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Abstract

Learning from a limited amount of data, namely Few-
Shot Learning, stands out as a challenging computer vision
task. Several works exploit semantics and design compli-
cated semantic fusion mechanisms to compensate for rare
representative features within restricted data. However, re-
lying on naive semantics such as class names introduces bi-
ases due to their brevity, while acquiring extensive seman-
tics from external knowledge takes a huge time and effort.
This limitation severely constrains the potential of seman-
tics in Few-Shot Learning. In this paper, we design an au-
tomatic way called Semantic Evolution to generate high-
quality semantics. The incorporation of high-quality se-
mantics alleviates the need for complex network structures
and learning algorithms used in previous works. Hence,
we employ a simple two-layer network termed Semantic
Alignment Network to transform semantics and visual fea-
tures into robust class prototypes with rich discriminative
features for few-shot classification. The experimental re-
sults show our framework outperforms all previous meth-
ods on six benchmarks, demonstrating a simple network
with high-quality semantics can beat intricate multi-modal
modules on few-shot classification tasks. Code is avail-
able at https://github.com/zhangdoudou123/
SemFew .

1. Introduction
Deep learning models have witnessed substantial advance-
ments by leveraging extensive annotated data [8]. Never-
theless, in numerous real-world scenarios, the shortage of
labeled data restricts the applicability of conventional deep
learning approaches. In contrast, humans possess a remark-
able cognitive ability to learn new concepts and recognize

*Equal Contribution. †Corresponding Author.
‡Work done during master’s degree at Sichuan University.

categories from just a few examples [3]. Motivated by this,
Few-Shot Learning (FSL) [46] is proposed to mimic the
ability of humans to learn from a few labeled samples.

In a typical setting of FSL [46], the support set, which
consists of N novel classes and each class contains K sam-
ples, is provided for the model. The model learned on the
support set is required to accurately classify test samples,
which are labeled as the query set, into one of the N cate-
gories. A conventional classification approach involves pro-
jecting both support and query sets onto a pre-established
metric space. Then, query images are classified by finding
the nearest support image. However, few support samples
may not contain sufficient discriminative features for recog-
nition. These samples are typically located on the periphery
of the sample cluster in the metric space, resulting in unsta-
ble distance evaluations and inaccurate classification.

To address this issue, researchers start from visual-based
methods [7, 11, 13, 16, 19, 29, 32, 37, 46, 49, 53, 60],
aiming at extracting class-related features from periphery
image, reducing the intra-class variation among samples,
and thus constructing robust features for classification. Al-
though visual-based methods have undergone extensive in-
vestigation and achieved great success, this type of ap-
proach still struggles to handle situations when there is only
one hard periphery sample with minimal semantic features
per class, i.e., the one-shot learning task [25, 53]. Hence,
some researchers turned to applying semantics as auxiliary
information to help the model better understand periphery
images, leveraging the synergies between language and vi-
sion modalities.

From this perspective, semantic-based methods [5, 28,
38, 44, 50, 56–59, 61] dedicated to exploring different types
of semantics to enhance periphery samples. One kind of
method [57–59] applies the class name as the semantic
source. However, class name is not the best way to un-
derstand a novel class. For instance, If a person never saw
a zebra, it would be easier to identify a zebra by the def-
inition, i.e., a horse with stripes, than by the name zebra.
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The American robin is renowned for its striking appearance, with a rust-red to
orange breast and abdomen, a dark grayish-blue upper body, and a white
eye ring. This bird plays a pivotal ecological role as a seed disperser, primarily
for fruits and berries,...
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Figure 1. The introduction of how high-quality semantics re-
construct the class prototype through complementarity between
modalities. Periphery image is an image with fewer discrimina-
tive features and prototype image represents images with concrete
and enriched representative features.

Meanwhile, the class name contains ambiguity in some sce-
narios. For example, the class ear is easily misidentified as
the human organ, but images in MiniImageNet [53] belong
to this class are actually photos of corn. Another kind of se-
mantic exploits discrete attribute labels as the substitution
of mere class names and achieves good performance [61].
Nevertheless, the collection process is time-consuming and
expert assistance requiring. Moreover, discrete attribute la-
bels lack robust representation and struggle to benefit from
context. Therefore, effectively collecting and leveraging
high-quality semantics becomes an urgent research need.

