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Abstract :
First-person captioning is significant because it provides veracious descriptions of egocentric scenes in a unique perspective.

Also, there is a need to caption the scene, a.k.a. life-logging, for patients, travellers, and emergency responders in an

egocentric narrative. Ego-captioning is indeed non-trivial since (1) Ego-images can be noisy due to motion and angles;

(2) Describing a scene in a first-person narrative involves drastically different semantics; (3) Empirical implications have

to be made on top of visual appearance because the cameraperson is often outside the field of view. We note we humans

make good sense out of casual footage thanks to our contextual awareness in judging when andwhere the event unfolds, and

whom the cameraperson is interacting with. This inspires the infusion of such “contexts” for situation-aware captioning. We

create EgoCapwhich contains 2.1K ego-images, over 10K ego-captions, and 6.3K contextual labels, to close the gap of lacking

ego-captioning datasets. We propose EgoFormer, a dual-encoder transformer-based network which fuses both contextual

and visual features. The context encoder is pre-trained on ImageNet before fine tuning with context classification tasks.

Similar to visual attention, we exploit stacked multi-head attention layers in the captioning decoder to reinforce attention to

the context features. The EgoFormer has realized state-of-the-art performance on EgoCap achieving a CIDEr score of 125.52.
The EgoCap dataset and EgoFormer are publicly available at https://github.com/zdai257/EgoCap-EgoFormer.

1 Introduction
Vision data collected by body-worn cameras has seen a dra-

matic surge in the past decade. These data contain valu-

able information about the cameraperson’s status as well as

the surroundings. Nevertheless, these data are yet too un-

structured, and sometimes irrelevant, to extract salient ob-

jects or activities, upon which object-led scene understand-

ing has accomplished tremendous success, Anderson et al.,

2018. Egocentric vision data are typically contaminated by

motion blurring, hand occlusion, and awkward camera an-

gles, Grauman et al., 2021. Interestingly, we humans tell

a good story from footage captured in poor camera angles.

From a pair of shoes pointing inwards on featureless ground

could we tell “I” am in a social occasion with somebody

in front. This is accredited to our empirical knowledge of

quickly judging - Whom is the cameraperson interacting

with? Where and when does the scene unfold? With the

help of such context, we make incredibly accurate inference

of the situation even from poorly presented angles, objects,

or blurriness.

In this work, we tackle the under-explored problem

of egocentric image captioning. Ego-captioning aims at

human-understandable interpretation of vision data which

is crucial for various life-logging applications. Prospective

use cases include auto calorie intake recording for people

on a diet, Bolanos et al., 2017, daily activity tracking for pa-

tients, Fan et al., 2018, and event summarization for emer-

gency responders, Dai et al., 2022. As is shown in Fig. 1, we

note 1st-person captioning provides a precise perspective

in storytelling, whereas, a 3rd-person narrative poses am-

biguity. Moreover, a first-person narrator places the viewer

at the centre of the action and lends credence to the narra-

tion, Fan et al., 2018. Thereby, ego-captioning is also critical

for artificial intelligence to establish the notion of “self”. It

enables a machine to distinguish itself as a participant or

an observer, which is vital to avoid misconceptions in scene

understanding.

Nonetheless, the state-of-the-art data-driven captioning

has largely focused on describing the contents objectively,

i.e., in a 3rd-person narrative, Anderson et al., 2018. This

results in most captioning datasets being labelled in the 3rd

person, such as COCO, Lin et al., 2014, and MSR-VTT, J. Xu

et al., 2016. We note first-person captions cannot be easily

created from 3rd-person captions. Specific challenges are:

(i) Syntax of a 1st-person narrative is semantically different

from a 3rd-person narrative; (ii) Egocentric vision data are

often contaminated by noise caused by motion, occlusion,

and awkward camera angles which affect the accuracy of

extracting object attributes or key features; (iii) Empirical

implications of the cameraperson’s status have to be made

as she/he is usually outside the field of view. Despite the

widespread use of wearable cameras, video stream record-

ing remains particularly power-and-memory-consuming.

Existing life-logging datasets, e.g., EDUB-SegDesc, Bolanos
et al., 2017, or Deepdiary, Fan et al., 2018, record sequences

of images shot at 2 frames per minute. In this paper we

https://github.com/zdai257/EgoCap-EgoFormer
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"A pair of hands are
giving CPR."

"A pair of hands are
giving CPR."

 "I am giving CPR to
a patient."

 "I am watching
someone giving CPR

to a patient."

Body-worn Camera Captured Scene 3rd-person Captioning 1st-person Captioning

Figure 1. First-person captioning resolves ambiguity where third-person

fails.

scope our research to ego-image captioning.

