framework that over-
comes these challenges. Our contributions are as follows:

1. We present FaceCPT, an end-to-end pre-training framework for learning general facial
representation that effectively tackles diverse surveillance-related tasks, including face
analysis and cross-modal understanding—an area largely overlooked in prior studies.

2. We establish a new benchmark for face image retrieval using textual queries. FaceCPT’s
robustness for this task is demonstrated through its performance on distorted images,
as well as its effective handling of scenarios with missing or incomplete queries.

3. We demonstrate the effectiveness of FaceCPT in both zero-shot transferability and
task-specific adaptability, outperforming state-of-the-art VLP and FRL baselines in
face analysis and cross-modal tasks, even at lower input resolutions.

2 Related Works
Facial Representation Learning (FRL): Supervised FRL methods [11] typically depend
on vast amounts of hand-labeled data for pre-training and often struggle to generalize to
downstream tasks due to their overspecialization for the source task. Bulat et al. [2] pro-
posed a large-scale unsupervised pre-training model using in-the-wild face images, which is
then fine-tuned for tasks like FR and landmark localization. The authors of [54] introduced
MCF, a self-supervised pre-training framework that combines patch-based contrastive learn-
ing with masked image modeling to enhance representation learning. It also incorporates
knowledge distillation from another pre-trained model. Similarly, Gao et al. [12] introduced
FRA, which learns consistent local features using region-aware contrastive learning. Utiliz-
ing ResNet [14] as backbone, FRA excels in various face-related classification and regres-
sion tasks. However, self-supervised pre-trained models like FRA often show poor zero-shot
performance and typically require extensive fine-tuning for task-specific adaptation.

Models such as FaRL [57] and Talk2Face [27] learn general facial representation by
pre-training the backbone on large-scale image-text pairs using techniques like contrastive
learning and masked image/text modeling, followed by fine-tuning for specific downstream
tasks. In particular, FaRL [57] leverages face-caption pre-training by using contrastive learn-
ing [18, 40] to capture high-level semantics and masked image modeling [1] to extract low-
level details. Talk2Face [27] introduces a sequence-based framework capable of handling a
wide array of face analysis and generative tasks, including facial expression recognition and
face image captioning. The framework incorporates a sequence modeling objective, refor-
mulating these tasks into a sequence-to-sequence format. However, these models often learn
generic facial representation that fail to capture crucial details, leading to less discriminative
features and suboptimal performance in face analysis tasks. Additionally, due to pre-training
on low-quality pairings in web-sourced data, these weakly-supervised methods struggle to
achieve enhanced semantic alignments, which degrades performance on tasks requiring fine-
grained understanding, such as face perception.
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Recently, unified face perception frameworks [35, 39, 47] have emerged that use shared
representations and multi-task learning to handle multiple tasks without task-specific fine-
tuning. For example, FaceXFormer [35] employs a transformer-based encoder-decoder to
jointly process face and task tokens for robust representation learning. Faceptor [39] uti-
lizes a multi-task learning approach to improve task extensibility, enabling the sharing of
representation and knowledge across various tasks. The authors of Q-Face [47] proposed a
unified model for multiple face analysis tasks, employing a query-driven decoder with cross-
attention to adaptively extract features by capturing correlations among related tasks. How-
ever, these models are primarily designed for single-modal tasks where they often demon-
strate representational biases toward certain attributes due to imbalanced training data. Ex-
tending these models to handle cross-modal tasks remains an open area of research.

Multimodal Face-Caption Datasets: Existing datasets, such as Multi-Modal CelebA-HQ
(MMCelebA)[55], Face2Text[49], CelebA-Dialog [19], CelebA-Text [48], and FFHQ-Text [58],
have only a limited number of high-quality face-caption pairs, making them inadequate for
training FRL models. Although Talk2Face [27] includes 2.3M face-caption pairs, it remains
private. Recently, LAION-Face [57], a 50M face-caption pair dataset, was curated from
LAION-400M [42] dataset. However, its captions lack detailed facial descriptions, leading to
weak correlations between captions and corresponding faces. To address this, FaceCaption-
15M [5] was developed as an enhanced version of this dataset with stronger image-text cor-
relations. The authors filtered out non-human faces by applying RetinaFace [7] to crop facial
regions and employed an attribute recognition algorithm to generate high-quality captions.
Furthermore, FLIP-80M [28], a large-scale dataset consisting of 80M web-crawled face-
caption pairs, was introduced. However, in its raw form, it is unsuitable for FRL tasks, as
most pairs include non-face images with complex backgrounds.

