Under review as a conference paper at ICLR 2025

HOUGH VOTING-BASED SELF-TRAINING FOR VISION-
LLANGUAGE MODEL ADAPTATION

Anonymous authors
Paper under double-blind review

ABSTRACT

Traditional model adaptation framework assumes the same vocabulary across pre-
training and downstream datasets, which often struggles with limited transfer flex-
ibility and efficiency while handling downstream datasets with different vocab-
ularies. Inspired by recent vision-language models (VLMs) that enable visual
recognition defined by free-form texts via reasoning on both images and texts,
we study vision-language model adaptation (VLMA), a new unsupervised model
adaptation framework that positions a pre-trained VLM as the source model and
transfers it towards various unlabelled downstream datasets. To this end, we pro-
pose a Hough voting-based Self-Training (HoughST) technique that introduces a
multimodal Hough voting mechanism to exploit the synergy between vision and
language to mitigate the distribution shift in image and text modalities simultane-
ously. Specifically, HoughST makes use of the complementary property of differ-
ent types of features within and across vision and language modalities, which en-
ables joint exploitation of vision and language information and effective learning
of image-text correspondences in the unlabelled downstream datasets. Addition-
ally, HoughST captures temporal information via temporal Hough voting which
helps memorize and leverage previously learnt downstream dataset information.
Extensive experiments show that HoughST outperforms the state-of-the-art con-
sistently across 11 image recognition tasks. Codes will be released.

1 INTRODUCTION

Deep learning-based vision models [He et al.[(2016); |Dosovitskiy et al.[|(2020) have achieved great
success in myriad image recognition tasks but at the price of laborious annotation of large-scale
training images Deng et al.| (2009). To circumvent the annotation constraint, model adaptation
(MA) [Liang et al.| (2020); [Huang et al.| (2021) has been explored to transfer a vision model pre-
trained in certain labelled pre-training datasets towards unlabelled downstream datasets by mitigat-
ing the distribution shift in image modality. However, traditional MA |Liang et al.| (2020); Huang
et al.| (2021); |[Liang et al.|(2021) assumes that pre-training and downstream datasets have the same
vocabulary. It struggles while handling downstream datasets with different vocabularies, limiting its
flexibility and efficiency greatly in unsupervised transfer.

Inspired by recent vision-language models (VLMs) Radford et al.| (2021)) that enable visual recog-
nition defined by free-form texts via reasoning on both images and texts, we study vision-language
model adaptation (VLMA), a new unsupervised model adaptation (UMA) framework that positions
a pre-trained VLM as the source model and transfers it towards various unlabelled downstream
datasets. VLMA requires a single pre-trained VLM only while transferring towards various down-
stream datasets of different vocabularies, instead of preparing multiple vocabulary-specific vision
models with respective source datasets, as illustrated in Fig. E} In addition, VLMA allows un-
supervised transfer towards new downstream datasets with customized vocabulary, which greatly
mitigates the image annotation constraint and facilitates deep network training while handling var-
ious new visual recognition tasks. On the other hand, the shift from traditional model adaptation
toward VLMA comes with a new challenge, namely, the distribution shifts in both image modality
and text modality.

Drawing inspiration from Hough Voting Ballard| (1981); |Q1 et al.| (2019); [Lee et al.| (2021) that de-
tects a complex object by voting from its subregion information, we design Hough voting-based
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Figure 1: Traditional model adaptation typically transfers a vision model across datasets of the
same vocabulary, which struggles while handling downstream datasets with different vocabularies
or new datasets with customized vocabularies as illustrated in (a). Inspired by the recent open-
vocabulary vision-language models (VLMs), we study vision-language model adaptation, a new
unsupervised model adaptation framework that positions a single pre-trained VLM as the source
model and transfers it towards various unlabelled downstream datasets, offering greater transfer
flexibility and efficiency, as illustrated in (b).

Self-Training (HoughST) that introduces a multimodal Hough voting mechanism to exploit the syn-
ergy between vision and language to mitigate the distribution shift in both image and text modalities
simultaneously while self-training. HoughST makes use of the complementary property of different
types of features within and across vision and language modalities: it exploits VLMs to encode im-
ages|Liiddecke & Ecker|(2022); Zang et al.| (2022) and texts |Liiddecke & Ecker (2022); |Zang et al.
(2022) into an aligned vision-language feature space and votes from the encoded visual and textual
features to regularize unsupervised self-training for denoising pseudo labels and more effective self-
training and vision-language model adaptation. This multimodal Hough voting mechanism enables
joint exploitation of vision and language information and effective learning of image-text correspon-
dences in the unlabelled downstream datasets. In addition, HoughST captures temporal information
via temporal Hough voting, which rectifies self-training via voting from the features encoded by the
intermediate models evolved along the adaptation process, ultimately helping memorize and utilize
previously learnt downstream dataset information.

The proposed HoughST can be viewed as a new type of self-training with Hough voting for the task
of VLMA. It has three desirable advantages: 1) it introduces visual Hough voting and textual Hough
voting and enables simultaneous mitigation of distribution shift in both image and text modalities
effectively; 2) it introduces temporal Hough voting along the adaptation process which allows har-
vesting previously learnt downstream dataset information effectively; 3) it works within an aligned
image-text feature space which allows Hough voting not only within but also across vision, language
and temporal dimensions, capturing their complementary advantages effectively.

In summary, the contributions of this work are threefold. First, we propose a novel vision-language
model adaptation framework that explores Hough voting upon self-training to learn effective image-
text correspondences over unlabelled downstream images. To the best of our knowledge, this is
the first work that explores Hough voting for VLMA. Second, we design Hough voting-based self-
training that introduces a multimodal Hough voting mechanism over vision, language and temporal
dimensions for simultaneous mitigation of image and text distribution shift in VLMA. Third, exten-
sive experiments show that the proposed Hough voting-based self-training outperforms the state-of-
the-art consistently across multiple image recognition tasks.

2 RELATED WORK

Model Adaptation (MA), a type of unsupervised transfer learning, aims to adapt a model pre-
trained on certain labelled pre-training datasets towards unlabelled downstream datasets. Most ex-
isting MA methods can be broadly grouped into two categories. The first category employs gener-
ative models to compensate for the unavailable pre-training datasets by reconstructing pre-training
features |L1 et al.[(2020); Tian et al.| (2021); \Q1u et al.| (2021) or images |Du et al.| (2021); |Yeh et al.
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(2021); |[Kurmi et al.|(2021)); Liu et al.|(2021)). The second approach explores self-training that learns
from unlabelled downstream images with predicted pseudo labels [Liang et al. (2020); [Huang et al.
(2021)); ILiang et al.| (2021); (Xia et al. (2021)); Yang et al.| (2021); Ding et al.| (2022b; |2023)). De-
spite their great success, most existing methods assume the same vocabulary across the pre-training
and downstream datasets and cannot handle downstream datasets with different vocabulary or new
downstream dataset with customized vocabulary. This limits the flexibility and efficiency of MA
greatly. We study vision-language model adaptation in this work, a new framework that reasons
both images and texts and allows unsupervised transfer learning towards various unlabelled down-
stream datasets. We design Hough voting-based self-Training that introduces a multimodal Hough
voting mechanism to explore the synergy of vision and language to mitigate image and text distri-
bution shifts simultaneously in VLMA.

Vision Language Model (VLM) [Radford et al.| (2021)); Jia et al.| (2021); |[Yuan et al.| (2021a)); 'Yu
et al.| (2022)); Tschannen et al.| (2022));|Yao et al.[(2021));/Wu et al.|(2021)); Mu et al.|(2022)); Cui et al.
(2022); L1 et al.|(2021); Singh et al.|(2022);|Gao et al.|(2022);|Yang et al.[(2022));|Zhou et al.|(2022a);
Shen et al.| (2022)); |Alayrac et al.|(2022); |[Huang et al.| (2022);|Lee et al.; |Chen et al.| (2022bjc); Geng
et al.| (2023); Xu et al.| (2022); [Zhong et al.| (2022); |[Li et al.| (2022b)); |Zhao et al.| (2022); Dou
et al.; Yao et al.| aims to learn effective vision-language correlation from image-text pairs that are
almost infinitely available on the Web. It has demonstrated great potential in open-vocabulary visual
recognition by recognizing images with free-form texts. On the other hand, VLMs often suffer from
degraded performance due to distribution shifts with respect to various downstream datasets. Unlike
recent attempts [Zhou et al.| (2022cib); |Yao et al.| (2023); [Wu et al.| (2023); |Khattak et al.| (2022);
Xing et al.|(2022)); Bulat & Tzimiropoulos| (2022)); [Lu et al.|(2022)); |(Chen et al.| (2022a); [Ding et al.
(2022a); Pratt et al.| (2022); |Rao et al.|(2022); |Yu et al.[(2023)) that adapt VLMs by prompt tuning
with few-shot downstream dataset images, we focus on adapting VLMs towards various downstream
datasets by ingeniously exploiting the unlabelled images which are often off-the-shelf available in
abundance.

