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Abstract

Pretrained large-scale vision-language models such as CLIP
have demonstrated excellent generalizability over a series of
downstream tasks. However, they are sensitive to the vari-
ation of input text prompts and need a selection of prompt
templates to achieve satisfactory performance. Recently, var-
ious methods have been proposed to dynamically learn the
prompts as the textual inputs to avoid the requirements of
laboring hand-crafted prompt engineering in the fine-tuning
process. We notice that these methods are suboptimal in
two aspects. First, the prompts of the vision and language
branches in these methods are usually separated or uni-
directionally correlated. Thus, the prompts of both branches
are not fully correlated and may not provide enough guid-
ance to align the representations of both branches. Second,
it’s observed that most previous methods usually achieve bet-
ter performance on seen classes but cause performance de-
generation on unseen classes compared to CLIP. This is be-
cause the essential generic knowledge learned in the pretrain-
ing stage is partly forgotten in the fine-tuning process. In
this paper, we propose Co-Articulated Multi-Modal Learn-
ing (COMMA) to handle the above limitations. Especially,
our method considers prompts from both branches to generate
the prompts to enhance the representation alignment of both
branches. Besides, to alleviate forgetting about the essential
knowledge, we minimize the feature discrepancy between the
learned prompts and the embeddings of hand-crafted prompts
in the pre-trained CLIP in the late transformer layers. We
evaluate our method across three representative tasks of gen-
eralization to novel classes, new target datasets and unseen
domain shifts. Experimental results demonstrate the superi-
ority of our method by exhibiting a favorable performance
boost upon all tasks with high efficiency. Code is available at
https://github.com/hulianyuyy/COMMA

Introduction

The increase of web data with aligned large-scale text-
image pairs has greatly facilitated the development of foun-
dation vision-language models (VLMs) such as CLIP (Rad-
ford et al. 2021). Thanks to the supervision provided by
the natural language, these models have demonstrated excel-
lent generalization performance over a series of downstream
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tasks and could reason about open-vocabulary visual con-
cepts (Gao et al. 2021; Fang et al. 2021; Cheng et al. 2021).
During inference, a set of hand-crafted prompts such as ’a
photo of [category]’ is used as a query for the text encoder.
The output text embeddings are matched with the visual em-
beddings generated by the image encoder to predict the out-
put class.

Despite the impressive generalizability of CLIP over
novel scenarios, its massive model scale and requirements
of training data make it infeasible to fine-tune the full model
in the downstream tasks. Fine-tuning the whole model also
easily forgets the beneficial knowledge acquired in the train-
ing stage and overfits the downstream data. To handle the
above limitations, a series of works (Radford et al. 2021;
Jin et al. 2021) are dedicated to designing better hand-
crafted prompts to fit downstream tasks. However, hand-
crafted prompts require careful selections with intensive
labors, which may also be suboptimal in depicting the char-
acteristics of novel scenarios. Recently, many methods (Shu
et al. 2022; Zhou et al. 2022a,b) propose to treat the prompts
as textual embeddings and update them in the fine-tuning
process to better coordinate with the VLMs. In this proce-
dure, only the learnable prompts are updated and the origi-
nal parameters of VLMs are fixed, which greatly reduces the
requirements of computations.

We argue that these approaches still own two major draw-
backs. First, the prompts of the vision and language branches
in these methods are usually separated or uni-directionally
correlated (the vision branch is uni-directionally influenced
by the text branch only). As the goal of VLMs is to bet-
ter match the embeddings of vision and language branches,
disjointed vision and language prompts may hinder mod-
elling the correlation of output embeddings in two branches.
Second, it has been observed that most previous methods
usually achieve superior performance on seen classes but
demonstrate worse generalizability on unseen classes com-
pared to CLIP. This is because the essential generic knowl-
edge acquired in the pretraining process is partly forgotten
in the fine-tuning procedure.