3 Proposed Method

3.1 FaceCPT Architecture

As illustrated in Figure 2, FaceCPT contains two unimodal encoders for encoding input pairs,
a cross-modal encoder for image-text interaction, and a decoder for caption generation. In
this study, we employ ResNets [14] as our image encoder for its efficiency in extracting
high-quality facial representation from low-resolution images. The encoder extracts a global
feature vector f̄ff g ∈ R512 along with local features LLL3 ∈ R256×14×14 and LLL2 ∈ R128×14×14

from the third and second residual blocks, respectively. These features pass through a visual
adapter (VA) to produce the final image representation fff g ∈ R768.

For the text encoder, we utilize a 6-layer Transformer with 12 attention heads [50], which
generates output embeddings WWW ∈ R768×T for up to T input tokens, applying padding or
truncation as needed. A learnable [CLS] token is prepended to the input tokens to produce
the caption embedding, fff c ∈ R768. Initially, fff c and fff g are misaligned due to the inherent
heterogeneity and information asymmetry between the image and text modalities. To resolve
this, we apply the image-text contrastive (ITC) loss to learn global semantic associations
between these two modalities. Next, the image and textual representations interact through
another 6-layer, 12-head cross-modal encoder, which employs cross-attention to effectively
fuse information between modalities, generating a rich cross-modal representation fff CM .

Citation
Citation
{Narayan, VS, Chellappa, and Patel} 2024

Citation
Citation
{Qin, Wang, Liu, Zhang, Deng, Song, Xu, and Deng} 2024

Citation
Citation
{Sun, He, Shan, Han, and Chen} 2024

Citation
Citation
{Narayan, VS, Chellappa, and Patel} 2024

Citation
Citation
{Qin, Wang, Liu, Zhang, Deng, Song, Xu, and Deng} 2024

Citation
Citation
{Sun, He, Shan, Han, and Chen} 2024

Citation
Citation
{Xia, Yang, Xue, and Wu} 2021

Citation
Citation
{Tanti, Abdilla, Muscat, Borg, Farrugia, and Gatt} 2022

Citation
Citation
{Jiang, Huang, Pan, Loy, and Liu} 2021

Citation
Citation
{Sun, Li, Wang, Zhao, and Sun} 2021

Citation
Citation
{Zhou and Shimada} 2021

Citation
Citation
{Li, Hou, Zhao, Shen, Yang, and Yan} 2022{}

Citation
Citation
{Zheng, Yang, Zhang, Bao, Chen, Huang, Yuan, Chen, Zeng, and Wen} 2022

Citation
Citation
{Schuhmann, Beaumont, Vencu, Gordon, Wightman, Cherti, Coombes, Katta, Mullis, Wortsman, etprotect unhbox voidb@x protect penalty @M  {}al.} 2022

Citation
Citation
{Dai, Li, Liu, Jia, YuanHui, and Wang} 2024{}

Citation
Citation
{Deng, Guo, Ververas, Kotsia, and Zafeiriou} 2020

Citation
Citation
{Li, Hou, Dezhi, Shen, and Zhao} 2024

Citation
Citation
{He, Zhang, Ren, and Sun} 2016

Citation
Citation
{Vaswani, Shazeer, Parmar, Uszkoreit, Jones, Gomez, and etprotect unhbox voidb@x protect penalty @M  {}al.} 2017



HASAN ET AL.: CROSS-MODAL FACIAL REPRESENTATION LEARNING 5

Image Encoder

Visual Adapter

Text Decoder

Input CaptionInput Image
     Face Image Captioning

    Face Recognition 

Image Encoder

Visual Adapter

Text  Encoder

Cross-Modal Encoder

Multimodal Fusion

Input CaptionInput Image

This person has sideburns, 
bushy eyebrows, big lips, 
and mustache. He is young. 
He is wearing hat.

