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Abstract

We introduce LaGTran, a novel framework that
utilizes text supervision to guide robust transfer
of discriminative knowledge from labeled source
to unlabeled target data with domain gaps. While
unsupervised adaptation methods have been es-
tablished to address this problem, they show lim-
itations in handling challenging domain shifts
due to their exclusive operation within the pixel-
space. Motivated by our observation that seman-
tically richer text modality has more favorable
transfer properties, we devise a transfer mecha-
nism to use a source-trained text-classifier to gen-
erate predictions on the target text descriptions,
and utilize these predictions as supervision for
the corresponding images. Our approach driven
by language guidance is surprisingly easy and
simple, yet significantly outperforms all prior ap-
proaches on challenging datasets like GeoNet and
DomainNet, validating its extreme effectiveness.
To further extend the scope of our study beyond
images, we introduce a new benchmark called
Ego2Exo to study ego-exo transfer in videos and
find that our language-aided approach LaGTran
yields significant gains in this highly challeng-
ing and non-trivial transfer setting. Code, models
and proposed datasets are publicly available at
https://tarun@@5.github.io/lagtran/.

1. Introduction

Despite great strides in the performance in several applica-
tions of computer vision recent years, achieving robustness
to distribution shifts at test-time still remains a challenge.
In particular, a fundamental need to improve generalization
to domains without manual supervision arises due to the
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Figure 1: A summary of our insights for LaGTran: In a domain transfer
setting with labeled source and unlabeled target domain data, we observe
significantly more drop incurred while transferring an image-classifier
trained on source images to target (17.1%), compared to a text-classifier
trained on corresponding text descriptions of source images (9.5%). We
use this insight to build a simple framework called LaGTran that leverages
these text descriptions easily available in both domains to improve transfer
in images and videos.

cost and scarcity of acquiring labeled images. A dominant
paradigm to address this limitation has been unsupervised
domain adaptation (UDA), which uses labels from a related
source domain along with distribution alignment techniques
to bridge the domain gap (Ganin & Lempitsky, 2015; Long
et al., 2018; Saito et al., 2018; Xu et al., 2019; Sharma et al.,
2021; Wei et al., 2021; Chen et al., 2022; Zhu et al., 2023).
Despite their noted success, their limitations in addressing
challenging transfer beyond regular domain shifts (Saenko
et al., 2010; Venkateswara et al., 2017; Peng et al., 2017)
is recently highlighted (Prabhu et al., 2022; Kalluri et al.,
2023). We posit that a part of this limitation potentially
stems from their dependence on pixel-level data alone to
bridge domain gaps, as accurately characterizing shifts and
devising bridging strategies solely based on images becomes
challenging beyond standard domain shift scenarios.

In contrast, we propose an alternative approach to ease trans-
fer across such challenging shifts by instead leveraging ubiq-
uitously available language guidance during training. Our
framework, called LaGTran for Language Guided Transfer
Across Domains, is surprisingly simple to implement, yet
shows extreme effectiveness and competence in handling
transfer across challenging domain shifts in images and
videos compared to any image-based adaptation method.
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Our key insight lies in observing that text guidance, which < A novel framework_aGTrarhighlighting the feasibility

is readily available in the form of metadata for internet-  of incorporating various forms of readily available text

sourced datasets or easily generated with emerging image supervision in enhancing transfer across domain shifts

captioning models, requires no human annotation while of- (Sec. 3.2).

fering a more suitable avenue in transferring discriminative ¢ A new dataset Ego2Exo to study the problem of cross-

knowledge even across challenging domain shifts. view transfer in videos with ne-grained labels covering
a diverse pool of actions and free-form text descriptions
providing language guidance (Sec. 4.3).

» Demonstration of the competencelcdGTranacross
a variety of domain shifts, with non-trivial gains over
UDA methods on challenging datasets like GeoNet
(+10%), DomainNet (+3%) and the proposed Ego2Exo
(+4%) datasets (Sec. 4).