To handle the above limitations, we propose Co-
Articulated Multi-Modal Learning (COMMA) in this pa-
per. Especially, to enhance the correlations of prompts in
both branches, we generate prompts of the next layer based
on preceding prompts in both branches. In this case, the
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Figure 1: COMMA outperforms state-of-the-art methods
across 10/11 diverse image recognition datasets on the base-
to-novel generalization task.

prompt embeddings of both branches are well correlated
and could provide enough guidance for the next layer to
align representations of both branches. Besides, to alleviate
forgetting about the essential knowledge acquired in large-
scale training data, we try to minimize the discrepancy be-
tween the learned prompts and the embeddings of hand-
crafted prompts in the pretrained CLIP. The generic knowl-
edge can be better preserved and adapted to novel classes
in the fine-tuning stage. Our extensive experiments on three
key representative settings including base-to-novel gener-
alization, cross-dataset evaluation, and domain generaliza-
tion demonstrate the strength of COMMA. Especially, on
base-to-novel generalization, our method outperforms other
approaches across 10/11 datasets as shown in fig. 1. Fur-
ther, our COMMA also demonstrates excellent generaliz-
ability over all datasets in the cross-dataset transfer and
domain generalization settings, achieving consistent perfor-
mance boost. Thanks to its streamlined design, COMMA ex-
hibits improved training and inference efficiency compared
to previous methods.

Related Work
Vision Language Models

Recently, the equipment of large-scale image-text pairs
has greatly facilitated the development of Vision Language
Models (VLMs). Previous methods usually adopt region-
based (Anderson et al. 2018) or grid-based (Jiang et al.
2020; Nguyen, Goswami, and Chen 2020) approaches to
model the correlations between vision and language. How-
ever, the internal relations between two modalities are not
fully captured by such a design. Recently, a series of models
like CLIP (Radford et al. 2021), ALIGN (Jia et al. 2021),
FLIP (Yao et al. 2021) and BLIP (Li et al. 2022) are intro-
duced to capture the correlations between image and textin a
contrastive manner. They learn joint image-language repre-
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sentation by maximizing the similarity of positive pairs and
pushing away those negative pairs. Aided by the supervision
of natural language, they have demonstrated impressive per-
formance over a broad series of downstream tasks. However,
their massive model size and requirement of training data
limit their applications in resource-constrained downstream
tasks. How to better exhibit their potential in those novel
concepts with high efficiency is still a challenging prob-
lem. Many works have demonstrated better performance on
downstream tasks by using tailored methods to adapt VLMs
for few-shot image-recognition (Zhang et al. 2021; Sung,
Cho, and Bansal 2022), object detection (Gu et al. 2021;
Feng et al. 2022; Maaz et al. 2022), and segmentation (Ding
et al. 2022; Liiddecke and Ecker 2022).

Prompt Learning

Large language models often require instructions in the form
of sentences, known as text prompts, to better understand the
task. These prompts can be hand-crafted (Jin et al. 2021)
or automatically learned (Houlsby et al. 2019; Liu et al.
2023) during the fine-tuning process, while the latter is re-
ferred to as prompt learning. The trend has first appeared
in the natural language processing (NLP) field where some
methods (Lester, Al-Rfou, and Constant 2021; Li and Liang
2021; Liu et al. 2021) propose to prepend a series of learn-
able prompts to the inputs or the intermediate features to
adapt the learned representations to new tasks. A similar
tendency has also arisen in the visual domain (Jia et al.
2022; Wang et al. 2022) and vision-language domain (Gao
et al. 2021; Khattak et al. 2023; Yao, Zhang, and Xu 2023).
While most previous methods separately consider prompts
in multi-modal branches, we try to enhance their correlations
to guide the alignment of representations in both branches.