Input Face-Caption Pairs

[CLS] + Caption

Self Attention

Add & Norm

Add & Norm

Feed Forward

Block 1

Block 2

Block 3

Block 4

Visual Adapter

 ITC

Self Attention

Add & Norm

Add & Norm

Cross Attention

Add & Norm

Feed Forward

❄

Concatenation

❄

[DEC] + Caption

Te
xt

 E
nc

od
er

C
ro

ss
-M

od
al

 E
nc

od
er

X 6

X 6

Im
ag

e 
 E

nc
od

er

Word Embedding

Tokenizer

Self Attention

Add & Norm

Feed Forward

M
ul

tim
od

al
 F

us
io

n

Casual SA

Add & Norm

Add & Norm

Cross Attention

Add & Norm

Feed Forward

LM

X 12

Te
xt

  D
ec

od
er

Word Embedding

Tokenizer

[CLS] Token

GAP & Concat

PReLU

Linear

V
is

ua
l A

da
pt

er

 Loss
Trainable

❄ Frozen

 ITM

* Same Color Layer
Shared Parameters

SAAL  ITM

 ITC

LM

   Attribute, Expression
    & Age Estimation

Text-based Face Image Retrieval

CosFace Loss

MLP

Image Encoder

Input Image

Image Encoder

Visual Adapter

MLP

BCE loss

Input Image

(a) Pre-Training Framework (b) Fine-tuning Framework

Figure 2: (a) Illustration of the pre-training framework of FaceCPT. It employs two unimodal encoders
to encode input pairs and enhance their deep semantic associations using an image-text contrastive
(ITC) loss. (b) Fine-tuning frameworks for downstream tasks.

Finally, we concatenate fff CM with fff g within a multimodal fusion block to compute the
image-text matching (ITM) loss. This loss enhances the model’s ability to learn image-text
semantic relationships, improving its performance in cross-modal tasks. Given the inherent
information asymmetry between face-caption pairs, fusing fff CM with fff g has proven effec-
tive. Our fusion block, consisting of a self-attention and feed-forward layer, generates the
multimodal embedding fff MF , which is then fed into the ITM head for image-text matching.

3.2 Pre-training Tasks

Image-Text Contrastive (ITC) loss is a widely adopted alignment loss [18, 21, 24, 40] that
improves semantic associations between the image representation fff g and the text representa-
tion fff c. Its primary objective is to minimize the distance between positive pairs while maxi-
mizing the distance for negative pairs, which are derived from non-matching pairs within the
batch. To implement this loss, we optimize the similarity score, s(I,T ) = gi( fff g) ·gt( fff c), for
the normalized feature representations of the face-caption pair (I,T ). Here, gi( fff g) = fff⊤g WWW I

and gT ( fff c) = fff⊤c WWWT denote linear projections that map image and text representations into
a shared space, where WWW I ,WWWT ∈ R768×256, enabling alignment with reduced complexity and
faster convergence.
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Method Visual Res MMCelebA [55] Face2Text [49] CelebA-Text [48]
Backbone B@4 M RL C B@4 M RL C B@4 M RL C

Vision-Language Pre-training (VLP)
BLIP-base [24]† ViT-B/16 3842 40.43 61.0 56.05 27.48 12.04 41.0 40.85 22.65 25.53 48.65 45.78 30.77

BLIP2-OPT2.7B [25]† ViT-g/14 3642 41.90 54.98 47.72 26.69 11.92 39.79 34.13 22.92 26.02 49.54 46.71 23.24
OFA-base [53]† ResNet101 4802 39.40 60.56 54.85 26.42 12.01 41.10 41.85 22.45 25.65 49.79 45.80 29.40

mPLUG-base [21]† ViT-B/16 3842 42.87 27.93 54.75 92.09 12.56 23.03 40.35 57.54 28.38 23.14 41.73 55.48
Facial Representation Learning (FRL)

Talk2Face [27]† - 2562 39.58 55.61 52.38 34.71 11.50 28.50 40.62 26.90 33.40 28.40 53.50 40.0
Ours (FaceCPT-R50) ResNet50 1122 40.54 61.60 57.50 30.05 11.50 41.50 41.86 22.90 31.38 51.98 51.74 30.80

Ours (FaceCPT-R101) ResNet101 1122 42.60 62.15 58.90 32.08 11.76 42.30 42.20 23.25 32.20 53.18 53.92 35.69
Table 1: Overview of the FaceCPT performance on face captioning across three state-of-the-art
face-caption datasets. † indicates reproduction using the official codebase.