The deep learning approach to 3rd-person captioning has

drawn increasing attention for its success in learning visual-

semantic representations. In contrast, previous attempts

to generate ego-captions using templates or beam search

based on mixed 1st- and 3rd-person captions, Fan et al.,

2018, deliver inconsistent results. On the other hand, we

notice contextual cues, such as combination of instances of-

ten seen indoor or outdoor (where), illumination condition

(when), and interacting human/objects (whom), play a sig-

nificant role in facilitating human-alike scene understand-

ing. We are, thus, inspired to fuse such “contexts” in the cap-

tion generation process. We argue an attention mechanism

should be applied equally to the visual features and the con-

textual knowledge to tackle the perception challenges in an

ego-perspective. Transformers, Vaswani et al., 2017, origi-

nally initiated for sequential Natural Language Processing

(NLP), emerges as a natural baseline for its strength in ad-

dressing long-term syntactic dependencies, Dosovitskiy et

al., 2021.

To this end, we create a new dataset, EgoCap, comprising

life-logging images with five ego-captions each to generate

1st-person captions consistently. We select source images

from prevailing datasets (COCO, Lin et al., 2014, MSVD,

Chen et al., 2011, MSR-VTT, J. Xu et al., 2016, and Ego4D,

Grauman et al., 2021) to avoid privacy issues and to in-

crease scene diversity. EgoCap incorporates contextual la-

bels, namelywhere,when, andwhom, through querying sur-

veyors. We propose an enhanced transformer network, Ego-
Former, that fuses the contextual knowledge using a stacked
cross-attention layer alongside visual features. The Ego-
Former comprises feature extractor backbones, a visual en-

coder, a context encoder, and a captioning decoder. We take

a strategy of pre-training the visual encoder and decoder on

the COCO dataset to grant the model visual-semantic and

syntactic capabilities before fine tuning it on EgoCap. Like-
wise, we take the context encoder pre-trained on ImageNet,

Deng et al., 2009, to broaden its horizon of concept recog-

nition before fine tuning it with context classifications. We

evaluate the performance of EgoFormer on EgoCap, and on a
released set from Deepdiary, Fan et al., 2018. Our proposed

model demonstrates state-of-the-art performance improve-

ment based on various machine translation metrics.

Our major contributions are: (1) We release a dataset

for egocentric image captioning which, to the best of our

knowledge, is the first that can support end-to-end learning;

(2) We propose a transformer-based network with visual-

context fusion modules to conduct ego-captioning with en-

hanced contextual awareness; (3) Extensive experiments

demonstrate the superiority of the proposed approach to

egocentric image captioning.

2 Related Work

2.1 Data-driven Captioning

Ever since Vaswani et al., 2017 proposed the transformer

architecture, it has surpassed convolution-based models,

Donahue et al., 2015; Anderson et al., 2018, to become state

of the art for visual-captioning tasks. Numerous augmented

transformers then emerged to improve performance fur-

ther, Zhao et al., 2019; X. Zhang et al., 2021. Multiple self-

attention heads and hierarchies of attention were utilized in

Huang et al., 2019. Cornia et al., 2020 introduced memory

cells and skip connections to fully exploit low- and high-

level features of the attention layers.

Transformers are outstanding in capturing long-term de-

pendencies. To date egocentric image captioning has stag-

nated in the CNN-RNN era, Singh et al., 2016. It is found al-

lowing multi-pass attention to the greedy decoded caption,

Barraco et al., 2022, produces better results. However, this

not only increases the inference complexity but presumes

all texts are rich in semantics and significance, which does

not apply to ego-captions. The recently published CoCa

captioner, Yu et al., 2022, provides a paradigm of empow-

ering a feature encoder with image recognition capabilities

via ImageNet, Deng et al., 2009, pre-training. Meanwhile,

many works have extracted and adopted additional features

from the images, a.k.a., the bottom-up and top-down ap-

proach, Anderson et al., 2018. Geometric features, object-

relation features, and semantic groundings, Sen et al., 2020,

are used to enhance captioning. However, these additional

features rely on the success of object detection from the im-

age, Ren et al., 2015. We notice viability of detecting objects

for egocentric images is impeded owing to mere object cues

available, e.g., in bad camera angles. In NLP, it is recognized

that coherent texts can be synthesized through attention,

Zhao et al., 2019. This lends captioning models the power

of comprehending the scene using external sources of in-

formation. Hence, this research is inspired by fusing addi-

tional contexts to enhance egocentric visual captioning in a

CoCa-alike way.

2.2 Existing Egocentric or Captioning Datasets

Although popular 3rd-person captioning datasets, such as

COCO, Lin et al., 2014, are valuable sources, they cannot

be directly used for ego-captioning. Current egocentric vi-

sual captioning datasets are limited in either scale or diver-

ii
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Table 1
A comparison of existing egocentric or captioning datasets.