Prompt Learning in Vision Language Models

Inspired by prompt learning in NLP, many methods propose
to adapt VLMs by learning the prompt tokens through end-
to-end fine-tuning. The original parameters of VLMs are
fixed and only a few extra learnable prompt parameters are
updated in this procedure. CoOp (Zhou et al. 2022b) first re-
places the hand-crafted prompts with learnable soft prompts
in the first layer to adapt to VLMs. CoCoOp (Zhou et al.
2022a) proposes to generate an image-conditional prompt
to utilize the power of input features. ProGrad (Zhu et al.
2022) only updates the prompts whose gradient is aligned to
the “general knowledge” generated by the original prompts.
KgCoOp (Yao, Zhang, and Xu 2023) tries to align the output
embeddings of the text encoder with those of the pretrained
CLIP to preserve beneficial information. MaPLe (Khattak
et al. 2023) learns soft prompts in both vision and language
branches to better align their representations. We note that
the prompts in these methods are usually separated, which
hinders adopting multi-modal information to better align the
representations of both branches. Besides, these methods
usually cause performance degeneration over unseen classes
compared to CLIP, with much worse generalizability. Our
work is the first to explore gathering beneficial information
from both branches to better guide the prompt generation
process to well align multi-modal representations.
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Method

Our method focuses on how to improve the generalization
performance of a large-scale VLM over a series of down-
stream tasks. To alleviate overfitting the downstream tasks
and avoid incurring huge training computational costs, the
parameters of both image encoder and text encoder in the
original VLM are kept fixed, while only the parameters of
the prompts are updated in the fine-tuning process. To bet-
ter demonstrate the effects of our COMMA, we first give a
brief review of VLMs by taking CLIP (Radford et al. 2021)
as an example, and then recap typical visual prompt learning
methods like CoOp and MaPLe to derivative our method.

Preliminaries

We build our model based on a pre-trained VLM, CLIP,
which consists of a text and vision encoder. CLIP encodes
an image I € R *W>3 and a concurrent text description to
match their output embeddings. We follow previous meth-
ods to use a vision transformer (ViT) (Dosovitskiy et al.
2020) based CLIP model.

Encoding Image: An image I € RT*Wx3 is first split
into M patches with equal intervals, and then reshaped and
projected into patch embeddings Ey € R * %+ These patch
embeddings are then sent into a K -layer transformer V along
with a learnable class token (CLS) ¢;. The calculation pro-
cess of each transformer layer can be represented as:

[C,‘,Ei] :V,»([ci_l,Ei_l]),ie [O,...,K—l]. (1)

To obtain a final representation for the input image I, the
CLS token cx 1 of the last transformer layer is extracted
and projected to the common V-L latent embedding space
via a projection function p, as :

z = pu(ck). @

Encoding Text: the input text descriptions are tok-
enized and then projected into word embeddings W, =
[wh, w3, -+, wl] € RN*4, with N denoting the length
of word embeddings. At each layer, the embedding W;_ is
sent into the 4,y transformer layer £; of the text encoder as:

(Wil = Li([Wi1]),i €[0,..., K —1]. 3

The final text representation z is obtained by projecting the
last token w¥ | of the last transformer layer to the common
V-L latent embedding space via a projection function p; as :

z :pL(wlA(f_l). )

Zero-shot inference: during inference, the inputs for the
text encoder are hand-crafted prompts (e.g., A photo of a
[class]) by replacing the placeholder [class] with the class
name of label y € [1,...,C]. Then the score for j, class
is measured by calculating the similarity between outputs of
the text encoder and image encoder via a cosine similarity
function sim() with a temperature parameter 7 as:

exp(sim(x, z;)/T) .
ZiC:1 exp(sim(z, z;))

The class name corresponding to the highest score is adopted
as the prediction result for the input image I.

ply;le) = &)
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The text prompts in the text encoder are usually hand-
crafted which require labor-intensive manual search, and
may not be optimal for the downstream task. Thus, recent
methods propose to treat the prompts as textual embeddings
and optimize them in the fine-tuning process. We next briefly
introduce two typical soft-prompt-based methods.

CoOp. CoOp replaces the hand-crafted prompts in the
text encoder as learnable soft prompts and directly updates
them in the fine-tuning process. Specifically, CoOp intro-
duces M learnable prompt vectors {pg, p1, ..., Prr—1}, and
concatenate them with the token embedding ¢; of i, class

as the text input embeddings: tSOOp = {po, P15 > PM—1,
¢i }. These embeddings are then sent into the text encoder to
obtain the final text representation.