Image-Text Matching (ITM) is a binary classification loss that trains the model to learn
joint image-text representation by distinguishing between matching and mismatched face-
caption pairs. Optimizing this objective improves the model’s ability to discriminate between
pairs based on fine-grained details. It also provides a similarity score, which is crucial for
ranking retrieved images according to their relevance to the query. Following the approach
in [23], hard negative mining is used to identify more challenging in-batch negatives, pairs
with higher contrastive similarity, thereby improving the robustness of the matching.

Language Modeling (LM) guides the text decoder to generate coherent captions. It em-
ploys cross-entropy loss to maximize the conditional likelihood of output tokens given the
preceding tokens. The full pre-training objective of FaceCPT is as follows:

L = LITC +LIT M +LLM . (1)

Semantic Attribute-Aware Loss (SAAL): Prior works often employ CIDEr-based reward
optimization [21] during fine-tuning to enhance caption quality. However, captions generated
through this approach tend to be generic, focusing only on common facial attributes and thus
lacking distinctiveness. In this study, we replace CIDEr-based optimization with SAAL, a
differentiable objective that maximizes alignment between facial attributes and those mined
from the generated captions. SAAL penalizes the text decoder for misrepresenting key facial
features, leading to more attribute-driven captions that enhance zero-shot face retrieval.

In this study, we apply SAAL during fine-tuning, as a multi-label cross-entropy (CE)
loss to penalize FaceCPT for missing or incorrect attributes, leading to more accurate and
distinctive captions. To address attribute imbalance—since only a few attributes are typically
present per face—we employ a weighted CE loss that assigns higher weights to less frequent
attributes. Let ai j denotes the label of the jth attribute. For predicted attributes, ai j = 1
indicates the positive (e.g. man), and ai j = −1 denotes the negative (e.g. woman) of the
attribute in the input caption. Missing attributes are always marked as 0.

LSAAL(I) =
1
N ∑

i
∑

j
−wa j logP(a j | Ii). (2)

4 Experiments

4.1 Downstream Tasks
Facial analysis tasks such as face recognition (FR), attribute recognition (FAR), and attribute
estimation (AE) require learning discriminative identity representation, which contrasts with
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Pre-trained Resolution CelebA-Dialog [19] MMCelebA [55] Face2Text [49]
Models R@5 R@10 R@5 R@10 R@5 R@10

Vision-Language Pre-training
CLIP [40] 2242 23.42 42.30 44.06 59.48 37.89 52.47

ALBEF [23] 3842 31.38 47.35 47.51 61.34 47.22 59.54
BLIP-base [24] 3842 32.09 47.56 48.08 61.75 45.20 59.34

mPLUG-large [21] 3362 29.29 46.50 46.35 59.56 38.39 48.65
BLIP2-OPT2.7B 3642 32.04 47.78 47.90 62.02 48.58 62.60

Facial Representation Learning
FaRL [57] 2242 32.84 47.90 47.83 61.70 46.34 60.27
FLIP [28] 2242 33.08 48.21 48.51 61.92 46.65 60.60

Ours(FaceCPT-R50) 1122 32.36 48.44 49.50 62.02 45.86 59.48
Ours(FaceCPT-R101) 1122 33.48 48.94 50.01 62.88 48.76 63.12

Table 2: Overview of FaceCPT performance in text-based face image retrieval.