Datasets Size

Labels

𝐷𝑖𝑣𝑒𝑟𝑠𝑒 𝑂𝐷⋄ 𝐻𝐴𝐶★
3rd-cap 1st-cap Context

COCO Lin et al., 2014 118𝐾 ✓ ✓ ✓

MSVD Chen et al., 2011 1.9𝐾 ✓ ✓

MSR-VTT J. Xu et al., 2016 10𝐾 ✓ ✓

Charades-Ego Sigurdsson et al., 2018 4𝐾 ✓

EPIC-Kitchens Damen et al., 2018 100ℎ ✓ ✓

Deepdiary Fan et al., 2018 7.7𝐾△ ✓ ✓

EDUB-SegDesc Bolanos et al., 2017 1.3𝐾† ✓

Ego4D Grauman et al., 2021 3025ℎ ✓ ✓

𝐸𝑔𝑜𝐶𝑎𝑝 2.1𝐾 ✓ ✓ ✓

⋄ Object Detection.

★Human Activity Classification.

△ Fewer than 300 images are released for privacy concerns.

† Unavailable for download.

sity as shown in Table 1. Charades-Ego, Sigurdsson et al.,

2018, and EPIC-Kitchens, Damen et al., 2018, provide class

labels of Human Activity Classification (HAC) only, and are

constrained in scene diversity. Deepdiary, Fan et al., 2018,

and EDUB-SegDesc, Bolanos et al., 2017, combined release

fewer than 300 ego-image samples in total due to privacy

concerns. Ego4D, Grauman et al., 2021, is a large-scale ego-

centric video dataset collected across the globe. Unfortu-

nately, annotations of Ego4D only provide HAC labels and

template-based captions like “A interacts with B”. We con-

trast EgoCap with existing datasets in Table 1. In sum, there

is currently a lack of sizeable datasets supporting egocentric

captioning studies.

3 EgoCap
We create a first egocentric image captioning dataset, Ego-
Cap 1

, each image of which comprises five captions in

only first-person narrative alongside three contextual la-

bels (where, when, and whom). We collect source images

randomly from datasets widely acknowledged in visual-

semantic studies, including COCO, Lin et al., 2014, MSVD,

Chen et al., 2011, MSR-VTT, J. Xu et al., 2016, and Ego4D,

Grauman et al., 2021. This not only maximizes scene di-

versity but evades privacy concerns for release. The con-

text labels, which are obtained through polling five survey-

ors with expertise in vision data processing, are regarded

as probability distributions for contextual representation

learning.

EgoCap is comprised of 2079 images (1252 from Ego4D;

289 from COCO; 218 from MSVD; 320 from MSR-VTT)

and over 10K egocentric captions alongside 6.3K contextual

tags. We also retrieved weak labels of 3rd-person captions

or HACs from their source datasets, and associated them for

reference. Figure 2 shows the composition of EgoCap from

1
Available at: https://drive.google.com/drive/folders/
10u8kBlrqi9sFiXZrouP6FChypen4dcFz

multiple viewpoints. To the best of our knowledge, this is

a first sizable dataset, with labelled contextual information,

that allows end-to-end ego-caption learning.

4 EgoFormer

We observe object detection constantly fails in extracting

useful information from ego-images. This prevents the con-

ventional “bottom-up” method, Anderson et al., 2018, from

resolving the caption through identifying key attributes in

the scene. In fact, COCO dataset reports 3.5 categories of

objects and 7.7 instances on average per image, Lin et al.,

2014. However, after applying Faster R-CNN, Ren et al.,

2015, a de facto approach to acquiring bottom-up features,

we notice only 1.87 categories of objects and 2.98 instances

are detected in average from EgoCap. Furthermore, many

ego-images reveal 0 detected objects which utterly prevents

“bottom-up” feature integration.

Now that fine-grained attribute features of images are un-

available in egocentric footage, we argue the where, when,
and whom knowledge beyond the field-of-view play a key

role in ego-captioning. Specifically, we provide the caption-

ing engine with such contextual knowledge to be able to

judge the spatial-temporal conditions and interacting ob-

ject(s) in which the scene unfolds. To this end, we pro-

pose EgoFormer, a two-stream transformer based network

to generate ego-caption with enhanced contextual aware-

ness. One encoder (visual ViT, Dosovitskiy et al., 2021)

learns visual features from the ego-image patches. This ViT

is pre-trained on the COCO dataset, together with the de-

coder, to establish visual recognition and semantic capa-

bilities. The other encoder (context ViT), pre-trained on

ImageNet, is trained to master multi-label classification of

where, when, andwhom contexts. Obtained context features

and visual features are fused in a stacked MHA (Multi-Head

Attention) module. The design of EgoFormer is sketched in

Fig. 3 and explained in detail in the following subsections.

iii
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Ego4D
60.2%

COCO
13.9%

MSVD
10.5%

MSRVTT

15.4%

Distribution of Sources
Interacting with people

9.9%

Salient object in sight 26.4%

Unclear
63.8%

Distribution of Themes

Doing sth. 54.9%
No defined activity45.1%

Proportion of Classified Activity

I'm doing sth.