MaPLe. MaPLe argues that using prompting in a single
branch of VLM may not be optimal since it doesn’t allow
adjusting representations of both branches to better match
their output embeddings. Besides, only inserting prompts in
the first layer may not be enough to encode beneficial in-
formation of various hierarchies. Thus, MaPLe proposes to
insert prompts into both the vision and text branches up to .J
layers to enable deep prompting. In each layer, the prompts
of the image encoder are uni-directionally generated by the
prompts of the text encoder.

Proposed Method

With considerable performance boost achieved by previous
methods over downstream tasks compared to CLIP, they still
have two major limitations. First, the prompts in the vision
and text branches are usually separated or uni-directionally
generated. Since the goal of VLM is to match the output
embeddings of different modalities to describe their rela-
tionships, the prompts of both branches should be closely
related to provide proper guidance to align the representa-
tions of both branches. Second, despite impressive perfor-
mance boosts on the seen classes achieved by recent meth-
ods, they usually cause performance degeneration on the un-
seen classes compared to CLIP (Yao, Zhang, and Xu 2023;
Zhou et al. 2022a), demonstrating worse generalization to
novel concepts. This is harmful to real-life scenarios as a
large number of novel classes may appear. The reason is
that the generic knowledge is partly forgotten in the fine-
tuning process. To handle the above limitations, we com-
bine beneficial information from both branches to generate
the prompts to well match their output embeddings. We also
propose to preserve the generic representations of pretrained
CLIP in the fine-tuning process to alleviate overfitting. An
overview of our proposed method is given in fig. 2.

Correlated prompt generation. To better guide and align
the representations of two branches, we present to compute
prompts based on preceding prompts of both branches to ag-
gregate beneficial multi-modal information. Especially, fol-
lowing previous methods (Khattak et al. 2023), we insert
learnable prompts in both vision and text branches up to a
specific depth J. Taking the vision branch as an example,
the input embeddings are denoted as {Pa’, co, Fo}, with P
representing the M -length learnable prompts. The calcula-
tion process of i, (i € [0, ..., K — 1]) transformer layer V;



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Frozen CLIP Text Encoder

2]
= — — e p— T
[ T Y=
Ein s 3 HYeos e | Pesg 2
a [class]” 2 I_q | > 12 i .
£ I 5 o |2 0 |2
5 e Bl == L= ===
— Lka Lia Lia
DI e S 5
| (el
a [class]” ;‘ ! AR ] % -
1 — I 0 1
g L L g Bl il
o) == —
£ POEEE PlEDi
=) Ml {4
\TO __\TO \T() > Lee

L]

4

1
1
\l

[

[ Suppaquig yored @ }

1-N JoAeT

Figure 2: The overview for COMMA. Here, L . denotes the cross-entropy loss and Ly represents the knowledge distillation
loss between two branches. COMMA generates the prompts of the vision branch based on preceding prompts of both branches
to aggregate multi-modal beneficial information to guide their representation alignment. Besides, it let the learned prompts
approximate the hand-crafted prompts in the pre-trained CLIP model to preserve generic knowledge.

could be expressed as:

[ ci, Bi] = Vi([P1, cie1, Ei1])- (6)
Instead of leaving the prompts in both branches separated
or uni-directionally controlled, we leverage multi-modal in-
formation by computing the prompts in the image branch
based on the preceding prompts of both branches. Specifi-
cally, for #;, transformer layer V;, its prompts are dynami-
cally generated by treating prompts P ; of (i — 1), layer
in the vision branch as a query, and the prompts P! , of
(i — 1)y, layer in the text branch as key and value. This pro-
cedure is expressed as :

PY .. P!
7 P (7)
We perform aggregation along the token dimension. In this
sense, the prompts in the vision encoder aggregate comple-
mentary information from the text branch to guide the align-
ment path of their representations. Practically, we only gen-
erate the prompts in the vision branch with guidance from
the high-level semantics in the text branch, and leave the
prompts in the text branch randomly initialized for back
propagation to avoid hurting their high-level semantic rep-
resentations.