Pre-trained Res. LFW [16] Age-DB [34]
Models R@10 R@20 R@10 R@20

Vision-Language Pre-training
BLIP-base [24] 3842 4.89 8.27 5.56 8.51
mPLUG-large [21] 3362 9.52 11.79 12.30 15.13
BLIP2-OPT2.7B 3642 7.85 12.63 12.88 15.92
Facial Representation Learning
FaRL [57] 2242 9.85 14.36 12.98 16.90
FLIP [28] 2242 9.90 14.47 13.11 17.06
FaceCPT-R50 1122 10.91 15.94 13.12 18.51
FaceCPT-R101 1122 11.25 16.13 14.06 20.10
FaceCPT-R50 2242 10.91 17.33 13.25 19.26
FaceCPT-R101 2242 11.56 16.90 15.21 21.46
Table 3: Comparison of zero-shot transfer-
ability among FaceCPT and SOTA VLP and
FRL baselines for text-to-face self-retrieval,
with all methods fine-tuned on the MM-
CelebA dataset.

Methods Training CelebA [30] LFWA
DMM† [32]

FSL

91.70 86.56
SlimCNN† [44] 91.24 76.02
AFFAIR† [22] 91.45 86.13

SSPL† [45] 91.77 86.53
MCF* [54] 91.33 -
FRL* [2] 89.65 -

FRA* [12] 92.20 -
Faceptor [39]

WSL
91.39 -

FaceXFormer [35] 91.79 -
FaRL† [57] 91.88 86.69

Ours (FaceCPT-R50) 91.92 86.40
Ours (FaceCPT-R101) 92.12 86.72

Table 4: Comparison with various fully supervised
(FSL), self-supervised (SSL), and weakly super-
vised (WSL) learning methods for FAR. Note that
† and * indicate results taken from [57] and [12],
respectively.

learning facial representation via face-caption matching. Nevertheless, FaceCPT needs only
moderate fine-tuning to adapt its image encoder for discriminative representation. Face cap-
tioning is typically evaluated using BLEU-4 [37] (B@4), METEOR [9] (M), ROUGE-L [29]
(RL), and CIDEr [51] (C). However, these metrics often overlook the true semantic quality
of a distinctive caption, as they mainly rely on n-gram overlap. For example, a model may
receive low scores even if it generates descriptive facial descriptions, simply because cer-
tain attributes are not present in the reference captions. This limitation poses a significant
challenge for evaluating face captioning. In this study, we focus on generating descriptive
captions to improve text-based face retrieval. We further enhance retrieval performance by
optimizing FaceCPT with ITC and ITM contrastive losses, which ensure strong semantic
alignment between face and caption representations. Furthermore, SAAL and the LM loss
help to bridge the image-text modality gap by improving FaceCPT’s semantic understanding.

4.2 Implementation Details
We pre-train our model end-to-end using FaceCaption-15M [5] and a refined version of
FLIP-80M [28], processed using a method similar to that employed for FaceCaption-15M.
We compare our approach with VLP baselines, including CLIP [40], ALIGN [18], AL-
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Methods Res LFW CFP-FP AgeDB CALFW CPLFW
Cosface [52] 1122 99.81 98.12 98.11 95.76 92.28
ViT* [11] 2242 99.83 96.19 97.82 95.92 92.55
FaRL* [57] 2242 99.60 96.70 95.55 95.38 92.38
Faceptor* [39] 1122 99.40 96.34 93.65 94.75 92.27
FaceCPT-R50 1122 99.68 96.88 98.01 95.58 92.42
FaceCPT-R101 1122 99.73 97.09 98.14 95.66 92.59
Table 5: Comparison with FRL methods on bench-
mark FR evaluation datasets using 1:1 verification.
All methods have been fine-tuned using the Cos-
Face [52] loss to ensure a fair comparison. *: re-
sults are taken from [39]

Methods RAF-DB [26] AgeDB [34]
FaRL [57] 88.31 5.64

Faceptor [39] 91.26 4.96
SwinFace [38] 90.97 -

QFace [47] 92.86 4.67
FaceCPT-R50 91.42 4.91
FaceCPT-R101 91.82 4.63
Table 6: Comparison with SOTA FRL
methods for AE on the AgeDB dataset
using mean absolute error (MAE ↓) and
for FER on the benchmark RAF-DB
dataset using mean accuracy (↑).