73.5%

I see others' doing sth.

26.5%

I do v.s. Others do

Figure 2. The composition of EgoCap (top left). Distribution of image themes (top right). Proportion of images with explicitly labelled activity or not

(bottom left). Proportion of “I do” versus “I see others do” in those with classified activity labels (bottom right).

4.1 Visual Encoder
The transformer model has demonstrated state-of-the-art

performance in various visual-semantic tasks since its pro-

posal, Vaswani et al., 2017. We follow the encoder-decoder

paradigm for captioning. We first input the images to fea-

ture extractor backbones for visual token extraction. In or-

der to emulate 1D sequences from images, we add 2D posi-

tional encoding to the evenly split image patches. We take

the outputs, 𝐼𝐶𝑁𝑁 ∈ 𝑅𝐻
′×𝑊 ′×𝐶′

from the activation of the

last convolutional layer, and flatten the first two dimensions

to produce a 1D sequence. Average pooling is used to de-

rive flattened representations from the convolutional layer.

We use a convolutional layer of 1 × 1 kernal size to rescale

the channel size to the transformer hidden state size, 𝑑𝑚
(𝑑𝑚 = 256 in our experiments).

The visual ViT encoder consists of 𝑁 stacked modules of

MHA (i.e., 𝑆𝑒𝑙 𝑓 𝐴𝑡𝑡𝑛) and feed forward networks (FFN) to

learn visual representations, V𝑁 , of ego-images. The first

MHA layer takes as input the queries, Q = 𝑋𝑊𝑄 , keys, K =

𝑋𝑊𝐾 , and values, V = 𝑋𝑊𝑉 , which are split into ℎ heads for

joint attention in the sub-spaces. Each head, ℎ𝑖 , conducts

MHA among Q, K, V. The FFN layer is comprised of two

linear layerswith a ReLU activation and dropout (of rate 0.1)

after the first. The visual representations can be expressed

as;

V𝑁 = 𝐹𝐹𝑁
(
𝑀𝐻𝐴𝑁 (Q,K,V)

)
(1)

In each sub-layer, there is a residual connection and a

normalization layer. All stacked layers follow the same de-

sign.

4.2 Context Encoder
Ego-images are often corrupted by occlusion or bad cam-

era angles as seen in EgoCap (examples are shown in Supp.

Materials). We humans have the ability to judge the situ-

ation from partially visible matters and casual camera an-

gles, Xiao et al., 2020. Thus, it is of great importance for

ego-captioning models to possess such contextual aware-

ness. We propose a separate context encoder and utilize a

novel decoder architecture to fuse the contextual represen-

tations to facilitate attention to both visual and contextual

cues.

We design a context ViT encoder to perform contextual

representation learning. This context ViT encoder is pre-

trained on image classification tasks (ImageNet, Deng et al.,

2009) before fine tuning on the context multilabel classifi-

cations of EgoCap. The loss function of the classifier is the

sum of the three-head cross-entropy losses,

𝐿𝑜𝑠𝑠 (𝜃𝐶 ) =
𝐾∑︁
𝑖

𝐶𝑟𝑜𝑠𝑠𝐸𝑛𝑡𝑟𝑜𝑝𝑦 (𝜌𝑖 , 𝜑𝑖 ) (2)

where 𝐾 = 3 for the three-head classification; 𝜃𝐶 stands for

context ViT parameters; 𝜌 are the prediction probabilities;

and 𝜑 are probability distributions of the contextual labels.

The context ViT encoder uses ResNet-101, He et al.,

2015, as backbone feature extractor. The ViT consists of 𝑀

stacked layers of MHA, each containing ℎ′ attention heads,

followed by FFNs to learn contextual representations, C𝑀 ,
of the ego-images. We utilize a ViT encoder of hidden state

size 768 pre-trained on ImageNet-21K. It is attached to a

3-layer fully-connected classifier of 768, 𝑑𝑚 × 197, and 512

neurons, respectively. Prior to the 2nd layer, context feature

tokens are flatten from a 2D matrix into 1D vectors.