P! = softmax(

Alleviating Forgetting Generic Knowledge. Previous
works (Khattak et al. 2023; Yao, Zhang, and Xu 2023)
have witnessed that the generic knowledge contained in pre-
trained CLIP models is easily forgotten in the fine-tuning
process. We find that the similarity between the learned
prompts and the hand-crafted prompts in pretrained CLIP
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Figure 3: Relationships concerning the degree of perfor-
mance degradation AAcc with the distance between the
learnable prompts in CoOp and the hand-crafted prompts in
the pretrained CLIP across different layers over 11 datasets.

is positively correlated with their performance on novel
classes. Fig. 3 depicts the relationship concerning the dis-
tance between the learnable prompts in CoOp and the hand-
crafted prompts in the pretrained CLIP with their perfor-
mance gap AAcc across different layers. It’s observed that
as the layers go deeper, the degree of performance degrada-
tion AAcc is more consistent with the prompt embedding
distance. Specifically, in the first few layers (e.g., Layer 3 &
6) the correlations between AAcc and the prompt distance
are irregular, while in the last several layers (e.g., Layer 9 &
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12) the trends between AAcc and the prompt distance be-
come more positively correlated. This indicates the distance
between the learnable prompts and the hand-crafted prompts
in the pretrained CLIP can be viewed as clear signs to indi-
cate the model generalization performance over downstream
tasks. Based on preceding observations, we propose to mini-
mize the feature discrepancy between the learnable prompts
and hand-crafted prompts of the pretrained CLIP in the last
several S layers, to boost the generalization performance
on novel classes. Specifically, for the reciprocal s, layer,
we maximize the feature similarity between the learnable
prompts in the text branch of COMMA and the hand-crafted
prompts in the text branch of the pretrained CLIP via a co-
sine similarity sim() as:

Ly = Sim(PL, PCLIP) (8)

Overall, we minimize the cross-entropy loss as well as the
feature discrepancy loss with the weight A\ over the recipro-
cal S layers to train our COMMA as :

S
ETotal = Ece + /\Z(l - f(d) (9)
=0

Experiments
Benchmark Setting

Base-to-Novel Generalization: The datasets are split into
base and novel classes to evaluate the model in a zero-shot
manner. The model is trained on the base classes in a few-
shot setting and evaluated on base and novel classes.

Cross-dataset Evaluation: To demonstrate the ability of
our model in cross-dataset transfer, we train our model on
the ImageNet dataset in a few-shot manner, and directly
evaluate it on other datasets without further fine-tuning.

Domain Generalization: To evaluate the robustness of
our model over out-of-distribution data, we directly test our
ImageNet-trained model on four other ImageNet datasets
which contain different types of domain shifts.

Datasets : For base-to-novel generalization and cross-
dataset evaluation, we follow previous methods (Khattak
etal. 2023; Yao, Zhang, and Xu 2023) to evaluate the perfor-
mance of our method on 11 image classification datasets, in-
cluding two generic-objects datasets, ImageNet (Deng et al.
2009) and Caltech101 (Fei-Fei, Fergus, and Perona 2004);
five fine-grained datasets, OxfordPets (Parkhi et al. 2012),
StanfordCars (Krause et al. 2013), Flowers102 (Nilsback
and Zisserman 2008), Food101 (Bossard, Guillaumin, and
Van Gool 2014), and FGVCAircraft (Maji et al. 2013); a
scene recognition dataset SUN397 (Xiao et al. 2010); an
action recognition dataset UCF101 (Soomro, Zamir, and
Shah 2012); a texture dataset DTD (Cimpoi et al. 2014)
and a satelliteimage dataset EuroSAT (Helber et al. 2019).
For domain generalization, we use ImageNet as the source
dataset and its four variants as target datasets including Ima-
geNetV2 (Recht et al. 2019), ImageNet-Sketch (Wang et al.
2019), ImageNet-A (Hendrycks et al. 2021b) and ImageNet-
R (Hendrycks et al. 2021a).
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Implementation Details For all experiments, we use the
pretrained ViT-B/16 CLIP model by default with d; = 512,
d; = 768. We use a 16-shot training strategy in all experi-
ments by default which randomly samples 16 shots for each
class. Following previous methods (Khattak et al. 2023), we
set prompt depth J to 9 and the language and vision prompt
lengths to 2. We train our models for 5 epochs with a batch-
size of 4 and a learning rate of 0.0035 with the SGD op-
timizer. We use the pretrained CLIP word embeddings of
the template ’a photo of a [category]’ to initialize the lan-
guage prompts of the first layer Py, and randomly initialize
the prompts of the subsequent layers with a normal distribu-
tion. For base-to-novel generalization, we report base and
novel class accuracies and their harmonic mean (HM) av-
eraged over 3 runs. For cross-dataset evaluation and do-
main generalization, we train our model on the ImageNet
dataset as a source model for 2 epochs with a learning rate
of 0.0026, and set the prompt depth J as 3.