Hough Voting detects complex objects by aggregating votes from their subregions and surrounding
areas, leveraging spatially complementary information to enhance vision tasks. Existing methods
can be broadly classified into two categories. The first category is classical Hough voting, which
relies on traditional visual patterns. For example, Ballard|(1981) detects the presence of complex ob-
jects by voting from image patches, |Leibe et al.| (2008) proposes the implicit shape model, Sun et al.
(2010) integrates depth information into Hough voting, [Maj1 & Malik (2009) designs importance-
aware voting, and |Gall et al.[(2011)); |Gall & Lempitsky| (2013)) develop Hough forests. The second
category is deep Hough voting, which incorporates voting mechanisms into deep neural networks.
For instance, Kehl et al.| (2016) uses deep features for 6D pose estimation, |Milletari et al.| (2017)
learns deep features to build codebooks, and Q1 et al.| (2019); Lee et al.| (2021)) apply Hough voting
within deep networks for 3D learning. In contrast to previous approaches, we propose HoughST that
works within an aligned image-text feature space which enables Hough voting not only within but
also across visual, language and temporal dimensions, effectively capturing their complementary
strengths for vision-language model adaptation.

3 METHOD

3.1 PRELIMINARIES OF VISION-LANGUAGE MODEL

Vision-language model (VLM) training. VLM Radford et al.|(2021)); Jia et al.| (2021));|Yuan et al.
(2021a);[Yu et al.| (2022); [Tschannen et al.| (2022)) learns effective vision-language correlation from
image-text pairs that are almost infinitely available on the Web Radford et al.| (2021)); |Schuhmann
et al. (2021). The training involves a VLM F = {F! FT} where F" and F denote an image en-
coder and a text encoder respectively, and an image-text dataset D, = { (2%, 2T )}N 1 where z!, and
2T stand for an image sample and its paired text sample. Given F and Dy, rich vision- language cor-
relation can be learnt with a vision-language training objective such as image-text contrast Radford
et al. (2021) as follows:

Loiag = — log exp (2] - 2] /T) log exp (21 - 21 /7) ’ 0
Z Zj 1eXp( 2] /7) Z Zj 16XP( -2 /T)
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Figure 2: Overview of HoughST. HoughST encodes texts and images into an aligned vision-
language feature space and votes from the encoded visual and textual features (i.e., Multimodal
Codebook) to regularize unsupervised self-training, enabling joint exploitation of vision and lan-
guage information and effective learning of image-text correspondences in the unlabelled down-
stream datasets. In addition, HoughST updates Multimodal Codebook online using the features en-
coded by the intermediate models evolved along the adaptation process, enabling temporal Hough
voting and helping memorize and utilize previously learnt downstream dataset information.

where the two terms on the right denote image-to-text and text-to-image contrastive losses respec-
tively. The notations z! = F!(z!) and 2z’ = FT (2T stand for the encoded image and text features
respectively, 7 denotes a temperature parameter|Wu et al.|(2018)), and “-” stands for the inner-product
that measures the cosine similarity between two features.

VLM inference. A pre-trained VLM can perform open-vocabulary image recognition on various
unlabelled downstream datasets by reasoning on both images and texts Radford et al.|(2021). Given
an unlabelled downstream dataset D = { X!, X7}, X! = {2]}N_. stands for N unlabelled images

and X7 = {27 }M_, denotes M class names of interest, e.g., X = {car, bus, ..., bike, person}.
The pre-trained VLM predicts the probability of an image 2! belonging to class 27 by:

Prl 52T = ZI . ZT7 (2)

where z! = FI(27), 2T = FT(2T). Theoretically, VLMs can work with class names X defined
by free-form texts and thus achieve open-vocabulary image recognition. Note X7 = {27 1M_,
contains M downstream-dataset class names but provides no information of which image belongs
to which class name [Radford et al.|(2021).

Distribution shifts lead to degraded performance. VLMs often suffer from degraded performance
due to distribution shifts with respect to various downstream datasets Li et al.|(2022a)). For example,
for distribution shifts in text modalities, VLMs are largely pre-trained on the pre-training datasets
that consist of free-form sentences while the downstream datasets generally provide only raw class
names, where such distribution shifts between pre-training and downstream datasets often lead to
degraded performance. For distribution shifts in image modalities, VLMs are largely pre-trained on
normal images from the internet while downstream datasets may have quite different distributions,
e.g., images in synthetic, Clipart, Sketch styles etc., where such distribution shifts usually lead to
degraded performance. Previous works |Radford et al.|(2021)); Zhou et al.| (2022c]); [Li et al.| (2022a);
Bahng et al.[(2022)) also show that there are little overlap between the VLM training data and the test-
ing downstream data, and properly tackle the gaps between them via text or visual prompt learning
or model finetuning could improve the performance on downstream datasets.

3.2 DEFINITION OF VISION-LANGUAGE MODEL ADAPTATION (VLMA)

This work focuses on the task of VLMA, a new unsupervised model adaptation (UMA) framework
that transfers a pre-trained VLM F' = {F! FT} towards an unlabelled downstream dataset D =
{X1, X7} with certain unsupervised training losses, i.e., Lvima = Lunsupervised (X, XT3 F1, FT).
Take self-training [Zhu| (2005); |Zou et al.| (2018) as an example. Given X! = {2 }N_ and X7 =
{xTIM_. | the unsupervised training loss on unlabelled downstream data can be formulated as the
following:
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N M I T ~T
_,exp(z, -z /T) x 1 ==m
ZJTIL = arg max ZTIL . Z;l;” (:ST — _ E log mel pﬂ({ n m/ I) = (yn )7 (3)
m n=1 Zm:l exp(zn ' Zm/T)

where 2! and 2T’ denote the encoded image and text features, i.e., 2. = F{(2!)and 21, = FT(27).
9! stands for the pseudo label of ..

Note the unsupervised training is often unstable and susceptible to collapse if we optimize VLM
image encoder and text encoder concurrently |[Li et al.| (2022a). Hence, we freeze the VLM text
encoder during unsupervised model adaptation for stable adaptation.

3.3 HOUGH VOTING-BASED SELF-TRAINING

We tackle the challenge of VLMA from a perspective of Hough Voting Ballard| (1981)); Q1 et al.
(2019); [Lee et al| (2021). As illustrated in Fig. 2] we design Hough voting-based Self-Training
(HoughST) that introduces visual Hough voting and textual Hough voting over self-training to mit-
igate the distribution shifts in image and text modalities simultaneously. In addition, HoughST cap-
tures temporal information via temporal Hough voting, which rectifies self-training via voting from
the features encoded by the intermediate models evolved along the adaptation process, ultimately
helping memorize and utilize previously learnt downstream dataset information.

Textual Hough voting gathers the text features encoded from different types of text descriptions
for Hough voting, aiming to leverage the complementary information of various text descriptions
(i.e., different types of text descriptions for a class |Liiddecke & Ecker| (2022); Zang et al.|(2022)) to
mitigate the distribution shift in text modality. It employs a Large Language Model (LLM) [Brown
et al.| (2020); Wang & Komatsuzaki| (2021) to generate different types of text descriptions for a
given class name and then encodes them by the VLM text encoder. The encoded text features are
then fused in a two-step manner: 1) uniformly average the multiple text features to acquire an initial
voting centroid; 2) calculate the final voting centroid by weighted average where the weight of each
feature is the distance between it and the initial voting centroid. This two-step voting operation
allows smooth feature fusion by weighting down the effect of corner cases, which is important for
textual Hough voting as the LLM-generated text descriptions are not always reliable (e.g., when
experiencing generation failures, LLM may generate only a full stop character “.” or a random
word).