In this paper, we propose a simple framework called
Semantic-Aided Few-Shot Learning (SemFew). To begin
with, we identify the vital role of high-quality semantics
in FSL and innovatively propose an automatic step-by-step
Semantic Evolution (SemEvo) process to acquire detailed
and accurate semantics. It first converts the class name into
a short description that matches the image content of each
class. Next, to further enrich recognizable characteristics,
we expand and paraphrase short descriptions. The para-
phrased descriptions contain more class-related knowledge
than class names and short descriptions, making them bet-
ter encompass a vast array of visual features. To illustrate,
Fig. 1 showcases an instance that the paraphrased semantic
contains a large number of detailed descriptions matching
visual features e.g. organ characteristics and eating habi-
tat. With this information, the model can better reconstruct
an image with periphery feature (left image), into an im-
age with prototype feature (right image), which benefits
few-shot classification. Then, to fully exploit the advan-
tage of paraphrased semantics, we design a network called
Semantic Alignment Network (SemAlign). Different from
previous methods, SemAlign does not adopt complex se-
mantic understanding modules but utilizes a basic two-layer
network. After accepting semantics and visual features

as input, it reconstructs prototype features for subsequent
classification. Experimental results on six widely adopted
benchmarks demonstrate the effectiveness of our method,
providing a simple insight into future FSL research. Our
contributions can be summarized as three points:
• To the best of our knowledge, we are the first to consider

the automatic way of collecting high-quality semantics
and applying them in FSL.

• We design a simple and efficient way to translate high-
quality semantics and visual features into prototypes,
without any intricate semantic understanding modules.

• Our approach achieves state-of-the-art performance
across six benchmarks in FSL research, underscoring that
a basic network can obtain excellent performance when
supported by high-quality semantics.

2. Related Work
The significant issue in FSL is how to effectively and ac-
curately extract class-related features from limited data.
Targeting this issue, existing research explored two dif-
ferent types of approaches, i.e., visual-based methods and
semantic-based methods.

Visual-Based Methods focus on extracting class-related
features from images for classification. There are two main
types of this approach. The approaches with the optimiza-
tion principle behind [1, 13, 40] concentrated on acquiring
a set of initial model parameters capable of rapid adapta-
tion to novel classes. However, updating the entire model
with a limited amount of labeled data may result in meta-
overfitting [12, 22, 35, 42, 65]. The approaches considered
metric design aiming at training a metric space, where inter-
class distances are maximized, while intra-class distances
are minimized. Within this type of approach, one attract-
ing method focuses on integrating self-supervised loss to
pretrain the backbone network [10, 15, 19, 32, 49]. Other
methods are dedicated to improving the metric, and pre-
vious research spanning from initially manually designed
metrics [2, 25, 46, 62] to subsequently model-based metrics
[48, 53], all of which have yielded encouraging outcomes.

Semantic-Based Methods sought to enhance visual
recognition performance by fusing complementary infor-
mation from both visual and textual modalities [5, 28, 57,
58, 61], and related research introducing intricate network
frameworks to effectively utilize textual information. Chen
et al. [57] introduced an adaptive fusion mechanism to in-
tegrate visual prototypes with semantic prototypes obtained
through word embeddings of class labels. Zhang et al. [61]
designed a framework for prototype completion, leverag-
ing rare attribute-level information from labels to construct
representative class prototypes. Xu and Le [58] proposed
the use of the Conditional Variational Autoencoder (CVAE)
[47] model to generate visual features based on semantic
embeddings for further classification. Li et al. [28] pre-
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sented a task-relevant adaptive margin loss based on the
semantic similarity between class names. Chen et al. [5]
devised complementary mechanisms for inserting semantic
prompts into the feature extractor, allowing the feature ex-
tractor to better focus on class-specific features.

Previous research emphasized the exploitation of class
names and designed a complicated network to integrate se-
mantics with visual information. In contrast, our primary
concern lies in the inherent quality of semantics, and how it
can relieve the burden of designing intricate network struc-
tures and learning algorithms. Remarkably, we exhibit that
high-quality semantics information has the ability to yield
superior outcomes even within a simple network.

3. Methodology
This section first revisits the background of FSL, then intro-
duces two components of SemFew: explaining how seman-
tics are gradually improved through SemEvo, and demon-
strating the details of our proposed SemAlign.