Base-to-Novel Generalization

We split each dataset into two disjoint groups: base classes
(Base) and new classes (New). The model is trained on
the base classes and directly evaluated on the unseen new
classes to validate its generalizability. We compare our
COMMA with recent methods in tab. 1. Totally, COMMA
achieves improved performance in 9/11 datasets upon new
classes and higher harmonic mean accuracies over 10/11
datasets compared to state-of-the-art methods, demonstrat-
ing better generalizability over novel concepts. Specifically,
previous methods like CoOp, CoCoOp and KgCoOp usu-
ally achieve large improvements upon base classes com-
pared to CLIP. However, they often own worse performance
on the novel classes. This is because they easily overfit the
training data and lack generalization on unseen data. As a
strong competitor, MaPLe introduces multi-modal prompt
learning to alleviate this issue and improves a lot over new
classes compared to previous methods. Our COMMA not
only demonstrates much superior performance over all base
classes compared to CLIP, but also shows stronger accuracy
upon most (9/11) new classes with impressive generalizabil-
ity, with a higher averaged harmonic mean accuracy upon all
datasets. It’s worth noting that compared to previous meth-
ods, our COMMA just obtains higher performance over 3/11
datasets on base classes, but achieves better accuracy over
9/11 datasets on novel classes.

Cross-Dataset Transfer

We test cross-dataset generalization of COMMA in tab. 2.
The model is trained on the ImageNet dataset and di-
rectly evaluated on the remaining 10 datasets. It’s observed
that COMMA achieves competitive performance with other
methods on the source ImageNet dataset, but achieves much
stronger performance over the target datasets. Especially,
COMMA outperforms CoOp and MaPLe over 9/10 datasets
and beats CoCoOp over all datasets. Overall, COMMA
achieves the highest averaged performance over all 10
datasets, with better generalizability over downstream tasks.
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| Base New | HM | Base New | HM | Base New | HM
CLIP 69.34 7422 | 71.70 CLIP 7243 68.14 | 70.22 CLIP 96.84 94.00 | 95.40
CoOp 82.63 67.99 | 74.60 CoOp 7646 6631 | 71.02 CoOp 98.11 93.52 | 95.76
CoCoOp 80.47 71.69 | 75.83 CoCoOp 7598 7043 | 73.10 CoCoOp 97.96 93.81 | 95.84
KeCoOp | 80.73 73.60 | 7700  KgCoOp | 75.83 69.96 | 7278  KgCoOp | 97.72 94.39 | 96.03
MaPLe 82.28 75.14 | 78.55 MaPLe 76.66 70.54 | 73.47 MaPLe 97.74 9436 | 96.02
COMMA ‘ 82.42 75.87 ‘ 79.04 COMMA ‘ 76.04 70.89 ‘ 73.86 COMMA ‘ 97.94 94.56 ‘ 96.50

(a) Average over 11 datasets. (b) ImageNet. (c) Caltechl101.

| Base New | HM | Base New | HM | Base New | HM
CLIP 91.17 97.26 | 94.12 CLIP 63.37 74.89 | 68.65 CLIP 72.08 77.80 | 74.83
CoOp 9424 96.66 | 95.43 CoOp 76.20 69.14 | 72.49 CoOp 97.63 69.55 | 81.23
CoCoOp | 95.20 97.69 | 96.43 CoCoOp | 7049 73.59 | 72.01 CoCoOp | 94.87 71.75 | 81.71
KgCoOp | 94.65 97.76 | 96.18 KgCoOp | 71.76  75.04 | 73.36 KgCoOp | 95.00 74.73 | 83.65
MaPLe 9543 97.76 | 96.58 MaPLe 7294  74.00 | 73.47 MaPLe 9592 7246 | 82.56
COMMA ‘ 95.62 97.84 ‘ 96.72 COMMA ‘ 73.48 7491 ‘ 73.96 COMMA ‘ 94.86 75.13 ‘ 83.88