We further illustrate this property in Fig. 1, where we exam-
ine the transferability ofimage and text classi ers trained us-
ing image or text supervision respectively between USA and
Asia domains from the GeoNet dataset (Kalluri et al., 2023).
We observe signi cantly less droj9:6%) when applying a
text classi er trained on the source text to target text, com-
pared tol7:1% drop incurred when transferring an image
classi er to target images. As text operates in a signi cantly
lower-dimensional space, language modality naturally hag. Related Work

lesser domain gaps as opposed to images or videos. Further-

more, text descriptions often contain valuable attributes andPomain robustness in computer vision. A suite of meth-
identi ers that enhance the ability to accurately recognizeods have been proposed to improve accuracy on an unla-
images in a standard classi cation setting, suggesting mor&eled target domain by leveraging labels from a different
favorable domain robustness and discriminative propertiesource domain using unsupervised adaptation (Ben-David
of language descriptions compared to images. et al., 2006; 2010; Ganin & Lempitsky, 2015; Long et al.,

_ . 2018), where prior works propose various domain align-
In the current work, we incorporate these observations tQ . . strategies including MMD-based (Tan et al., 2020;

improve transfer in a scenario where the source domeuﬂong etal., 2017; Sun & Saenko, 2016; Kang et al., 2019)

has text descriptions accessible along with the labels, buédversarial (Bousmalis et al., 2016; Tzeng et al., 2017; Saito
the target domain only has text descriptions corresponding. " "5417. chen et al 2619a' ,Tzeng ot aI, 2015’. Wei

to _the Images. Accordmgly, we rsttrain a t_ext classi er tal., 2021), class-speci c adaptation (Pei et al., 2018; Saito
using the source domain language descriptions and IabeE

. . ! %al., 2018; Luo et al., 2019; Xie et al., 2018; Kumar et al.,
and transfer this classi er to assign pseudo-labels to th92018_ Gu et al., 2020), clustering (Deng et al., 2019; Park
target text descriptions, which, from Fig. 1, would yield ' ” y ; y

bust do-label dtoth : et al., 2020; Li et al., 2021a; Kalluri & Chandraker, 2022)
Mmore robust pseudo-labels compared 1o the common Im"’lgleh'stance—speci ¢ adaptation (Sharma et al., 2021; Kalluri

b?sledzt(;ggsf\e,\r/ (LtI;\J et fal., 28_216}[i Sun ?rt] al., 2022& Klljrga tal., 2022; Wang et al., 2022), self-training (French et al.,
etal., 2020). We, therefore, directly use these pseudo-labe’y), 7. | i, ot a1 2021a; Sun et al., 2022; Prabhu et al., 2022)

as supervisign fgr.the uqlabeled target image; to _train a3nd more recently transformers (Xu et al., 2021) or patch-
image classi er jointly with source labels. This simple based mechanisms (Zhu et al., 2023). Similar ideas have

technique, free of any complicated adaptation mechamsmaiso been explored in video domain adaptation (Choi et al.,

S.hOWS remarkably st_rong performance surpassing compe 020), with extensions to incorporate temporal alignment
tive baselines and prior UDA methods.

(Chen et al., 2019a; Wei et al., 2023; Sahoo et al., 2021;
To further demonstrate the broad usefulnessadTrarbe- Dasgupta et al., 2022). However, all these uda methods pre-
yond images, we introduce and study a novel benchmarominantly operate in the pixel-space, and often fall short
for transfer learning in videos called Ego2Exo, which fo-in bridging more complicated forms of domain shift in chal-
cuses on the previously under-explored challenge of trangenging transfer settings (Kalluri et al., 2023; Prabhu et al.,
ferring action recognition between ego ( rst-person) and2022). While some contemporary efforts utilize pre-trained
exo (third-person) perspectives in videos (Li et al., 2021bCLIP models (Lai et al., 2023; 2024; Zhang et al., 2023) or
Ohkawa et al., 2023; Quattrocchi et al., 2023; Xue & GrauLLMs (Chen et al., 2024) for domain alignment, we show
man, 2023) from a transfer learning standpoint. We curatéhat per sample natural language guidance can be equally ef-
Ego2Exo benchmark using cooking videos from the Egofective. Based on this, our work introduces a new paradigm
Exo4D dataset utilizing key step annotations to assign actioto study robustness, where we build a simple framework
labels and atomic action descriptions for textual guidanceising rich textual descriptions to overcome large domain
Our language-aided transfer shows remarkable utility ingaps in image and video recognition tasks.

this challenging setting, signi cantly outperforming prior

Video-UDA methods (Chen et al., 2019b; Wei et al., 2023).