3.1. Background

The dataset of FSL includes two components: a base set
Dbase = {(x, y)|x ∈ Xbase, y ∈ Cbase} for training a met-
ric space and a novel set Dnovel = {(x, y)|x ∈ Xnovel, y ∈
Cnovel} for testing, where x denotes the image and y repre-
sents the label. It is important to note that the label space
for both sets is disjoint, i.e., Cbase ∩ Cnovel = ∅. During
the testing process, the support set S = {(xi, yi)}N×K

i=0 is
randomly sampled from Dnovel, which contains N classes
with each class consisting of K samples. Then, the model
is required to correctly classify images in the query set
Q = {(xi, yi)}N×M

i=0 into one of N classes in the support
set S, where M is the number of query samples in each
class. Generally, this type of classification task is named as
N -way K-shot task.

A simple but effective FSL method is to calculate the
prototype of each support class, and then classify query
samples by finding the nearest prototype in the metric space.
To be specific, the prototype of class t, labeled as pt, is the
mean vector of all samples in the support set belonging to
class t:

pt =
1

|St|
∑
xi∈St

f(xi), (1)

where St is a set of all samples belonging to class t in the
support set S and f denotes the backbone network. Then,
the probability of a query sample q belonging to class t is
related to the distance between q and prototype of class t
[46], which is calculated as follows:

P (y = t) =
exp d(q, pt)∑N
i=1 exp d(q, pi)

, (2)

where d(·, ·) means distance metric, e.g., cosine distance,
and N denotes the number of classes.

LLM

Prompt：{Definition} is the definition of the {Name}. Please
rewrite and expand this definition to make it more detailed and
consistent with scientific fact. Briefness is required, using only
one paragraph.

The American robin is renowned for its striking appearance, with a rust-
red to orange breast and abdomen, a dark grayish-blue upper body, and
a white eye ring. This bird plays a pivotal ecological role as a seed
disperser, primarily for fruits and berries,...

Name：Robin
Definition：Large American
thrush having a rust-red breast
and abdomen

WordNet

Figure 2. The illustration of how Semantic Evolution converts the
simple name and the definition into the high-quality description.

3.2. Semantic Evolution

This section explains how we automatically generate high-
quality semantics for few-shot classification by the designed
process termed Semantic Evolution. This process first con-
verts class names to short descriptions and then paraphrases
them into high-quality semantics.

As we illustrated before, adopting class names as seman-
tics [5, 39, 58] unavoidably introduces ambiguity. There-
fore, we first retrieve the definition of each class name from
WordNet [33] that matches image content, where defini-
tions are more detailed and concrete than mere class names.
However, even though definitions are able to precisely de-
scribe a class to some extent, brief descriptions may still
overlook key visual information, due to the fact that visual
features are highly variable.

To comprehensively conclude variable visual features,
we leverage the extensive knowledge stored in the pre-
trained Large Language Models (LLMs) [4] to augment
definitions. The prompt we used is: {WordNet Definition}
is the definition of the {Class Name}. Please rewrite and
expand this definition to make it more detailed and consis-
tent with scientific fact. Briefness is required, using only
one paragraph. The illustration of the Semantic Evolution
process is shown in Fig. 2.

The paraphrased class description generated by LLMs
precisely describes the corresponding class itself, which
does not apply to other categories. This characteristic en-
sures that semantic descriptions do not leak information to
new categories, which follows the paradigm of FSL.

3.3. Semantic Alignment Network

After obtaining paraphrased semantics in the previous sec-
tion, we devise the Semantic Alignment Network (SemA-
lign), aiming at translating hard periphery samples into ro-
bust class prototypes.
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Robin
The American robin is
renowned for its
striking appearance,
with a rust-red to
orange breast and …
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Figure 3. The framework of our proposed SemFew. During the training stage, images and paraphrased semantics are encoded and fed
into SemAlign h, with the objective of reducing the distance between the output of h and the class prototype in the visual space. During
the testing stage, images in the support set are transformed into class prototypes by h, and query images are classified by identifying the
nearest prototype. The symbol ⊕ denotes a concatenation operation.

For a cluster of samples, the cluster center best encapsu-
lates the characteristic of a category and has been regarded
as a prototype in previous work [46]. Suppose S repre-
sents semantic features, and C stands for the center of each
class, the simplest implementation of SemAlign is to learn
the alignment between semantics S and centers C:

min
W1,W2

L(σ(S⊤W1)W2, C), (3)

where W1 and W2 are parameters of network, σ is an acti-
vation function.