(d) OxfordPets. (e) StanfordCars. (f) Flowers102.

| Base New | HM | Base New | HM | Base New | HM
CLIP 90.10 91.22 | 90.66 CLIP 27.19 36.29 | 31.09 CLIP 69.36  75.35 | 72.23
CoOp 89.44 87.50 | 88.46 CoOp 39.24 30.49 | 34.30 CoOp 80.85 68.34 | 74.07
CoCoOp 90.70 91.29 | 90.99 CoCoOp 3341 2371 | 27.74 CoCoOp 79.74  76.86 | 78.27
KgCoOp | 9050 91.70 | 91.09  KgCoOp | 3621 33.55 | 3483  KgCoOp | 80.29 7653 | 78.36
MaPLe 90.71 92.05 | 91.38 MaPLe 37.44 35.61 | 36.50 MaPLe 80.82 78.70 | 79.75
COMMA ‘ 90.42 92.74 ‘ 91.84 COMMA ‘ 36.47 34.23 ‘ 35.84 COMMA ‘ 80.94 79.32 ‘ 80.86

(2) Food101. (h) FGVCAircraft. (i) SUN397.

| Base New | HM | Base New | HM | Base New | HM
CLIP 53.24 59.90 | 56.37 CLIP 56.48 64.05 | 60.03 CLIP 70.53 77.50 | 73.85
CoOp 80.17 47.54 | 59.68 CoOp 91.54 5444 | 68.27 CoOp 85.14 64.47 | 73.37
CoCoOp | 77.01 56.00 | 64.85 CoCoOp 87.49 60.04 | 71.21 CoCoOp 82.33 7345 | 77.64
KgCoOp | 77.55 5499 | 64.35 KgCoOp 85.64 64.34 | 73.48 KgCoOp 82.89 76.67 | 79.65
MaPLe 80.36 59.18 | 68.16 MaPLe 94.07 73.23 | 82.35 MaPLe 83.00 78.66 | 80.77
COMMA ‘ 81.04 58.62 ‘ 68.32 COMMA ‘ 93.56 74.26 ‘ 83.42 COMMA ‘ 84.06 80.56 ‘ 81.84

() DTD. (k) EuroSAT. (1) UCF101.

Table 1: Comparison with recent methods in the base-to-new generalization setting. "HM’ denotes Harmonic mean.

Domain Generalization

We train our model on the source ImageNet dataset, and
directly evaluate it on four out-of-distribution datasets to
test its generalizability. The results are shown in tab. 3. Our
COMMA achieves competitive performance on the source
ImageNet dataset against other methods, and consistently
outperforms other methods across all other datasets. This
indicates that enhancing the correlations of multi-modal
prompts and injecting generic knowledge could enhance the
generalization and robustness of VLMs like CLIP.

Ablation Study

Effectiveness of proposed components. We validate the
effects of the proposed two components, i.e., correlated
prompt generalization and generic knowledge transfer, in
tab. 4. It’s observed adding correlate prompts and knowledge
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transfer could bring +2.16% & 0.98% averaged performance
boost over all 11 datasets. Combining both further leads to a
+3.18% accuracy boost with absolute 79.04% accuracy.

How many layers to adopt knowledge transfer. We use
the reciprocal S layers to transfer generic knowledge from
the hand-crafted prompts in CLIP to the learnable prompts in
COMMA. Fig. 4 plots the accuracy variation of base class,
novel class and harmonic mean by changing S. It’s observed
that the accuracies consistently rise as S decrease, which
reach the peak when S=2. This indicates that the prompts
embeddings in the last several layers contain more generic
semantic information, which can better help the generaliza-
tion performance over downstream tasks. We thus set S=2.