Given a class name 2, € X7, we employ the Large Language Model Brown et al.| (2020) to

generate K text descriptions {x(Tm 1) x{m 2)1 0 x?m K)} and then the VLM text encoder F'! to
encode the generated text descriptions to acquire text features {2/, 1y, 20, 0 - s 20, )} (e,
zg;m k) = FT(m{m)k))). The text features are then fused in a two-step voting manner to get the final
textual Hough voting centroid 7. :

K

K

1

T SF A S AT ) P @
k=1 k=1

where ““-” denotes inner-product and (z(j;n k) ~5,T,{"‘““1) measures the distance between z(j;n k) and 5?,{“‘““‘.

Visual Hough voting gathers the image features encoded from different images of the same category
for Hough voting, aiming to utilize the complementary information of different types of images (i.e.,
various images as the visual descriptions for a class |[Liiddecke & Ecker| (2022); |Zang et al.| (2022))
for mitigating the distribution shift in image modality. Given an image, it employs certain off-the-
shelf image augmentation policies |Cubuk et al|(2020) to generate multiple image augmentations,
encodes them with the VLM image encoder, and fuses the encoded image features in a class-wise
manner. Since downstream images are unlabelled, we generated pseudo labels for class-wise image
feature fusion. The class-wise feature fusion allows category-wise image information consolidation,
which is crucial to visual Hough voting due to the abundance of downstream dataset images and the
encoded image features. In addition, it simplifies vision-language Hough voting greatly (described
in the later paragraphs) as textual Hough voting naturally works in a category-wise manner. Besides,
with temporal Hough voting (described in the later paragraphs), it allows to dynamically select
image features using pseudo labels along the adaptation process to describe each class visually.
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Given an image x/ € X, we adopt the off-the-shelf image augmentation policies in |Cubuk et al.
(2020) to generate K image augmentations {x{n 1),33{“ 2)° ,xfn K} and then the VLM image
encoder F! to encode the generated image data to acquire image features {Z(In 1) z(ln 9)7 0 z(l n K)}
(.e., z(ln k) = FI (:v{n k))). Finally, the encoded features are fused in a class-wise voting manner to

get the visual Hough voting centroid 67 :

N K .
51— Don Dok—1 Z(In,k) X ]l(y(ln,k) ==m)

4)
m N K ~ )

Zn ZkZI ]l(y(jn,k:) == m)

where 1(j(, ) == m) returns “1” if g/, = m else 0. Note g/, ,\ = argmax,, 2{, ) * Zm,

denotes the pseudo label of xfn k)" Note we employ the momentum update of F! in the vision
feature voting for stable feature encoding and better capturing of temporal information as in Fig.[2]

Temporal vision-language Hough voting exploits the synergy between vision and language by
gathering different types of text features and image features over an aligned vision-language feature
space. It employs the textual and visual Hough voting centroids as starting point and updates them
with the visual Hough voting centroids generated by the intermediate VLM image encoder evolved
along the adaptation process. This enables Hough voting not only within but also across vision
and language modalities, capturing the complementary advantages of vision and language informa-
tion effectively. In addition, the updating also achieves temporal Hough voting that gathers and
leverages previously learnt downstream dataset information effectively. Note we conduct temporal
Hough voting from image features only as the VLM text encoder is frozen during the adaptation
process.

Specifically, we use the textual and visual Hough voting centroids §2, and 51, to initialize the vision-
language Hough voting centroid 517 and keep updating 517" with . along the adaptation process
as follows:

g T = 51 6T §IT*  NGIT + (1 — \)6L,, (6)
where 617" and §/T* denote the vision-language Hough voting centroid before and after one update,
respectively. A is a coefficient that controls the update speed of temporal Hough voting. Note the first
part denotes vision-language Hough voting while the second part denotes temporal Hough voting.

Hough voting-based self-training. Given vision-language Hough voting centroid 67, downstream

m
images, X! = {2 }V_, and downstream class names X7 = {21 }M_, we employ 6! to vote to
regularize unsupervised self-training, which can be formulated as follows:

gfl = arg max (Z,IL - Z,E) X (ZrIL : 57531)’ @
m

N M I..T =T
me1 XD (25, - 20, /T) X L(g;, ==m
LHoughST = - E log Z 1 ( / ) (y )7 3
n=1

M
= 2 m=1 €XP(Z, - 7 /7)

where 2! and 2L, denote the encoded image and text features, i.e., 22 = F!(z!)and 21, = FT(27).
7L stands for the pseudo label of -/ generated with 517 The vision-language Hough voting centroid
5ZLT captures rich downstream image and text information. It is thus more invariant to visual and
textual distribution shifts and can vote from the captured information to regularize self-training to

generate more accurate pseudo labels.

4 EXPERIMENTS

4.1 IMPLEMENTATION DETAILS

We conduct experiments with three popular backbones, i.e., ResNet-50 |[He et al.| (2016), ResNet-
101 He et al.|(2016) and ViT-B |Dosovitskiy et al.|(2020) pre-trained by CLIP Radford et al.| (2021).
In training, we employ AdamW optimizer |Loshchilov & Hutter| (2017) with a weight decay of 0.05,
and set the initial learning rate as 1e — 5 which is adjusted with a cosine learning rate schedule. We
use 2 GPUs with batch size 64 and the unsupervised adaptation training adds only a small amount of
computation overhead after VLM pre-training. We set input image size as 224 x 224 and employ data
augmentation policies of “RandomResizedCrop+Flip+RandAug”|Cubuk et al.|(2020) for image data
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Table 1: VLMA performance on multi-style datasets of Office, Office-Home and Adaptiope. For
fair comparisons, the results of all methods are based on the baseline CLIP.

VIT-B/16 Office Office-Home Adaptiope

A w D S Mean A C P R Mean P R S Mean
CLIP (baseline) 779 794 769 567 727 744 585 79.6 794 729 826 782 459 689
ST 78.6 81.1 783 686 76.6 778 625 813 803 754 867 820 495 727

CBST[Zou et al.|(2018) 79.1 80.7 785 689 768 773 628 817 80.7 756 869 832 50.1 734
CRST|[Zou et al.|(2019) 788 812 791 69.0 770 781 63.1 814 811 759 87.1 839 507 739
SHOT [Liang et al.|[(2020) 79.2 81.1 81.2 67.1 77.1 779 643 809 815 761 883 847 512 747
MUST L1 et al.|(2022a) 790 814 795 692 772 777 639 821 814 762 888 853 515 752

HoughST (Ours) 843 828 813 723 801 789 689 857 824 789 918 881 598 799
ResNet-50 Office Office-Home Adaptiope

A w D S Mean A C P R Mean P R S Mean
CLIP (baseline) 729 689 73.1 482 657 646 421 719 719 626 745 662 358 588
ST 752 668 713 441 643 667 386 720 738 627 757 70.7 267 577
CBST[Zou et al.|(2018) 752 678 722 51.1 665 68.1 415 736 745 644 772 71.1 343 60.8

CRST|[Zou et al.|(2019) 76.4 674 745 523 676 683 423 748 753 651 783 712 362 619
SHOT |Liang et al.|[(2020) 77.5 70.1 76.8 548 69.8 684 442 757 756 659 785 724 368 625

HoughST (Ours) 796 753 803 550 725 68.6 479 782 774 68.0 80.7 756 378 64.7
ResNet-101 Office Office-Home Adaptiope

A w D S Mean A C P R Mean P R S Mean
CLIP (baseline) 732 738 751 502 680 695 478 743 742 664 759 69.0 353 60.0
ST 744 742 738 543 69.1 714 432 749 750 66.1 784 718 378 62.6

CBSTZou et al.|(2018) 746 759 729 581 703 723 449 717 762 677 795 733 415 647
CRST|[Zou et al.|(2019) 753 76.6 734 585 709 734 459 784 768 68.6 80.1 752 437 663
SHOT [Liang et al.|[(2020) 769 782 75.1 59.0 723 735 472 79.1 774 693 819 763 441 674
HoughST (Ours) 80.1 812 775 619 751 746 512 826 789 718 853 788 457 69.9

augmentation. The momentum VLM image encoder F is updated with a momentum coefficient
of 0.99, i.e., 0pr vy 0pr + (1 —7)0ps, and 7y is a momentum coefficient. All results except on
ImageNet are obtained with above implementation details. For the large-scale ImageNet, we follow
the implementations in |L1 et al.| (2022a) and use 16 GPUs with batch size 1024. During evaluation,

we simply use the center-cropped image.

