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Supplementary Material

This supplementary material provides additional informa-
tion about experiment setup, ablation studies, discussion,
and source code. We respectfully note that the source code
will be made publicly available.

A. Experiment setup
The evaluation is conducted in the base-to-novel, domain
generalization, and cross-dataset transfer settings [7, 8, 18].
The average accuracy of three runs is reported as the final
performance. The detailed descriptions of these settings are
as follows.

Base-to-novel setting. In this setting, the classes of a
dataset are divided into two disjoint sets, i.e., base and
novel, and a model is optimized on the base set and eval-
uated on the base and novel sets. The involved standard
benchmark datasets are: ImageNet [3], Caltech101 [10],
OxfordPets [12], StanfordCars [9], Flowers102 [11],
Food101 [1], FGVCAircraft [15], SUN397 [17], DTD [2],
EuroSAT [4], and UCF101 [14]. The goal of this setting is
to evaluate the resulting model’s generalizability.

Domain generalization setting. In this setting, a model
is optimized on ImageNet [3] and evaluated on ImageNet-
A [6], ImageNet-R [5], ImageNet-Sketch [16], and Ima-
geNetV2 [13]. The goal of this setting is to evaluate the
resulting model’s generalizability on datasets with domain
shifts.

Cross-dataset transfer setting. In this setting, a
model is optimized on ImageNet [3] and evaluated
on Caltech101 [10], OxfordPets [12], StanfordCars [9],
Flowers102 [11], Food101 [1], FGVCAircraft [15],
SUN397 [17], DTD [2], EuroSAT [4], and UCF101 [14].
The goal of this setting is to evaluate the resulting model’s
transferability.

Please refer to [18] for the instructions to prepare each
dataset.

B. Ablation studies
Ablation studies are conducted in the base-to-novel setting.
The average base accuracy, the average novel accuracy, and
their harmonic mean are reported.

Insertion depth. The task-aware pre-context and learnable
prompts are inserted into the encoders in a layer-wise man-
ner or they are inserted into the input embeddings of all
transformer blocks. We ablate the effect of the insertion
depth by inserting the task-aware pre-context and learnable
prompts into transformer blocks 1 to insertion depth. It is

worth noting that (a) the depths for the textual and visual
encoders are set to be equal by default, (b) the maximum
depth is 12, and (c) the other ingredients are kept in this
experiment. Table A1 shows the results. Our observations
are as follows: (a) increasing the depth can improve the har-
monic mean by a noticeable margin and (b) the biggest per-
formance gains are achieved when the depth is 12. These
observations demonstrate the effectiveness of inserting the
task-aware pre-context and learnable prompts in a layer-
wise manner.

Table A1. Ablation on the insertion depth. HM denotes the har-
monic mean of the base and novel accuracies.

Insertion depth Base Novel HM

1 81.69 72.95 77.07
3 83.17 74.60 78.65
6 84.19 76.68 80.26
9 84.93 76.26 80.36
12 85.24 77.60 81.24

Backbone structure. K-Means is conducted on the class
embeddings that describe a downstream task and the clus-
tering centers are treated as the backbone structure of the
downstream task. We visualize class embeddings and corre-
sponding clustering centers in Figure A1. It is worth noting
that (a) the number of clustering centers is 5, (b) the dataset
EuroSAT [4] only has 5 base or novel classes, and (c) PCA
is used for dimensionality reduction. Our observations are
as follows: (a) for the dataset EuroSAT, the class embed-
dings and clustering centers overlap due to their quantity
being equal and (b) the backbone structure of class embed-
dings that describe a downstream task is captured. These
observations demonstrate the effectiveness of capturing the
backbone structure by task-aware clustering.

C. Discussion
This work explores the usage of clustering methods to pre-
serve backbone structures of a downstream task, based on
which the task-aware pre-context is generated and exploited
to enhance the task-awareness of learnable prompts. Fu-
ture research directions include developing better structure
preservation techniques and enriching simple task descrip-
tions, i.e., “dog” and “cat”, with large language models to
generate the comprehensive ones.

D. Source code
The source code is available at https://github.
com/FushengHao/TAC. For more details, please see
README.md.



(a) ImageNet base (b) ImageNet novel (c) Caltech101 base (d) Caltech101 novel

(e) OxfordPets base (f) OxfordPets novel (g) StanfordCars base (h) StanfordCars novel

(i) Flowers102 base (j) Flowers102 novel (k) Food101 base (l) Food101 novel

(m) FGVCAircraft base (n) FGVCAircraft novel (o) SUN397 base (p) SUN397 novel

(q) DTD base (r) DTD novel (s) EuroSAT base (t) EuroSAT novel

(u) UCF101 base (v) UCF101 novel

Figure A1. Visualization of class embeddings and corresponding clustering centers. The clustering centers capture the backbone structure
of class embeddings that describe a downstream task. PCA is used for dimensionality reduction.
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