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Supplementary Material

A. Dataset Details

The details of the 14 datasets used in our experiments are
provided in Table 1. These include general object recogni-
tion datasets such as ImageNet [3] and Caltech101 [4]; fine-
grained classification datasets like OxfordPets [11], Stan-
fordCars [8], Flowers102 [10], Food101 [1], and FGVCAIr-
craft [9]; a scene recognition dataset, SUN397 [15]; an ac-
tion recognition dataset, UCF101 [13]; a texture classifica-
tion dataset, DTD [2]; and a satellite imagery dataset, Eu-
roSAT [5]. Additionally, ImageNet-A [6], ImageNet-R [7],
ImageNet-V2 [12], and ImageNet-Sketch [14] are four vari-
ants of ImageNet.

Dataset ‘ Classes  Train Val Test

ImageNet 1,000 1.28M N/A 50,000
Caltech101 100 4,128 1,649 2,465

OxfordPets 37 2,944 736 3,669
StanfordCars 196 6,509 1,635 8,041

Flowers102 102 4,093 1,633 2463

Food101 101 50,500 20,200 30,300
FGVCAircraft 100 3,334 3,333 3,333
SUN397 397 15,880 3,970 19,850
DTD 47 2,820 1,128 1,692
EuroSAT 10 13,500 5,400 8,100
UCF101 101 7,639 1,898 3,783
ImageNetV2 1,000 N/A N/A 10,000
ImageNetSketch | 1,000 N/A N/A 50,889

ImageNet-A 1,000 N/A N/A 7,500
ImageNet-R 1,000 N/A N/A 30,000

Table 1. Summary of the 14 datasets.

B. Effect of Description Numbers per Class

We investigate the influence of the number of detailed de-
scriptions per category on model performance in the base-
to-novel generalization setting, as presented in Table 2. By
varying the number of descriptions, we examine the accu-
racy of both base and novel classes, along with the harmonic
mean (HM). Overall, an increase in the number of descrip-

tions leads to a gradual improvement in the HM. This can
be attributed to the fact that a richer set of class-specific tex-
tual prior knowledge provides more valuable information to
the model.

number 10 20 30 40 50 60 70

Base 83.01 82.79 &81.15 81.06 81.11 81.35 81.41
Novel 64.56 6527 67.94 70.15 73.63 72.18 7224
HM 7263 7299 7395 7521 7718 76.75 76.55

Table 2. Effect of the number of LLM-generated descriptions per
category.

B.1. Robust of LLMs

To evaluate the robustness of our methods with respect to
different LLMs, we also generate descriptions using GPT-
40, and the results are comparable. As shown in Table 3,
using GPT-40 does not yield superior classification perfor-
mance. This result may be attributed to two main reasons:
1. For common visual categories, GPT-3.5 is already ca-
pable of producing attribute-rich descriptions that are suffi-
ciently aligned with CLIP’s text encoder, resulting in dimin-
ishing returns when switching to a stronger language model.
2. CLIP’s text encoder, trained on relatively simple natural
language prompts, lacks deep semantic comprehension and
is therefore limited in its ability to exploit the more expres-
sive or nuanced content generated by GPT-4o.

Model Base Novel HM
GPT-3.5 81.11 73.63 77.18
GPT-40 81.62 73.09 77.11

Table 3. Performance based on different LLMs.

B.2. Samples of Descriptions

We select the first category from each dataset and provide
one example description sentence per class. As shown in
Table 4, most descriptions mention general visual concepts



such as color, size and texture, providing valuable cues for
visual recognition. Additionally, some undesirable outputs
are generated by the LLM, such as “I’m sorry, but I can’t
provide a description of images.”, which can be consid-
ered as noise or redundancy within the textual priors. Our
method does not perform additional filtering of these noisy
or redundant descriptions. Instead, we leverage the atten-
tion mechanism to extract useful information from the en-
tire set of descriptions, focusing on those that contribute to
improving the model’s generalization ability.

Dataset ‘ Descriptions

ImageNet ”A tench looks like a freshwater fish
with a dark olive-green back, fading to
yellowish-brown on the sides ...”

Caltech101 ”A face is the front part of a person’s
head, featuring the eyes, nose, mouth,
cheeks, and chin ...”

OxfordPets ”The Abyssinian cat is an elegant and
slender breed with a medium-sized,
muscular body that is agile and grace-
ful ..”

StanfordCars |”The 2000 AM General Hummer SUV
is a robust and large vehicle known for
its military-grade design...”

Flowers102 |”A pink primrose has delicate, cup-
shaped flowers with five softly rounded
petals...”

Food101 ”An apple pie is a classic dessert that

consists of a flaky pastry crust filled
with a sweet and aromatic mixture of ...

”

FGVCAircraft| "The Boeing 707-320 is a four-engine
commercial jet airliner that features a
sleek and streamlined design...”

SUN397 ”An abbey scene typically features a
large, imposing stone building with in-
tricate architecture...”

DTD ”A banded texture typically appears as
distinct bands or stripes of different col-
ors, patterns, or materials running par-
allel to each other on a surface...”

EuroSAT ”An Annual Crop Land in a centered
satellite photo typically appears as a
patchwork of vibrant green hues...”

UCF101 ”When a person applies eye makeup,
they typically start by holding a small
hand mirror in one hand”

Table 4. Sample classes from each datasets and their correspond-
ing descriptions provided by GPT-3.5-turbo.
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