Language supervision in computer vision. The recent

In summary, our contributions are three-fold. proliferation of internet-sourced datasets highlights the
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ready availability of natural language supervision with-

out the need for any labeling or annotation efforts in im-

ages (Thomee et al., 2016; Changpinyo et al., 2021; Schuh-

mann et al., 2022; Mahajan et al., 2018; Desai et al., 2021)

and videos (Miech et al., 2019; Bain et al., 2021; Grau-

man et al., 2022; 2023). This availability of language su-

pervision has been effectively utilized to learn scalable

weakly supervised models (Mahajan et al., 2018; Singh

et al., 2022), robust vision-language representations (Rad-

ford et al., 2021; Jia et al., 2021; Pham et al., 2023; Desai:igure 2:An overview of training using LaGTran We operate in a

& Johnson, 2021; Sariyildiz et al., 2020; Lin et al., 2022; setting where the labeled source domain and unlabeled target domain
Zhao et al., 2023; Goyal etal., 2022), text-conditioned gen-data possess cheaply available or easily generated language descriptions
erative models (Rombach et al., 2022; Ramesh et al., 2021 éach imageLaGTrarproceeds by rst training a B

. - . - . using source captions and labels (Eg. (1)), and using the trained model
Saharia et al., 2022) and improving sampllng technlquego generate pseudo-labdlsfor the target captions and corresponding

TOI’ self-supervised Ieam!ng (El Banani et al., 292.3)- EVenimages (Eg. (2)). We then use this generated supervision along with
in the absence of associated language supervision, receséurce domain data in jointly training\dsion classi er G for image

innovations showed the potential of generating correlatecbr video classi cation (Eg. (3)).

descriptions for images using image-to-text or image cap-

tioning models (Li et al., 2023; Liu et al., 2023; Achiam

et al., 2023). Despite this ubiquity and proven effectivediverse supervision yields a remarkably effective framework
ness of language supervision for vision tasks, little attentiorfor improving domain robustness in both images and videos.
has been directed at leveraging their utility in improving

transfer Igarning across domains: In this work, we use lam  Method Details

guage guidance to develop a straightforward mechanism to

improve image and video classi cation on domains without 3.1. Problem Description and Background

manual supervision. . . : :
P We consider the setting of unsupervised cross-domain trans-

fer, with access to labeled data from a source domain

Ds : fX'S;y'Sgi'\‘;1 along with unlabeled data from a tar-
Domain robustness using language supervision.Recent  get domairD : fXig\, , whereXs Ps,X; Py, Nsand
emergence of large-scale pre-trained vision-language fouRy, are the number of samples in source and target domains,
dational models such as CLIP (Radford et al., 2021) enablegng the covariate shift assumption means marginal distri-
strong zero-shot generalization across diverse domains aritionsPs 6 P, (Ben-David et al., 2006; 2010). However,
tasks (Devillers et al., 2021). However, the zeroshot ingiferent from prior works, we additionally assume access
ference_: using froze_:n pre-trained models still fall short ofts natural language descriptions, denoted:hyorrespond-
supervised ne-tuning (Radford et al., 2021; Pham et al.jng to each image or video input in both source and target
2023; Andreassen et al., 2021), which in-turn suffers fromgomains during training. Consequently, we denote the la-
poor generalization to distributions outside the ne-tuning peled source domain witBs : fX1:yl:cigNs and the
data (Kumar et al., 2022; qutsman et al., 2022). Prion,japeled target domain with, : fX/;d g\t . These text
works explored robust ne-tuning of zero-shot models, butyescriptions are readily available through associated meta-
do not leverage target domain data (Udandarao et al., 2023k, jn web-collected images (Mahajan et al., 2018), or can
or language supervision (Wortsman et al., 2022) during néyg effortlessly generated with state-of-the-art image-to-text
tuning. Whlle recer_1t w_orks incorporate language guidancgy,,qels (Li et al., 2023). In Sec. 4, we show robust per-
for do.m{:un generallzatlon-(DunIap etal., 2023;. Wang et al.tormance using text descriptions derived from a variety of
2024: Liu & Wang, 2023; Huang et al., 2023; Min et al,, 5o rces, including: image metadata (e.g., alt-text, hashtags)
2022; Gokhal_e et al., 2021), they mostly rely on dom_alnfor web-sourced images, state-of-the-art image captioners
or class descriptors and do not leverage semantically richgf manually curated datasets, as well as action descriptions
free form text supervision from target images during transg, narrations in videos. Note that our setting requires lan-
fer.. One work which is closest to ours |s.(G_oyaI et e_ll., 2023)guage descriptions only during training and not during
which uses label names as text descriptions while we Usfference or deployment, and therefore incurs no speed or

free-form captions for images or atomic annotations for 8Cmemory overhead at test-time when compared with prior
tions. In video recognition literature, prior works seek to approaches.