4.2 HOUGHST ON MULTI-STYLE DATASETS

Tables|[I}3|report the image classification results on 4 representative multi-style datasets. The exper-
iments were conducted with 3 representative backbones, i.e., ResNet-50, ResNet-101 and ViT-B/16.
It can be seen that our HoughST achieves superior performance consistently over various styles
as compared with state-of-the-art methods. Besides, HoughST outperforms CLIP substantially on
Office (S)ynthetic style, Office-Home (C)lipart style and Adaptiope (S)ynthetic style with 15.6%,
10.4% and 13.9% accuracy improvement, respectively, showing that HoughST can well handle the
downstream datasets with large distribution shifts, i.e., Synthetic and Clipart styles.

4.3 HOUGHST ON TASK-SPECIFIC DATASETS

Tabledreports the image classification over 5 popular task-specific datasets as in prior work|Li et al.
(2022a). The experiments were conducted with 3 representative backbones, i.e., ResNet-50, ResNet-
101 and ViT-B/16 (the results with ResNet-101 are provided in the appendix). We can observe that
HoughST outperforms the state-of-the-arts by large margins consistently over different task-specific
datasets, demonstrating that it can effectively handle various new visual recognition tasks by using
unlabelled data. In addition, HoughST brings substantial improvements upon CLIP over SUN397
(e.g., +11.0% on ViT-B/16) and GTSRB (e.g., +16.8% on ViT-B/16), showing that HoughST can
well tackle new image classification tasks with very specific objectives, e.g., indoor/outdoor scene
and German traffic sign recognition.

4.4 VLMA ON GENERAL DATASET IMAGENET

Table [5] presents ImageNet results. It can be seen that HoughST achieves superior performance as
compared with state-of-the-art unsupervised methods, demonstrating its effectiveness over the very
diverse and large-scale ImageNet. Besides, introducing our HoughST into 16-shot supervised meth-
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Table 2: VLMA performance on large-scale multi-style dataset VisDA. For fair comparisons, the

results of all methods are based on the baseline CLIP.
VisDA Synthesis Style

ViT-B/16 plane bcycl bus car horse knife mcycl person plant sktbrd train truck Per-class
CLIP (baseline) 985 997 646 925 997 96.8 853 984 99.8 794 664 734 87.8
ST 972 999 604 845 99.8 98.6 925 99.7 999 793 742 844 89.2
CBST|Zou et al.|(2018) 984 997 673 852 99.8 99.1 953 999 994 834 834 874 91.5
CRST|Zou et al.|(2019) 98.1 982 70.5 865 986 987 943 988 97.8 867 887 86.1 91.9

SHOT|Liang et al.[(2020) 99.6 99.1 74.6 863 983 993 964 96.1 99.7 875 90.1 873 92.2
MUST L1 et al.|(2022a) 98.7 992 763 864 996 992 953 99.3 99.8 892 899 826 92.9

HoughST (Ours) 99.7 997 789 86.6 999 993 964 994 998 919 90.8 932 94.6
VisDA Real Style

ViT-B/16 plane bcycl bus car horse knife mcycl person plant sktbrd train truck Per-class

CLIP (baseline) 989 91.0 905 657 986 89.1 953 565 902 968 938 758 86.8

ST 994 873 925 683 981 904 946 693 912 967 945 664 87.3

CBST|Zou et al.|(2018) 993 892 913 769 982 895 954 68.1 884 964 941 642 87.5
CRST|Zou et al.|(2019) 99.1 907 914 645 99.1 934 951 682 913 968 953 672 87.6
SHOT|Liang et al.[(2020) 993 928 919 653 987 952 945 677 921 969 954 679 88.1
MUST L1 et al.|(2022a) 992 957 92,6 569 99.1 98.6 96.0 67.0 935 988 969 68.1 88.5
HoughST (Ours) 992 959 9211 66.1 992 978 96.7 708 927 984 962 74.6 90.0

Table 3: VLMA performance on multi-style datasets of DomainNet. For fair comparisons, the
results of all methods are based on the baseline CLIP.

Method ViT-B/16 ResNet-50

Clipart Info Paint Quick Real Sketch Mean Clipart Info Paint Quick Real Sketch Mean
CLIP (baseline) 69.7 478  65.0 14.5 82.0 624 56.9 51.9 39.1 521 6.4 74.7 474 453
ST 72.5 513 687 12.4 83.7 64.3 58.8 554 405 548 43 76.2 483 46.5
CBST|Zou et al.|(2018) 743 56.8 69.8 13.4 83.1 67.1 60.7 56.3 40.7  56.2 5.6 714 48.1 473
CRST|Zou et al.|(2019] 75.6 569 713 14.8 83.3 68.2 61.7 579 418 57.1 6.2 78.2 49.5 484
SHOT |Liang et al. (2020} 759 574 715 15.1 83.3 68.8 62.0 60.3 458 60.5 5.1 78.9 54.1 50.8
MUST]|L1 et al.|[(2022a] 76.1 575 716 14.2 84.4 68.9 62.1 - - - - - - -
HoughST (Ours) 7.6 59.0 731 18.2 86.1 70.1 64.0 62.7 472 613 7.2 80.2 544 52.2

ods further improves the performance clearly, showing that 16-shot supervised and our unsupervised
methods are complementary to each other as they focus on exploring different types of data.

4.5 DISCUSSION

Ablation study. We conduct ablation studies with ViT-B/16 on Office as shown in Table[6] As the
core of the proposed HoughST, we examine how our designed visual Hough voting, textual Hough
voting and temporal Hough voting contribute to the overall performance of vision-language model
adaptation. As shown in Table [6] including either visual Hough voting or textual Hough voting
above self-training improves performance clearly, showing that voting from different types of im-
age/text features help mitigate distribution shifts in image modality/text modality and can regularize
unsupervised self-training with more accurate pseudo label prediction. In addition, combining vi-
sual and textual Hough voting performs clearly better, indicating that the two types of Hough voting
complement each other by working from orthogonal vision and language perspectives. Furthermore,
including temporal Hough voting upon vision-language Hough voting, i.e., HoughST in the last row,
performs the best. It demonstrates the importance of temporal Hough voting that helps memorize
and leverage previously learnt downstream datasets information along the training process.

Parameter study. The parameter \ in Eq. [6] controls the update speed of temporal information
fusion and voting. We investigate A by varying it from 0.9 to 0.9999 progressively, as shown in
Table|8| It can be seen that varying A does not affect HoughST clearly. The performance drops a bit
while A = 0.9, largely because a fast update may lead to unstable temporal information fusion and
voting which only captures local information within each training batch.

Comparison with other voting methods. We compare HoughST with other voting strategies that
explore complementary advantages of different features via uniform voting Jiang et al.| (2020);
Schick & Schiitze| (2020); [Yuan et al.| (2021b), weighted voting Jiang et al.[ (2020); [Qin & Eis-
ner| (2021)); |[Schick & Schiitze| (2020), majority voting |Lester et al.|(2021); Hambardzumyan et al.
(2021). As Table[/|shows, existing voting methods do not perform well, largely because they were
designed for a single data modality without considering (1) the joint exploitation of vision and lan-
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Table 4: VLMA performance on task-specific datasets of various image recognition tasks. For fair
comparisons, the results of all methods are based on the baseline CLIP.

Method ViT-B ResNet-50

SUN397 Foodl01 GTSRB DTD UCFI101 Mean SUN397 Foodl01 GTSRB DTD UCFI101 Mean
CLIP (baseline) 60.8 85.6 325 44.5 64.1 57.5 54.0 73.1 25.0 39.8 56.0 49.5
ST 65.8 88.2 32.8 45.0 67.0 59.7 59.0 74.4 20.5 35.8 56.4 49.2
CBST[Zou et al. |(2018] 63.2 89.5 37.6 443 68.1 60.5 63.7 78.2 274 38.7 59.5 535
CRST|Zou et al.|(2019] 64.7 89.1 39.7 45.3 68.6 61.4 64.2 76.5 30.1 39.4 61.3 54.3
SHOT |Liang et al.|(2020} 66.1 89.6 41.2 46.3 69.4 62.5 65.1 77.3 34.6 41.2 62.7 56.1
MUST|L1 et al. [(2022a] 67.7 89.4 42.7 46.5 70.6 63.3 - - - - - -
HoughST(Ours) 71.8 91.1 49.3 52.7 73.9 67.7 65.7 79.5 39.6 494 65.6 59.9

Table 5: Comparison with few-shot supervised adaptation methods and unsupervised adaption meth-
ods on ImageNet. All methods use the same CLIP ViT-B/16 model as the baseline.