Objectives Retrieval-ZS Caption-FT
R@5 R@10 B@4 M RL

ITM+ITC 27.88 42.65 - - -
LM - - 37.72 52.48 48.14

ITM+ITC+LM 28.62 43.81 38.96 59.05 54.86
ITM+ITC+LM+VA 30.95 46.35 39.18 59.35 55.25

ITM+ITC+LM+VA+SAAL - - 40.54 61.60 57.50
Table 7: Analysis of different pre-training com-
ponents of FaceCPT.

Encoders Patch Retrieval-ZS Caption-ZS
R@5 R@10 B@4 M RL

ViT-base 162 30.04 44.68 10.40 31.92 24.81
ViT-base 82 30.48 45.25 10.91 31.96 25.12
ViT-large 162 31.18 46.54 10.98 32.11 25.21

Ours - 30.95 46.35 10.27 32.66 24.92
Table 8: Ablating different image encoder
variants in FaceCPT

BEF [23], mPLUG [21], BLIP [24], and BLIP2 [25], all of which are fully fine-tuned on the
respective task-specific datasets. Additionally, we evaluate FaceCPT against prevalent FRL
methods—Talk2Face [27], FaRL [57], and FLIP [28].

The image encoder, initialized with ArcFace weights [6] pre-trained on MS1MV2 [6].
The text encoder and cross-modal encoder are initialized using the first and last six layers
of the pre-trained BERT-base model [10], respectively. The text decoder, also a BERT-base
model, shares some layers with the cross-modal encoder. To evaluate text-based face re-
trieval, we first select the top K candidates based on face-caption similarity, then re-rank
them using their pairwise ITM scores. For all datasets, we set K = 128. All of the CelebA-
based fine-tuning datasets provide 40 facial attributes [55] as ground truth to train our at-
tribute prediction model, which is then used to predict attributes for unlabeled datasets like
Face2Text [49]. During pre-training, FaceCPT is optimized using the AdamW [31] opti-
mizer with a weight decay of 0.05. We use a batch size of 128 and begin with a learning rate
of 1e-6. Additional details on datasets, baselines, and hyperparameters are provided in the
supplementary materials.

4.3 Main Results

Evaluation on Cross-Modal Tasks: Table 1 compares FaceCPT with existing VLP base-
lines for face image captioning. FaceCPT, using a ResNet-101 encoder, outperforms other
VLPs that rely on higher-resolution inputs and greater computational resources. In contrast,
FaceCPT operates on lower-resolution inputs (1122) during both training and evaluation, re-
sulting in significantly faster inference. Although mPLUG [21] was fine-tuned to optimize
CIDEr-based rewards using the self-critical sequence training (SCST) framework [41], it
achieves higher CIDEr scores at the cost of generating less distinctive captions. This ten-
dency to mimic reference captions also leads to lower self-retrieval performance. In this
study, we focus on generating distinctive captions to improve self-retrieval; thus, we do not
implement any reference-based optimization to boost metrics like CIDEr. Table 2 compares
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the performance of FaceCPT with other methods, showing improvements over baselines.
Specifically, FaceCPT exceeds FLIP [28] by 1.50%, 2.11%, and 0.40% in R@5 on the MM-
CelebA, Face2Text, and CelebA-Dialog datasets, respectively. In addition, Table 3 com-
pares zero-shot retrieval performance of FaceCPT with SOTA baselines fine-tuned on MM-
CelebA [55]. FaceCPT significantly outperforms them on both LFW [16] and AgeDB [34],
demonstrating strong robustness to missing modalities and incomplete textual queries.

Evaluation on Facial Analysis: Following the standard protocol [57], we evaluate FaceCPT
for attribute recognition, as shown in Table 4, where most SOTA methods use input resolu-
tions of 224 × 224. Although FaceCPT is not specifically pre-trained for discriminative
tasks, it achieves state-of-the-art performance in FAR with only moderate fine-tuning, out-
performing both FaRL [57] and FaceXFormer [35]. Furthermore, Table 6 presents FER
results on RAF-DB [26] and AE results on AgeDB [34], where FaceCPT surpasses existing
FRL methods and reach the performance of task-specific models. Similarly, Table 5 reports
the 1:1 verification accuracy of various methods on benchmark datasets. Our method once
again outperforms FRL baselines, and achieves performance comparable to off-the-shelf FR
methods [11, 52], demonstrating its effectiveness in learning general facial representation.