4.3 Context-Aware Caption Decoder

To utilize context, we want to grant greater attention to the

domains in which the contextual knowledge lies. The MHA

iv
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Figure 3. Network architecture of EgoFormer decoder with context fusion.

stands out for this task as it is elaborated for attention. Be-

sides visual feature attention, we propose to conduct atten-

tion to the context features extracted from the first hidden

layer of the context classifier. This is accomplished through

a stacked MHA layer post visual MHA. The network ar-

chitecture is illustrated in Fig. 3. Such an enhanced visual-

context attention module can be expressed as;

X′
𝑗 = 𝑀𝐻𝐴

𝑉
𝑗

(
𝑆𝑒𝑙 𝑓 𝐴𝑡𝑡𝑛(X𝑗−1)𝑊𝑉

𝑄 ,V𝑁𝑊
𝑉
𝐾 ,V𝑁𝑊

𝑉
𝑉

)
(3)

X𝑗 = 𝐹𝐹𝑁 𝑗

(
𝑀𝐻𝐴𝐶𝑗 (X′

𝑗𝑊
𝐶
𝑄 ,C𝑀𝑊

𝐶
𝐾 ,C𝑀𝑊

𝐶
𝑉 )

)
(4)

where X𝑗 are the decoder hidden states of the 𝑗-th module.

Each sub-layer is followed by a residual connection and a

normalization layer. The visual-context attention layer du-

plicates in all 𝑁 stacked decoder modules, each of which

comes with ℎ attention heads.

We use the BERT tokenizer, Devlin et al., 2019, as a word

embedding layer to tokenize the decoder input sentence,

which is a sequence starting with a start-of-sentence sym-

bol and paddings to make up a maximum of 128 words. A

word classifier is designed to predict the next word based on

the last hidden states in an auto-regressive manner. We use

three fully-connected layers of output sizes 512, 512, and

30522 (i.e., vocabulary size of the BERT tokenizer), respec-

tively, with ReLU activations and dropout (of rate 0.1) after

the first two layers. The next-word predictor can be written

as;

𝑇𝑜𝑘𝑒𝑛𝑖𝑑 = argmax

𝑖𝑑

𝐹𝐶3 (𝑅𝑒𝐿𝑈 (𝐹𝐶2 (𝑅𝑒𝐿𝑈 (𝐹𝐶1 (X𝑁 )))))

(5)

The loss function is cross-entropy loss of the next-word

classifier (context classification heads are dropped in this

end-to-end caption training phase). We follow the design of

the original transformer, Vaswani et al., 2017, for the rest.

5 Evaluation
For EgoFormer and all comparison models, we use the

Karpathy split, Karpathy et al., 2017, of the COCO dataset to

pre-train with recommended hyperparameters in the orig-

inal works for a fair comparison. Rich categories of ob-

jects in COCO help the visual encoder and decoder learn

the visual-semantic representations comprehensively. We

use ImageNet 21K, Deng et al., 2009, to pre-train the con-

text ViT encoder before fine tuning on the contextual la-

bels of EgoCap. We eventually train the EgoFormer model

from end-to-end on the image-caption pairs of EgoCapwith
10% of the pre-training learning rates. We split the EgoCap
dataset with 1579 samples for training, 200 for validation,

and 300 for testing. Our quantitative and qualitative analy-

sis, and an ablation study, are presented below.

5.1 Quantitative Comparison with Other Methods
We utilize common machine translation metrics for bench-

markings. Note bottom-up approaches are impractical

on EgoCap due to many samples coming with 0 de-

tected objects, which deny object attributes. This rules

out multiple state-of-the-art methods that work well on

COCO (COCO samples guarantee object presence), such

as Meshed-Memory transformer, Cornia et al., 2020, object

relation transformer, Sen et al., 2020, or AoANet, Huang

et al., 2019. We compare our EgoFormer with CNN-RNN,

Vinyals et al., 2015, CNN-RNN with attention, K. Xu et al.,

2015, the original transformer (𝑇𝑟𝑎𝑛𝑠), Vaswani et al., 2017,

transformer with concatenated context and visual features

(𝑇𝑟𝑎𝑛𝑠𝐶𝑜𝑛𝑐𝑎𝑡 ), Libovický et al., 2018, transformer with gated

information fusion (𝑇𝑟𝑎𝑛𝑠𝐺𝐼𝐹 ), Zhao et al., 2019, RSTNet, X.

Zhang et al., 2021, CaMEL, Barraco et al., 2022, COSNet, Li

et al., 2022, and CLIP-ViL, Shen et al., 2022. These models

are fine-tuned on EgoCap with the same testing set. Con-

texts are not infused in testing these models as they do not

have context encoders. The evaluation results are summa-

rized in Table 2.