Method CLIP Supervised with 16 Labels per Class Unsupervised
CoCoOp CoOp CoOp + HoughST CoCoOp + HoughST ST  MUST HoughST (Ours)
ImageNet  68.3 71.0 71.5 79.6 79.8 76.5 71.17 78.7

Table 6: Ablation studies of HoughST with ViT-B/16 on Office dataset.
Vision-Language Hough voting

Method Temporal Hough voting  Office (Mean)
Visual Hough voting  Textual Hough voting

CLIP (baseline) 72.7
ST 76.6
71.5
v 78.2
v v 78.7
HoughST v v v 80.1

Table 7: Comparison with other voting methods with ViT-B/16 on Office.

Method |  Office (Mean)
ST + Importance-aware Voting Maji & Malik|(2009) 77.3
ST + Uniform Voting Jiang et al.|(2020) 772
ST + Weighted Voting |Qin & Eisner|(2021) 77.4
ST + Majority Voting Lester et al.[(2021) 77.0
HoughST (Ours) 80.1

Table 8: Parameter ablations with ViT-B/16 on Office. The default is marked in gray .

Parameter A \ 0.9 0.99 0.999 0.9999
Office (Mean) | 79.6 80.1 80.1 80.0

guage modalities and (2) the information memorization during unsupervised transfer. HoughST
instead learns and memorizes effective image-text correspondences in the unlabelled downstream
datasets via joint exploitation of vision and language information, which are essential to vision-
language model adaptation.

Pseudo label accuracy. Fig. 3] shows the pseudo label accuracy along the unsupervised adapta-
tion process. HoughST generates much more accurate pseudo labels than the vanilla self-training
(ST) and the state-of-the-art MUST. The superior pseudo label accuracy is largely attributed to the
proposed multimodal Hough voting which helps capture rich downstream dataset image and text
information that is more invariant to visual and textual distribution shifts and can better regularize
unsupervised self-training.

Visualization of multimodal Hough voting. We analyze how our proposed multimodal Hough
voting mechanisms work by visualizing the feature distribution, as shown in Figure[d] From Figure[d]



Under review as a conference paper at ICLR 2025

Acc (%) on Office Amazon Acc (%) on Office Webcam Acc (%) on Office DSLR Acc (%) on Office Synthetic
8] — ST T sl — ST /_/J 8s.0{ — ST _— | | —sT
84 MUST MUST 825 MUST 70 MUST
—— Ours —— Ours ~—— Ours —— Ours — —

82
82 80.0 A 65
80 775 / ANV /
80 N \,_/\v w0y /
I——————
5 10 15 20 25 3 5 10 15 20 25 5 0 15 20 25 0 5 10 15 20 25 0
Training Epoch Training Epoch Training Epoch Training Epoch

Figure 3: Pseudo label accuracy along the unsupervised adaptation process (with ViT-B/16).

(a) Textual Hough voting (b) Visual Hough voting (c) Vision-language (VL) Hough voting  (d) Temporal VL Hough voting

Figure 4: Visualization of multimodal Hough voting. It shows that all three voting mechanisms in
our HoughST can capture different types of image and text features, which build an informative, up-
to-date and accurate multimodal codebook for Hough voting, ultimately voting together to produce
better voting centroids (i.e., closer to ground-truth centroids) and VLMA performance.

(a), (b) and (c), we can observe that textual Hough voting and visual Hough voting can capture
different types of image and text features respectively, which complement each other and provide
orthogonal vision and language information for more comprehensive voting. In addition, Figure [
(d) shows that including temporal Hough voting further enriches the distribution of vision-language
feature, which helps build an informative, up-to-date and accurate multimodal codebook for Hough
voting, leading to better voting centroids that are closer to ground-truth centroids and facilitating
vision-language model adaptation.

Due to the space limit, we provide more dataset details, experiments and discussions in the appendix.

5 CONCLUSION

This paper presents HoughST, a novel vision-language model adaptation framework that explores
Hough voting to learn effective image-text correspondences over unlabelled downstream dataset im-
ages. HoughST introduces a multimodal Hough voting mechanism over vision, language and tempo-
ral dimensions for simultaneous mitigation of image and text distribution shifts in VLMA. It requires
merely a single pre-trained VLM but achieves effective and efficient unsupervised model adaptation
towards various unlabelled downstream datasets, demonstrating its superiority in facilitating deep
network training while handling various new visual recognition tasks and styles. Extensive exper-
iments show that HoughST achieves superb recognition performance consistently across different
backbones and image recognition tasks and styles. Moving forward, we will explore HoughST for
other vision tasks such as segmentation and detection.
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A APPENDIX

We provide dataset details in Section B} full comparisons with the state-of-the-art methods in Sec-
tion [C] and pseudo codes of the proposed HoughST in Section [D] In addition, we provide more
discussion experiments, including the analysis of our proposed Textual Hough voting in Sections
[Gland parameter studies in Section[H] We also provide more qualitative results in Sections [[|and [J|
and analysis with error bars in Section [K] At the end, we provide more discussions of the related
works in Sections [[] and broader impacts in Section

B DATASET DETAILS

We benchmark our proposed HoughST extensively over 11 widely adopted image recognition
datasets. As Table [9]shows, the 11 datasets have rich diversity, spanning multi-style datasets with
object images captured from several styles (e.g., real-world, synthetic, art, product and clipart styles)
to task-specific datasets with real-world images for some specific visual task (e.g., the recognition
of common objects, indoor and outdoor scenes, foods, traffic signs, natural textures and human
actions). Below please find the detail of each dataset.

Office[Saenko et al.| (2010) includes 31-class images collected from Amazon (A), Webcam (W) and
DSLR (D) styles which have 2817, 795 and 498 images, respectively. In addition to the original
three styles in Office dataset, we further include an office Synthetic (S) style for benchmarking our
HoughST comprehensively. The Synthetic (S) style is provided by [Ringwald & Stiefelhagen| (2021)
and consists of 3100 images.

Office-home |Venkateswara et al.| (2017) consists of 65-class images collected from Art (A), Cli-
part (C), Product (P) and Real-World (R) styles which include 2496, 4464, 4503 and 4450 images,
respectively.

Adaptiope Ringwald & Stiefelhagen|(2021)) has 123-class images collected from 3 styles, i.e., Prod-
uct (P), Real-World (R) and Synthetic (S), where each style has 12300 images.

VisDA |Peng et al|(2017) has over 280K images of 12 classes from Synthetic (S) style and Real-
World (R) style, which contain 152397 and 127760 images, respectively.

DomainNet Peng et al.| (2019) includes 345-class images from Clipart, Infograph, Painting, Quick-
Draw, Real-World and Sketch styles which include 48129, 51605, 72266, 172500, 172947 and
69128 images, respectively.

ImageNet Deng et al.| (2009) includes about 1.2M images that are uniformly distributed across
the one thousand categories. The category annotation of ImageNet follows WordNet hierarchy and
every image is annotated with one category label.

SUN397 Xiao et al.| (2010) has been proposed for scene recognition, which contains 39700 images
covering 397 well-sampled scene categories, including indoor scenes and outdoor scenes.
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Food101 Bossard et al.[(2014) is a real-world food dish dataset for fine-grained image recognition.
The dataset consists of 101K images that cover 101 classes. Specifically, each class includes 250
cleaned test images and 750 purposely uncleaned training images.

GTSRB [Stallkamp et al.[(2011)) is a real-world dataset for traffic signs recognition, which includes
50K images collected from various street scenes in Germany. These images have been labelled into
43 categories, including a training subset with 39209 images and a testing subset with 12630 images.

Describable Textures (DTD) Cimpoi et al.| (2014) is a collection of textural images for texture
recognition. This dataset consists of 5640 images with 47 categories, which have been uniformly
separated into training, validation, and test subsets, where each subset contains 40 images per class.
For each image, a main category and a list of the joint attributes are provided.