Prompting efficiency. We compare the efficiency of
COMMA with recent methods concerning parameters and
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Source

Target

ImageNet Caltech101 OxfordPets S-Cars Flowers102 Food101 Aircraft SUN397 DTD EuroSAT UCF101 Average

CoOp 7151 93.70 89.14 6451  68.71 8530 1847 64.15 4192 4639 66.55 63.88
CoCoOp 71.02 94.43 90.14 6532 71.88 86.06 2294 67.36 4573 4537 6821 65.74
MaPLe  70.72 93.53 9049 6557 72.23 86.20 2474 67.01 4649 48.06 68.69 66.30
COMMA 71.22 93.84 90.78 66.36 73.14 85.87 25.14 67.56 46.52 48.85 68.71 66.84

Table 2: Comparison of COMMA with recent methods on the cross-dataset evaluation setting.
Source Target Method  Params FI;S (withlES) HM
ImgNet ImgNetV2 ImgNet-S ImgNet-A ImgNet-R CoOp 2048 94 147.6 71.66

CLIP 66.73 60.83  46.15 4777  73.96 CoCoOp 35360 452 7262 7583

CoOp 71.51 6420 4799 4971 7521 KgCoOp 2048  40.1 6423  77.00
CoCoOp 71.02  64.07 48.75 50.63 76.18 MaPLe 3.55M 398 639.8 78.55
MaPLe 70.72  64.07 49.15 50.90 76.98 COMMA 48'M 396 6378 79.04
KgCoOp 71.20 64.10 48.97 50.69 76.70
COMMA 7122 64.84 49.65 51.64 77.56 Table 5: Comparison of prompting efficiency with other

Table 3: Comparison of COMMA with existing approaches
in the domain generalization setting.

Configurations Accuracy(%)
- 75.86
w/ correlated prompts 78.02
w/ knowledge transfer 76.84
COMMA 79.04

Table 4: Effectiveness of each component in COMMA.

ACCURACY (%)

$=6 s=5 s=4 s=3 s=2 L=1
LAYER DEPTI

Figure 4: Relationships concerning the base-class, novel-
class and harmonic mean accuracy with the number of recip-
rocal layers (S). Accuracies are averaged over 11 datasets.

frames per second (FPS) in tab. 5. It’s noticed the Co-
CoOp has the lowest FPS due to its instance-conditioned
design. Its FPS decreases as the batch size rises, which
greatly hinders it application in real life. With improved ac-
curacy compared to previous methods (CoOp, CoCoOp and
KgCoOp), MaPLe increases the required parameters from
2048 to 3.55M. Compared to other methods, our COMMA
owns slightly increased parameters with comparable FPS
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methods over 11 datasets. "BS’ denotes *Batch Size’.

A 05 10 15 20 40 80
Accuracy 78.68 79.04 78.74 78.62 78.21 78.02

Table 6: Effects for the weight A over 11 datasets.

J=3 J=6 J=9 J=12| P=1 P=2 P=3 P=4
77.98 78.56 79.04 78.74|78.64 79.04 78.75 78.54

Table 7: Ablations for prompt depth J and prompt length P.

and the highest averaged performance over all 11 datasets,
demonstrating better accuracy with competitive computa-
tional costs.

The choice of \. We test the choice for the weight A of
the knowledge transfer loss Ly, in tab. 6. As A rises, the
accuracy increases and reaches the peak when A=1.0. We
set A=1.0 by default.

The choices of prompt depth J and prompt length P.
We ablate the choices of prompt depth J and prompt length
P in tab. 7. It’s observed that J = 9 and P = 2 could offer
the best results.

Conclusion

Adapting large VLMs for downstream tasks is challenging
due to the large scale of optimized parameters and limited
size of downstream data. Prompt learning is an efficient
promising approach to adapt VLMs to novel concepts. To
increase the generalization performance of VLMs, we pro-
pose to enhance the correlations of multi-modal prompts and
preserve generic knowledge during the fine-tuning process.
Experimental results show that our model is both parameter-
efficient and robust across a series of downstream tasks.
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