Our proposed model scores the highest over other can-

didates, especially on CIDEr which is deemed producing

better human consensus. The EgoFormer exceeds the orig-
inal transformer by 38 units and sees a twofold improve-

ment over those based on a conventional CNN-RNN with

attention. This proves the efficacy of transformers exploit-

ing contextual knowledge. Recent studies of fusing addi-

tional information for captioning show promising results,

Sen et al., 2020. We experimented by concatenating vi-

sual and contextual sequences presented in Libovický et al.,

2018, or using the paradigm proposed in Zhao et al., 2019

to fuse the context representations as external information

through a gated soft switch. Their performance ends up

poorer than EgoFormer. We tested RSTNet, CaMEL, COS-

Net, and CLIP-ViL without self critical sequence training on

EgoCap due to a limited size for the reinforcement learning

phase. Although RSTNet integrates grid features, poor cam-

v
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Table 2
Evaluation of EgoFormer in comparison to other captioning models on EgoCap.

𝑀𝑜𝑑𝑒𝑙 𝐵𝐿𝐸𝑈 1 𝐵𝐿𝐸𝑈 2 𝐵𝐿𝐸𝑈 3 𝐵𝐿𝐸𝑈 4 𝑀𝐸𝑇𝐸𝑂𝑅 𝑅𝑂𝑈𝐺𝐸 − 𝐿 𝐶𝐼𝐷𝐸𝑟 𝑆𝑃𝐼𝐶𝐸

𝐶𝑁𝑁 𝑅𝑁𝑁 Vinyals et al., 2015 42.70 28.96 21.15 15.30 - 41.09 33.14 -

𝐶𝑁𝑁 𝑅𝑁𝑁𝐴𝑡𝑡𝑒𝑛 K. Xu et al., 2015 52.68 38.27 28.95 21.43 - 47.25 51.26 -

𝑇𝑟𝑎𝑛𝑠 Vaswani et al., 2017 63.04 48.37 37.39 28.53 28.54 54.87 87.23 14.16

𝑇𝑟𝑎𝑛𝑠𝐶𝑜𝑛𝑐𝑎𝑡 Libovický et al., 2018 63.95 50.51 41.04 32.33 32.34 54.91 86.55 16.45

𝑇𝑟𝑎𝑛𝑠𝐺𝐼𝐹 Zhao et al., 2019 70.77 59.74 47.87 38.10 37.51 61.77 124.79 18.18

𝑅𝑆𝑇𝑁𝑒𝑡 X. Zhang et al., 2021 69.60 57.18 44.61 34.31 35.66 60.68 114.05 18.88

𝐶𝑎𝑀𝐸𝐿 Barraco et al., 2022 71.98 60.12 47.31 38.09 37.91 61.54 123.76 20.09
𝐶𝑂𝑆𝑁𝑒𝑡 Li et al., 2022 70.45 58.80 47.19 37.52 37.25 61.63 123.20 19.06

𝐶𝐿𝐼𝑃 − 𝑉𝑖𝐿 Shen et al., 2022 69.42 57.19 44.68 34.49 35.96 60.17 116.34 19.35

𝐸𝑔𝑜𝐹𝑜𝑟𝑚𝑒𝑟 70.93 59.69 47.89 37.93 38.01 61.91 125.52 19.93

𝐸𝑔𝑜𝐹𝑜𝑟𝑚𝑒𝑟𝑠𝑚𝑎𝑙𝑙 69.27 57.16 44.73 34.54 35.85 60.48 110.71 16.92

𝐸𝑔𝑜𝐹𝑜𝑟𝑚𝑒𝑟𝑡𝑖𝑛𝑦 64.03 51.56 39.33 29.82 33.46 57.75 91.88 14.41

era angles may undermine efficacy of fusing spatial geome-

try features. Leveraging pre-trained CLIP models, Radford

et al., 2021 , COSNet and CLIP-ViL turn out sub-optimised

because, similarly, CLIP cannot predict objects and subjects

accurately in severe visual degradation. CaMEL realizes op-

timum with several metrics thanks to its dual language de-

coders that learn first-personmeans of expression well. Our

proposed EgoFormer delivers state-of-the-art performance

with BLEU-3, METEOR, ROUGE-L, and CIDEr. Lesser per-

formance is noticed with EgoFormer of more compact visual

backbones such as ResNet-50 (𝐸𝑔𝑜𝐹𝑜𝑟𝑚𝑒𝑟𝑠𝑚𝑎𝑙𝑙 ) and ResNet-

18 (𝐸𝑔𝑜𝐹𝑜𝑟𝑚𝑒𝑟𝑡𝑖𝑛𝑦).