UCF101 |Soomro et al|(2012) has been proposed for benchmarking human action recognition with
videos. It includes about 13K video clips of 101 actions, which are collected from YouTube. The
video clips in the dataset have a resolution of 320x240 pixels and a frame rate of 25 FPS.

Table 9: Image recognition datasets used for vision-language model adaptation benchmark.

Dataset Classes Images Styles Description

Office|Saenko et al.|(2010) 31 4,110 4 Office objects from Amazon, DSLR, Webcam and Synthetic styles.
Office-home| Venkateswara et al.|(2017) 65 15,588 4 Office and Home objects from Art, Clipart, Product and Real-World styles.
Adaptiope/Ringwald & Stietelhagen [(2021) 123 36,900 3 Class-balanced object dataset with Product, Real-Life and Synthetic styles.
VisDA |Peng et al. {201/} 12 207,785 2 A large-scale common object dataset with synthetic and real styles.
DomainNet|Peng et al.|[(2019) 345 586,575 6 Common objects from Clipart, Infograph, Painting, Quickdraw, Real and Sketch styles.
ImageNet/Deng et al.|(2009) 1,000 1,281,167 1 A large-scale real-world object dataset with a wide range of categories.
SUN397|Xi1ao et al. [(2010] 397 76,129 1 A real-world indoor and outdoor scenes dataset for scene understanding.
Food101|Bossard et al. {2014} 101 75,750 1 A real-world food dish dataset for food recognition.

GTSRB|Stallkamp et al.|(2011} 43 26,640 1 A real-world german traffic sign dataset for sign recognition.

DTD|Cimpoi et al.[(2014] 47 3,760 1 A real-world describable texture image dataset for texture perception.
UCFI0T|Soomro et al.|(2012] 101 9,537 1 A real-world human action video dataset for action recognition.

C EXPERIMENTS WITH DIFFERENT BACKBONES

In the main manuscript, we study the generalization of our proposed HoughST by assessing it with
three popular image recognition backbones, including two CNNss (i.e., ResNet-50 and ResNet-101)
and one Transformer (i.e., ViT-B/16). Table 1 in the main manuscript provides the full results of
the three backbones on multi-styles datasets Office, Office-Home and Adaptiope. Due to the space
limit, Tables 2-4 the main manuscript only provide partial results for VisDA, DomainNet and other
5 task-specific datasets.

Here we provide the full result versions of the Tables 2-4 in the main manuscript, as shown in
Tables [IO]I2] which further demonstrate that our HoughST works effectively and consistently over
different image recognition backbones.
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Table 10: VLMA performance (with three widely adopted backbone networks) on large-scale
multi-style dataset VisDA. For fair comparisons, the results of all methods are based on the baseline
CLIP.

VisDA Synthesis Style

ViT-B/16

plane bcycl bus  car  horse knife mcycl person plant sktbrd train truck Per-class
CLIP (baseline) 98.5 997 646 925 997 968 853 984 998 794 664 734 87.8
ST 97.2 99.9 604 845 998 986 92.5 99.7 99.9 79.3 742 844 89.2
CBST[Zou et al. |2 % 984 997 673 852 998 991 953 99.9 994 834 834 874 91.5
CRST|Zou ct al.{(2 98.1 982 705 865 986 987 943 988 978 867 8.7 86.1 91.9
SHOT|Liang et al. (2020)  99.6 99.1 746 863 983 99.3 96.4 96.1 99.7 87.5 90.1 873 922
MUST/L1 et al. [(202Za 98.7 992 763 864 996 992 953 99.3  99.8 892 899 82.6 92.9
Hough“l‘(UWsl 99.7 997 789 866 999 993 964 994 998 919 908 932 94.6
VIT-B/16 VisDA Real Style

plane bcycl  bus  car  horse knife mcycl person plant sktbrd train  truck = Per-class
CLIP (baseline) 98.9 910 905 657 986 89.1 953 56.5 902 968 938 758 86.8

994 873 925 683 981 904 946 69.3 912 967 945 664 87.3
CBST|Zou et al. 993 892 913 769 982 895 954 68.1 884 964 941 642 87.5

99.1 90.7 914 645 99.1 934 95.1 68.2 91.3 968 953 672 87.6
993 928 919 653 987 952 94.5 67.7 92.1 969 954 679 88.1

992 957 926 569 99.1 98.6  96.0 67.0 93.5 98.8 969 68.1 88.5

992 959 921 66.1 992 978 96.7 70.8 92.7 984 962 74.6 90.0
ResNet-50 VisDA Synthesis Style

plane bcycl  bus car  horse knife mcycl person plant sktbrd train truck Per-class
CLIP (baseline) 96.0 99.1 434 924 985 945 69.6 92.1 99.1 46.6  53.0 415 77.1

942 993 389 752 974 937 78.5 94.6 99.3 634 578 882 81.7
957 99.6 372 733 986 956 845 96.8 99.2 687 592 894 83.1
96.6 999 301 713 999 99.1 92.8 99.9 994 750 611 972 85.1
973 999 437 734 986 986 919 99.7 99.1 773 689 844 86.0
976 998 572 847 999 987 91.7 99.8 100 792 745 83.1 88.8

ResNet-50 VisDA Real Style
plane bcycl  bus car  horse knife mcycl person plant sktbrd train truck Per-class
CLIP (baseline) 973 821 830 554 967 734 911 59.9 86.6 934 91.8 738 82.0
97.6 781 997 659 962 793  90.1 62.8 829 942 89.1 743 84.1
95.8 832 803 545 968 922 92.1 78.8 91.6 88.8 89.8  76.0 84.9

9.9 869 8.1 71.1 934 919 917 80.3 902 894 885 65.6 85.7
96.5 854 854 59.6 963 948 927 80.3 924 905 904 754 86.6
972 872 82 781 972 951 93.0 81.5 92.1 912 927 656 88.2

ResNet-101 VisDA Synthesis Style

plane bcycl bus  car  horse knife mcycl person plant sktbrd train  truck = Per-class
CLIP (baseline) 968 994 242 875 989 967 831 582 993 612 471 724 71.0
ST 952 996 267 843 991 972 842 91.3 99.5 684 576 812 82.0
CBST|Zou et al.|(2018' 96.7 998 273 745 999 995 938 99.9 100 731 623 970 85.3
CRST|Zou et al. 96.9 999 420 786 999 98.9 93.5 99.9 99.9 73.0 720 944 87.4
SHOT|Liang et al. 985 997 399 831 100 985 978 99.1 100 793 817 913 89.0
HoughST (Ours) 97.8 998 475 855 100 988  96.6 99.9 100 81.1 832 922 90.2
ResNet-101 VisDA Real Style

plane bcycl bus  car  horse knife mcycl person plant sktbrd train truck Per-class
CLIP (baseline) 978 837 879 762 974 719 938 53.7 843 907 910 672 83.4
ST 974 847 866 752 971 805 941 69.7 896 911 923 687 85.5
CBST|Zou et al. (2018 973 865 877 706 973 938 933 74.5 917  89.1 915 69.1 86.8
CRST|Zou et al. 97.5 829 863 822 978 93.1 95.4 68.5 94.4 91.3 932  66.8 87.4
SHOT|Liang et al. 973 886 8.6 698 973 942 929 804 918 927 923 69.2 87.9
HoughST (Ours) 978 89.1 83 783 973 945 947 82.1 928 936 938 69.5 89.3

Table 11: VLMA performance (with three widely adopted backbone networks) on task-specific
datasets of various image recognition tasks. For fair comparisons, the results of all methods are
based on the baseline CLIP.