align ego and exo views using language pre-training (Xu
et al., 2024; Huang et al., 2024). In contrast to these efforts3 2 LaGTrarfor Cross-Domain Transfer
we show that incorporating language aided transfer through™
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Overview. The training pipeline used ihaGTranfor
cross-domain transfer is summarized in Fig. 2, where we
rst train a BERT sentence classi er using the (text, label)
pairs from the source domain dataset, and utilize this trained
classi er to infer predictions on all the descriptions from
the target domain. We then use these predictions as pseudo-
labels for the target images, and train a joint vision classi er

b
along with the labeled source domain images. @ )

Training the text classi er. We use the supervised text-

label pairs from the source domafe’;y?) and train a

BERT (Devlin et al., 2019) sentence classi Brto pre-

dict the category label from an input text description, using

the training objective © )

=argmin E.yyp (Lce(B(G; )ivi); (@) Figure 3:tSNE visualization of cross-domain features on GeoNewe

show improved domain-alignment with better class-separation in source
and target when extracting features from a text-classi er (Fig. 3c-3d)

where denotes the parameters of the BERT classi er and compared to features from image-classi er (Fig. 3a-3b) highlighting better

L ce is the supervised cross-entropy loss. We adopt a pret.tansferability through text modality. ( and target in blue).

trained Distill-BERT (Sanh et al., 2019) model from Hug-

gingFace as the sentence classBff ), and ne-tune it _ . . I

on the source domain data. We observed sub-optimal perfog_escnptlons. For an image with captiong;,

mance using other pre-trained backbones such as T5 (Raffel 9 =argmax B(¢'; ); )

etal., 2020) or GPT-2 (Radford et al., 2019) (Tab. 5). Across ' c

all datasets and experiment settings used in this paper, WhereCis the set of categories in the classi cation task. Us-

feed the raw text descriptions directly into the sentence clas- o
i : 4 . Ing these predictions, we construct a pseudo-labeled target
si er network without any preprocessing or manual curation

) dataset, given b, = fx!;9!g\ . Finally, we combine
We observed remarkable robustness of the trained Clas?ﬁis pseudo-labeled target images along with manually la-

er in handling several challenges posed by un Itered text, L : ) .
beled source domain images to train an image classi er

including their variable lengths across images, languag . .
barriers prevalent in geographically diverse data unrelateEaCkbonEG by sampling an equal number of images from
' oth source and target in each mini-batch to eliminate effects

tags and descriptions commonly found in web-sourced im- . :

ages or potentially imperfect captions from state-of—the-artC aused by different dataset sizes.

captioning models. arg min E Lee(G(xi: )iyi) +

To further illustrate our motivation to use text classi er iy b e o

for label transfer, we show the tSNE visualizations of the x ;?E b, Lee(Gxi; )iyi) )
feature embeddings derived from a source-trained sentence

classi er, and compare them to the features derived fromNote that the inference is performed exclusively using the
a source-trained image classi er in Fig. 3. Evidently, thetrained image-based classi &; ) onimage inputs, and
features computed using the text classi er (Fig. 3c and 3dheither the text inputs nor the sentence-classBes needed
are well-separated (more intra-class separation) and welbr used at test-time.

aligned (less inter-domain separation) compared to image

classi er (Fig. 3a and 3b) further validating our hypothesis 3.3, ExtendingLaGTrarto Handle Outliers

that the text descriptions of same-class images from both

within and across domains lie close to each other. Owing to the simplicity in the design.aGTrarcan easily
be extended to the case where the target domain potentially

contains outlier samples from outside the category set, also
Cross-modal supervision transfer. We distill the power- called open-world or universal adaptation (UniDA) (You
ful discriminative knowledge learned from text into imageset al., 2019; Saito et al., 2020). While classical transfer
through cross-modal (text to image) supervision transfer imecessitates complete matching between source and target
the target domain. Speci cally, we rst freeze the weights of category spaces, open-world transfer relaxes this require-
the source-trained BERT classi & and compute pseudo- ment, allowing the possibility of encountering images from
labels on all the target images using their corresponding texpreviously unseen and outlier categories during test-time in
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