5.2 Qualitative Analysis
Qualitative studies are demonstrated in Fig. 4. In the first

row, although both EgoFormer and the baseline recognize

driving, the baseline cannot tell the fact that someone else is

driving while “I” am a passenger. The baseline also tends to
suffer from overfitting toward car wherever window occurs

as is seen in the 3rd sample. It can be seen from the second

row the EgoFormer is capable of recognizing correct activ-

ities or concepts in challenging camera angles. In the last

sample, it is interesting EgoFormer reveals a bike from hold-

ing a bike helmet without actually seeing a bike. We refer

the reader to Supp. Materials for more qualitative analysis,

inclusive of Deepdiary, Fan et al., 2018, for out-of-domain

tests.

5.3 EgoFormer for Third-Person Caption
Although contexts for COCO dataset are not available, we

examine EgoFormer architecture’s generalization in resolv-

ing third-person captioning. We evaluate EgoFormer on

COCO without pre-training (𝐸𝑔𝑜𝐹𝐵𝑙𝑖𝑛𝑑 𝑐𝑡𝑥 ), or with Ima-

geNet pre-trained context ViT (𝐸𝑔𝑜𝐹𝑅𝑎𝑤 𝑐𝑡𝑥 ), in contrast

to original transformer and state-of-the-art transformers

(with object attributes) shown in Table 3. Since “con-

texts” do not undergo proper representation learning in

both cases, 𝐸𝑔𝑜𝐹𝐵𝑙𝑖𝑛𝑑 𝑐𝑡𝑥 and 𝐸𝑔𝑜𝐹𝑅𝑎𝑤 𝑐𝑡𝑥 unsurprisingly fall

Table 3
EgoFormer benchmarks on COCO. Bk short for BLEUk. 𝑅𝐿 short for

ROUGE-L.𝐶 short for CIDEr. 𝑆 short for SPICE.

𝑀𝑜𝑑𝑒𝑙 𝐵1 𝐵4 𝑅𝐿 𝐶 𝑆

𝑇𝑟𝑎𝑛𝑠 Vaswani et al., 2017 65.2 24.8 45.6 74.9 19.9

𝐴𝑜𝐴𝑁𝑒𝑡 Huang et al., 2019 77.4 37.2 57.5 119.8 21.3

𝑀2 Cornia et al., 2020 80.8 39.1 58.6 131.2 22.6

𝑅𝑆𝑇𝑁𝑒𝑡 X. Zhang et al., 2021 81.8 40.1 59.5 135.6 23.3

𝐶𝑎𝑀𝐸𝐿 Barraco et al., 2022 82.7 40.9 60.1 138.9 23.9

𝐶𝑂𝑆𝑁𝑒𝑡 Li et al., 2022 82.7 42.0 60.6 141.1 24.6

𝐶𝐿𝐼𝑃 − 𝑉𝑖𝐿 Shen et al., 2022 - 39.2 - 130.3 23.0

𝐸𝑔𝑜𝐹𝐵𝑙𝑖𝑛𝑑 𝑐𝑡𝑥 66.2 25.6 45.8 76.0 19.7

𝐸𝑔𝑜𝐹𝑅𝑎𝑤𝑐𝑡𝑥 66.2 25.6 45.8 75.9 19.7

Table 4
Ablation studies of EgoFormer on EgoCap.

𝑀𝑜𝑑𝑒𝑙 𝐵1 𝐵4 𝑅𝐿 𝐶

𝐸𝑔𝑜𝐹 70.93 37.93 61.91 125.52
𝐸𝑔𝑜𝐹𝐶𝑡𝑥 𝑓 𝑢𝑠𝑒 𝑖𝑛 𝑝𝑟𝑖𝑜𝑟 70.32 36.70 62.19 121.47

𝐸𝑔𝑜𝐹𝐶𝑡𝑥 𝑝𝑜𝑠 𝑒𝑛𝑐𝑜𝑑𝑖𝑛𝑔 61.53 25.59 53.51 78.82

𝐸𝑔𝑜𝐹𝐶𝑡𝑥 𝑤𝑜𝑟𝑑 𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔 65.88 30.87 55.36 93.73

𝐸𝑔𝑜𝐹𝐵𝑎𝑐𝑘𝑏𝑜𝑛𝑒𝑉𝑖𝑇 𝑔𝑟𝑎𝑑 62.92 30.50 55.08 94.30

𝐸𝑔𝑜𝐹𝐵𝑎𝑐𝑘𝑏𝑜𝑛𝑒𝑉𝑖𝑇 𝑛𝑜−𝑔𝑟𝑎𝑑 65.79 34.53 56.93 97.87

𝐸𝑔𝑜𝐹𝐵𝑙𝑖𝑛𝑑 𝑐𝑡𝑥 65.06 31.19 55.45 91.33

𝐸𝑔𝑜𝐹𝑅𝑎𝑤𝑐𝑡𝑥 64.60 31.74 55.42 93.63

𝐸𝑔𝑜𝐹𝑊ℎ𝑒𝑟𝑒 𝑜𝑛𝑙𝑦 65.48 32.58 56.76 102.11

𝐸𝑔𝑜𝐹𝑊ℎ𝑒𝑛𝑜𝑛𝑙𝑦 65.89 32.96 57.16 100.86

𝐸𝑔𝑜𝐹𝑊ℎ𝑜𝑚𝑜𝑛𝑙𝑦 65.59 33.18 56.86 101.24

behind state-of-the-art methods.