Method ViT-B/16 ResNet-50
SUN397 Foodl01 GTSRB DTD UCFI01 Mean SUN397 Foodl0l GTSRB DTD UCFI101 Mean
CLIP (baseline) 60.8 85.6 325 44.5 64.1 57.5 54.0 73.1 25.0 39.8 56.0 49.5
ST 65.8 88.2 32.8 45.0 67.0 59.7 59.0 74.4 20.5 35.8 56.4 49.2
CBST|Zou et al. 63.2 89.5 37.6 44.3 68.1 60.5 63.7 78.2 27.4 38.7 59.5 535
CRST|Zou et al. (ZU1Y 64.7 89.1 39.7 453 68.6 61.4 64.2 76.5 30.1 39.4 61.3 543
SHOT 66.1 89.6 41.2 46.3 69.4 62.5 65.1 71.3 34.6 412 62.7 56.1
MUST 67.7 89.4 42.7 46.5 70.6 63.3 - - - - - -
Hough 71.8 91.1 49.3 52.7 73.9 67.7 65.7 79.5 39.6 49.4 65.6 59.9
Method ResNet-101
SUN397 Foodl01 GTSRB DTD UCFI01 Mean
CLIP (baseline) 51.5 823 275 37.8 583 514
ST . 56.5 79.9 23.6 354 60.2 5.1
CBST|Zou et al.|(2018} 65.7 81.5 283 37.3 60.5 54.6
CRST|Zou et al.|(Z019 61.4 80.7 314 37.3 63.0 54.7
SHOT |Liang et al. [(Z020} 63.7 81.4 339 425 64.3 57.1
MUST|L1 et al.[(2022a - - - - - -
Hough: urs) 67.5 83.4 382 48.1 66.2 60.6

D PSEUDO CODES OF HOUGH VOTING-BASED SELF-TRAINING

We provide the pseudo codes of our proposed Hough voting-based self-training (HoughST), as
shown in Algorithm [T} Note Algorithm[T]describes the unsupervised adaptation process in a epoch-

19



Under review as a conference paper at ICLR 2025

Table 12: VLMA performance (with three widely adopted backbone networks) on multi-style
datasets of DomainNet. For fair comparisons, the results of all methods are based on the baseline
CLIP.

Method ViT-B/16 ResNet-50
Clipart Info Paint Quick Real Sketch Mean Clipart Info Paint Quick Real Sketch Mean
CLIP (baseline) 69.7 478 650 145 820 62.4 56.9 51.9 39.1 521 6.4 74.7 47.4 453
ST 72.5 51.3 687 124 837 64.3 58.8 554 405 548 4.3 76.2 483 46.5
CBST|Zou et al.|(2018) 74.3 56.8 69.8 134 831 67.1 60.7 56.3 40.7  56.2 5.6 774 481 47.3
CRST|Zou et al. (2019} 75.6 569 713 148 833 68.2 61.7 579 418 57.1 6.2 782 495 48.4
SHOT |Liang et al.[(2020} 75.9 574 715 151 833 68.8 62.0 60.3 458  60.5 5.1 78.9 54.1 50.8
MUST|L1 et al. [(2022a} 76.1 575 71.6 142 844 68.9 62.1 - - - - - - -
HoughST (Ours) 71.6 59.0 73.1 182 86.1 70.1 64.0 627 472 613 72 802 544 524
Method ResNet-101
Clipart Info Paint Quick Real Sketch Mean
CLIP (baseline) 588 415 580 89 774 538 49.8
ST 614 475 617 6.1 789 552 51.8
CBST |Zou et al.|(2018} 632 483 625 67 794 561 527
CRST |Zou et al.|(ZU19) 643 494 632 6.9 802 578 53.6
SHOT |Liang et al.[(ZU20)  66.4 494 654 79 808 592 549
MUST L1 et al.|[(2Z022a) - - - - - - -
HoughST (Ours) 69.6 508 659 95 825 604 56.4

wise manner for simple illustration and presentation. In experiments, we implement Algorithm I]in
a iteration-wise manner with mini-batches. Besides, Lines 7-8 in Algorithm[I]can be skipped in the
first training iteration as the model has not been updated at that time.

Our HoughST introduces Hough voting into self-training, where the voting centroids and the model
are alternatively updated as illustrated in Line 8 and Line 10 in Algorithm[I] In this way, HoughST
captures temporal information via temporal Hough voting, which helps memorize previously learnt
downstream dataset information via voting from the features encoded by the intermediate models
evolved along the adaptation process.

Algorithm 1 Hough Voting-based Self-training.

Require: Target images X7/, target class descriptions X7 and a pre-trained vision-language model
F={FI FT}
Ensure: Adapted vision-language model F'
. Initialization:
Calculate textual Hough voting centroid 87 using X7 and F via Eq. 4
Calculate visual Hough voting centroid 57[: using X! and F via Eq. 5
Initialize vision-language Hough voting centroid 517 using 61, and 67, as in the left part of Eq.
6
for epoch = 1 to Max_Epoch do
Pseudo Label Generation:
Calculate new visual Hough voting centroid 6., using X/ and the updated F using Eq. 5
Update vision-language Hough voting centroid 517 with new visual Hough voting centroid
81 as in the right part of Eq. 6
9:  Generate pseudo labels Y/ with the updated vision-language Hough voting centroid 6.7 via
Eq. 7
10:  Network Optimization with Pseudo Labels:
11:  Optimize F using pseudo labels Y/ via Eq. 8
12: end for
13: return F

bl e

E How LLM-GENERATED TEXT DESCRIPTIONS AFFECT OTHER METHODS

As described in Section 3, our proposed HoughST adopts GPT-3 |Brown et al.| (2020) as the large
language model (LLM) to generate multiple text descriptions for a given class for mitigating distri-
bution shifts in text modality. For comprehensively benchmarking HoughST, we provide the results
of the state-of-the-art methods using the same LLM-generated text descriptions as those used in
HoughST. Table[I3] presents the results on dataset Office with backbone ViT-B/16. We can observe
that directly using LLM-generated text descriptions for these methods improves the performance
slightly. Beside, it can be seen that our HoughST still outperforms the state-of-the-arts that used

20



Under review as a conference paper at ICLR 2025

LLM-generated text descriptions, largely because HoughST conducts Hough voting-based learning
that filters out noisy textual information, fuses and updates the textual information, and utilize them
to denoise pseudo labels.

Table 13: Results of the state-of-the-art methods with the text descriptions generated from Large
Language Models|Brown et al.|(2020). For fair comparisons, the results of all methods are based on
the baseline CLIP.

VIT-B/16 Office

A W D S Mean
ST 786 81.1 783 68.6 76.6
ST + LLM [Brown et al.|(2020) 79.2 820 789 70.1 775
CBST|[Zou et al.|(2018) 79.1 80.7 785 689 768
CBST |Zou et al.|(20T8) + LLM Brown et al.|(2020) 80.1 814 793 703 777
CRST|[Zou et al.|(2019) 788 812 79.1 690 77.0
CRST |Zou et al.|(Z019) + LLM Brown et al.|(2020) 79.1 821 803 702 779
SHOT [Liang et al.|(2020) 792 81.1 812 67.1 77.1
SHOT |Liang et al.|(2020) + LLM Brown et al.|(2020) 80.7 819 81.7 689 783
MUST|Li et al.|(2022a) 79.0 814 795 692 772
MUST |L1 et al.|(2022a) + LLM Brown et al.|(2020) 81.2 821 80.7 702 785
HoughST (Ours) 843 828 813 723 80.1

F HOUGHST WITH DIFFERENT LLMS

As described in the main manuscript, our proposed HoughST employs GPT-3|Brown et al.| (2020) as
the large language model (LLM) to generate multiple text descriptions for a given class. Specifically,
for all datasets, we query the large language model with the following input:

“Describe what a/an [class name], atype of [dataset name], looks like.”

In this section, we study how the adoption of LLM affects HoughST by implementing HoughST
with different LLMs, including GPT-3 [Brown et al.| (2020), GPT-2 Radford et al.| (2019) and GPT-
J-6B [Wang & Komatsuzaki (2021). Experimental results in Table[T4] show that the change of LLM
does not affect HoughST clearly, demonstrating that HoughST can work effectively and consistently
with different qualities of text descriptions (generated by different LLMs).

Table 14: HoughST with different large language models. Experiments are conducted with ViT-
B/16 on dataset Office. The default implementation is highlighted in gray .