4.4 Ablation Study
We analyze FaceCPT through ablations on the MMCelebA [55] dataset using a ResNet-50
image encoder.

Ablating Pre-training Components: We examine the impact of different components of
FaceCPT in Table 7. For the zero-shot retrieval task, we start with the ITM+ITC components,
which form the core of FaceCPT’s retrieval architecture. Adding the LM components slightly
improves performance by enabling the model to capture fine-grained details. Incorporating
the visual adapter (VA) into the image encoder enhances performance by combining global
and local image features into a more comprehensive representation. For face captioning,
we start with LM loss and incrementally add components, with ITM+ITC losses further
improving captioning. Moreover, the application of SAAL loss has a significant impact.

Ablating Image Encoders: We further evaluate the impact of different image encoders on
FaceCPT, as demonstrated in Table 8. ResNets-based encoder performs comparably to ViT-
Base [11] with patch sizes of 16×16 and 8×8. Although ViT-B/8 and ViT-L may provide
better performance with larger pre-training datasets, their computational cost is higher com-
pared to the ResNet encoders.

Ablating Image Quality: We analyze the impact of image quality on FaceCPT’s perfor-
mance in cross-modal tasks by simulating various levels of image degradation using atmo-
spheric turbulence [33]. As reported in Table 9, our model maintains strong performance
in face captioning but experiences a decline in text-based face retrieval. The distortions in
low-quality images obscure key visual cues, leading to poor facial representation.

Visualization: In Figure 3, we present the Grad-CAM-generated class activation maps [43]
to illustrate how FaceCPT attends to key facial regions based on the semantic attributes of the
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Sample Distorted Faces Distortion Turbulence Retrieval-FT Caption-FT
Levels(↓) Strengths R@5 R@10 B@4 M RL C

2               30               1 0 0 49.50 62.02 40.54 61.60 57.50 30.05
1 0.5 38.49 54.08 40.32 60.44 56.48 25.77
2 1 33.26 48.97 39.25 59.97 55.25 23.61
3 1.5 27.85 42.65 37.45 59.35 54.68 22.83

Table 9: Ablation study on the impact of face quality on cross-modal performance.

Query Text: A person with a long, thin nose, a small mouth and an elongated face. The person has long, curly 
blonde hair and has a fringe covering all of the forehead. 

This person has pointy nose, mouth 
slightly open, wavy hair, and black hair, 
she is smiling and is wearing earrings, and 
heavy makeup.

  ##eegoat ##burnside black hairbushy eyebrows lips mustache

Caption: This man has goatee, sideburns, bushy eyebrows, big lips, mustache,  straight hair, and black hair.

This person has a smile, adorned with 
earrings, lipstick, a necklace, and bangs. Her 
lips are full and her hair is brown, with high 
cheekbones and narrow eyes.

Input                     Generated Caption Input                    Generated Caption

(a)

(b)

(c)

Figure 3: (a) Visualization of sample captions generated by FaceCPT. (b) Retrieved images from text-
based face retrieval task. (c) Class activation maps generated using Grad-CAM.

query caption. The Figure also includes sample captions and retrieved images for text-based
face retrieval. (See supplementary materials for additional visualizations.).

5 Conclusion

We present FaceCPT, a novel weakly supervised framework for learning general facial rep-
resentation. While VLP models are typically optimized to align with references, they of-
ten generate less distinctive outputs. In contrast, FaceCPT incorporates the SAAL during
fine-tuning, which encourages the model to capture fine-grained attributes, leading to more
distinctive captions. As a result, FaceCPT outperforms VLP methods and shows strong zero-
shot transferability. However, it still requires fine-tuning with labeled data for facial analysis.
In future, we plan to pre-train on a larger dataset to further improve its task adaptability.
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