5.4 Ablation Study
In EgoFormer, the context fusion takes place post visual at-

tention. We investigate the effect of fusing the context prior

to visual (Ctx fuse in prior). Since the context tags are in the

form of 1-out-of-3 options, a question arises whether they

could be regarded as some sort of encoding where these

options are simply differentiated via adding positional en-

coding. We experiment by adopting a learnable embedding
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Figure 4. Qualitative analysis of EgoFormer compared with original transformer (Trans) on EgoCap dataset. GT is short for ground truth.

layer (Ctx pos encoding) with an input size of 3 × 3 to map

the context selections into features in which the dimension

is equivalent to transformer hidden states, 𝑑𝑚 . Transformer

with a knowledge graph, Y. Zhang et al., 2021, proposes to

embed semantic keywords together with their neighbours

to enrich the caption generation. We evaluate this by fus-

ing the wording embedding of the top-4 synonyms of in-
door/outdoor, daytime/night, and object/human (masked to-

kens for ambiguous) using a stacked MHA (Ctx word em-
bedding). An important question is whether ego-captioning

relies on the same visual representations as 3rd-person cap-

tioning (pre-trained on COCO) which are extracted by a

frozen backbone CNN. Whereby, we test this by allowing

gradient descents for the backbone CNN parameters when

training EgoFormer (Backbone ViT grad), and freezing both

the backbone CNN and the ViT encoders (Backbone ViT no-
grad), respectively. We also investigate the necessity of

two-stage pre-training of context ViT encoder by skipping

the ImageNet transfer learning (Blind ctx) or skipping the

EgoCap context classifications (Raw ctx). Lastly, we test the
contribution of contexts by fine tuning the classifier with

where, when, or whom only as context.

Following an identical training strategy, the ablative out-

comes are shown in Table 4. Fusing the contexts prior to

visual features appears sub-optimal regarding all metrics

except 𝑅𝐿 . The context positional encoding method turns

out the worst most likely because the semantics of the con-

text information are overlooked. We find the performance is

degraded when fusing word embeddings of contextual key-

words and their synonyms directly. The overall evaluation

improves in order from allowing the backbone and encoders

to learn, to freezing both backbone and encoders, to only

freezing the backbone (EgoFormer) during training. This

implies the ViT encoders have to adapt which proves Ego-
Former is learning unique visual-context representations to
arrive at optimized ego-captions. Nonetheless, the back-

bone CNN outputs had better stay constant as sequences

of feature tokens. The CIDEr scores deteriorate by 34 units

and 32 units without ImageNet and EgoCap context pre-

training phases, respectively. Nonetheless, fine tuning with

any of the contexts appears to optimize the contextual rep-

resentations to an extent. In summary, the EgoFormer ac-
complishes top-2 in every metric if not the best.

5.5 Computational Resources

We use an NVIDIA RTX A6000 GPU with 48 GB mem-

ory to train EgoFormer including all pre-training phases,

comparative models, and ablative studies. It takes 20 min-

utes to perform fine tuning of the ViT context encoder.

Pre-training the captioner’s encoder-decoder backbone net-

work on COCO costs 30 hours. End-to-end training of Ego-
Former takes about 4 hours.

6 Conclusion

Body-worn camera footage from life-logging, patients,

or emergency responders, have witnessed a great surge.

Nonetheless, first-person captioning which reflects a vera-

cious perspective of depicting ego-images has been under-

explored compared to 3rd-person ones. We create a dataset
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of egocentric image-caption pairs with contexts. We pro-

pose a novel transformer network to fuse the contextual

knowledge which brings about state-of-the-art captioning

on EgoCap. Crucially, our findings shed light on image cap-

tioning when object cues are absent.

Upon successfully fusing the contexts, we plan to

expand “contexts” in EgoCap with greater concrete-

ness, such as more fine-grained details about location

(“kitchen/bedroom/in transportation/shopping mall” etc.)

and time (“sunny dawn/rainy day/stormy night” etc.). It is

planned to leverage crowdsourcing to constantly grow the

size and diversity of EgoCap. We want to integrate hand

gesture, eye contact, and auditory inputs to enrich contexts

in broader senses. We think ego-image captioning is a vi-

tal step towards the more challenging ego-video captioning

which we will address in future work.
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