Method | Office (Mean) | Office-home (Mean) | Adaptiope (Mean)
ST 76.6 75.4 72.7
HoughST (GPT-2 Radford et al.| (2019)) 79.3 77.5 78.3

HoughST (GPT-J-6B|Wang & Komatsuzaki| (2021)) 79.2 77.9 78.8
HoughST (GPT-3 Brown et al.[(2020)) 80.1 78.9 79.9

G MORE DISCUSSION OF TEXTUAL HOUGH VOTING

As described in the main manuscript, the proposed textual Hough voting fuses text features in a two-
step manner: 1) uniformly average the multiple text features to acquire an initial voting centroid;
2) calculate the final voting centroid by weighted average where the weight of each feature is the
distance between it and the initial voting centroid. This two-step voting operation allows smooth
feature fusion by weighting down the effect of corner cases, which is important for textual Hough
voting as the LLM-generated text descriptions are not always reliable (e.g., when experiencing gen-

[TXL

eration failures, LLM may generate only a full stop character “.” or a random word).
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In this section, we conduct experiments with ViT-B/16 on ImageNet to investigate the effect of this
two-step feature fusion strategy on our proposed Hough voting. Table |15| shows that the two-step
feature fusion strategy brings about 0.4% performance improvement on ImageNet, largely because
it allows smooth feature fusion by down-weighting the effect of corner cases.

Table 15: Textual Hough Voting (THV) with and without the two-step feature fusion strategy.
Experiments are conducted with ViT-B/16 on ImageNet. The default implementation is highlighted
in gray .

Method | ImageNet

CLIP (baseline) 68.3
THV (w/o two-step feature fusion strategy) 69.4
THV (w/ two-step feature fusion strategy) 69.8

H MORE PARAMETER STUDIES

As described in the main manuscript, our proposed HoughST employs the large language model to
generate K text descriptions for each class for achieving textual Hough voting. We investigate K
by varying it from 10 to 25, as shown in Table[T6] It can be seen that varying K does not affect the
proposed HoughST clearly, demonstrating that our HoughST is quite tolerant to the hyper-parameter
K.

Table 16: Parameter study for the number of text descriptions K with ViT-B/16 on Office. The
default value is marked in gray .

Parameter K | 10 15 20 25
Office (Mean) | 79.9 80.1 80.1 80.0

As described in the main manuscript, our proposed HoughST introduces visual Hough voting that
employs the off-the-shelf image augmentation policies in |Cubuk et al.| (2020) to generate K aug-
mentations for all images respectively, which are then selectively fused using pseudo class labels to
describe each class. We investigate K by varying it from 10 to 25, as shown in Table[I7] It can be
seen that varying K does not affect the proposed HoughST clearly, demonstrating that our HoughST
is quite tolerant to the hyper-parameter K.

Table 17: Parameter study for the number of augmented image data K with ViT-B/16 on dataset
Office. The default value is marked in gray .

Parameter K | 10 15 20 25
Office (Mean) | 80.0 80.1 80.1 79.9

I MORE PSEUDO LABEL ACCURACY FIGURES

In the main manuscript, we provide the pseudo label accuracy along the unsupervised adaptation
process for Office datasets.

In this section, we provide the pseudo label accuracy figures over more datasets, i.e., Office-home,
Adaptiope, VisDA, SUN397, Food101, GTSRB, DTD, UCF101, and ImageNet. Fig. E] shows the
pseudo label accuracy along the unsupervised adaptation process with the backbone ViT-B/16. It can
be seen that our proposed HoughST generates much more accurate pseudo labels than the vanilla
self-training (ST) and the state-of-the-art MUST consistently over various datasets. The superior
pseudo label accuracy is largely attributed to the proposed Hough voting-based self-training which
helps capture rich target image and text information that is more invariant to visual and textual
distribution shifts and can lead to better unsupervised self-training.
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Figure 5: Pseudo label accuracy along the unsupervised adaptation process in VLMA: The experi-
ments were conducted over 10 widely adopted datasets and all use ViT-B/16. The results on dataset
Office are provided in the main manuscript.

J  QUALITATIVE RESULTS

We illustrate our proposed HoughST qualitatively by providing class activation map |Selvaraju et al.
(2017) (CAM) visualization on dataset Office with ViT-B/16. Fig. E]provides the CAMs of ST (2nd
column), MUST |Li et al.| (2022a) (3rd column) and our HoughST (4th column). We can observe that
our proposed HoughST preforms image recognition based on more diverse image regions, leading
to robust and accurate visual recognition under large distribution shifts. For example, in the recog-
nition of backpack, HoughST tends to rely on more image regions (e.g., various local regions with
zippers) which together form a holistic representation of this backpack, ultimately leading to a robust
prediction under large distribution shifts. As a comparison, ST and MUST [L1 et al.| (2022a) make
predictions largely according to a single image region and pay less attentions on other image regions,
which may lead to performance degradation when experiencing large distribution shifts. The CAMs
of Mountain Bike and Helmet shown in the second and third rows respectively are consistent with
the above observation.

K ANALYSIS WITH ERROR BARS

In experiments, we observe negligible variance on the results between multiple random runs. Nev-
ertheless, we provide the error bar with 5 random runs to analyze the proposed HoughST with
ViT-B/16 on Office dataset, as shown in Table[I8] It shows that our proposed HoughST performs
well consistently over multiple random runs.

Table 18: Analysis of our proposed HoughST with error bars. Experiments are conducted with ViT-
B/16.

Method | Office (Mean) | Office-home (Mean) | Adaptiope (Mean)
HoughST | 80.1+0.1 | 789 +0.1 | 799 +0.2
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Figure 6: Qualitative comparisons with class activation maps |Selvaraju et al.| (2017) (CAM)
on dataset Office with ViT-B/16. The 4 columns from left to right show Input Images and the
corresponding CAMs by ST, MUST and our HoughST, respectively. It can be
observed that HoughST preforms image recognition based on more diverse image regions, leading
to more robust and accurate visual recognition under various cross-dataset scenarios.

L. RELATIONS TO OPEN-SET, CLASS-INCREMENTAL AND PARTIAL DOMAIN
ADAPTATION

Different from traditional domain adaptation that assumes the same vocabulary across source and
downstream datasets, this work studies vision-language model adaptation (VLMA), a new unsuper-
vised model adaptation (UMA) framework that positions a pre-trained VLM as the source model
and transfers it towards various unlabelled downstream datasets.

We note that there are several other adaptation frameworks which also aim to handle the situation
where the pre-training and downstream datasets have different vocabularies. In this section, we
briefly introduce their frameworks and clarify the difference between them and the studied VLMA.

Specifically, open-set domain adaptationPanareda Busto & Gall|(2017)); (2018);Liu et al.|
(2019)), class-incremental domain adaptation|(Kundu et al.|(2020); Xu et al.|(2021)) and partial domain

adaptation [Cao et al| (2018} 2019); [Zhang et al.| (2018)), are proposed to handle the situation where
the source and downstream datasets have different vocabularies. However, all these frameworks
have certain limitations as compared the studied VLMA.

For example, open-set domain adaptation |Panareda Busto & Gall| (2017); Saito et al.| (2018));
adds an extra class called “unknown” to both source and downstream datasets such
that it allows open-set adaptation by treating all the classes that are not shared between source and
downstream datasets as the “unknown” class. However, open-set domain adaptation can merely
classify all new target classes/concepts as a single “unknown” class even in an ideal case, which
fails to respectively recognize new classes/concepts, limiting its flexibility and efficiency greatly in
unsupervised transfer. Differently, VLMA allows to respectively recognize various new downstream
categories/concepts, which is much more flexible.
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Class-incremental domain adaptation Kundu et al.| (2020); |Xu et al.| (2021) integrates domain
adaptation and class-incremental learning (using one-shot or few-shot labelled downstream images)
such that it allows to recognize new target classes/concepts during adaptation. However, it generally
requires one-shot or few-shot labelled downstream images for each new class as a prerequisite, while
VLMA is unsupervised and can work for new classes without requiring labelled target images.

Partial domain adaptation Cao et al.|(2018; 2019); Zhang et al.| (2018)) assumes that the label set
of downstream dataset is a subset of the label set of source dataset. Differently, the studied VLMA
does not have this constraint as it can work with various downstream classes Radford et al.|(2015).

M BROADER IMPACTS AND LIMITATIONS

We envision that this work will promote more studies on VLMA, a new unsupervised model adap-
tation framework that mitigates the image annotation constraint and facilitate deep network training
while handling new visual recognition tasks. Furthermore, as our work is built upon open-source
pre-trained vision-language models, it adds only a small amount of computation overhead after VLM
pre-training and therefore reduces the carbon footprint. Currently, we do not foresee clear undesir-
able impacts of this work from both ethical and social aspects. At the other hand, the investigated
techniques in this work are still at a very early stage and thus the proposed approach could be used
as an assistant tool in computer vision applications instead of the critical decision and hard control
systems that may lead to severe and harmful consequences.
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