Considering that each modality views things from a dif-
ferent and complementary perspective, this phenomenon
can be reasonably utilized to obtain better prototypes.
Therefore, we fuse visual features with high-quality seman-
tics, and then align multi-modal output with the cluster cen-
ter, the details of the whole pipeline can be found in Fig. 3.
Specifically, suppose the i-th image in the dataset is repre-
sented as xi, its label and semantic are denoted as yi and
si, respectively. First, xi is encoded by a vision encoder
f , which is pre-trained on the base set. Also, semantic de-
scription si is encoded by an off-the-shelf text encoder g.
Then, the encoded visual and text features are concatenated
together and fed into SemAlign h to reconstruct the proto-
type. The training loss supervises the distance between the
reconstructed prototype towards the cluster center:

min
W1,W2

E[||h(f(xi), g(si))− cy||1], (4)

where h(f(xi), g(si)) = σ([f(xi) · g(si)]⊤W1)W2 is Se-
mAlign with learnable weights W1 and W2, [·] means con-
catenation operation.

During the testing process, a N -way K-shot support set
is randomly sampled in the novel set. For class t, we obtain
its paraphrased description st by Semantic Evolution pro-
posed in Sec. 3.2. Then, support image x and description st
are encoded by f and g, respectively, and fed into h to get
the reconstructed prototype:

rt =
1

K

K∑
i=1

h(f(xi), g(st)), (5)

where rt is the reconstructed prototype. To ensure the re-
constructed prototype is further aligned with the ground-
truth class prototype, it will be fused with support images
in a convex combination manner [57]:

pt = krt + (1− k)ut, (6)

where pt means the classification prototype of class t, ut =
1
K

∑K
i=1 f(xi) is the mean vector of support samples, rt

is the reconstructed prototype produced by SemAlign, and
k ∈ [0, 1] is a manually controlled fusion factor. Then,
Eq. (2) is utilized to assign label for each query sample,
where d(·, ·) is set as cosine distance.
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Method Venue Backbone MiniImageNet TieredImageNet
5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot

V
is

ua
l-B

as
ed

MatchNet [53] NeurIPS’16 ResNet-12 65.64 ± 0.20 78.72 ± 0.15 68.50 ± 0.92 80.60 ± 0.71
ProtoNet [46] NeurIPS’17 ResNet-12 62.39 ± 0.21 80.53 ± 0.14 68.23 ± 0.23 84.03 ± 0.16
MAML [13] ICML’17 ResNet-12 49.24 ± 0.21 58.05 ± 0.10 67.92 ± 0.17 72.41 ± 0.20
TADAM [37] NeurIPS’18 ResNet-12 58.50 ± 0.30 76.70 ± 0.30 62.13 ± 0.31 81.92 ± 0.30
CAN [20] NeurIPS’19 ResNet-12 63.85 ± 0.48 79.44 ± 0.34 69.89 ± 0.51 84.23 ± 0.37
CTM [29] CVPR’19 ResNet-18 64.12 ± 0.82 80.51 ± 0.13 68.41 ± 0.39 84.28 ± 1.73
RFS [49] ECCV’20 ResNet-12 62.02 ± 0.63 79.64 ± 0.44 69.74 ± 0.72 84.41 ± 0.55
FEAT [60] CVPR’20 ResNet-12 66.78 ± 0.20 82.05 ± 0.14 70.80 ± 0.23 84.79 ± 0.16
Meta-Baseline [6] ICCV’21 ResNet-12 63.17 ± 0.23 79.26 ± 0.17 68.62 ± 0.27 83.29 ± 0.18
SUN [11] ECCV’22 ViT-S 67.80 ± 0.45 83.25 ± 0.30 72.99 ± 0.50 86.74 ± 0.33
FewTURE [19] NeurIPS’22 Swin-T 72.40 ± 0.78 86.38 ± 0.49 76.32 ± 0.87 89.96 ± 0.55
FGFL [7] ICCV’23 ResNet-12 69.14 ± 0.80 86.01 ± 0.62 73.21 ± 0.88 87.21 ± 0.61
Meta-AdaM [45] NeurIPS’23 ResNet-12 59.89 ± 0.49 77.92 ± 0.43 65.31 ± 0.48 85.24 ± 0.35

Se
m

an
tic

-B
as

ed

KTN [38] ICCV’19 Conv-128 64.42 ± 0.72 74.16 ± 0.56 74.16 ± 0.56 -
AM3 [57] NeurIPS’19 ResNet-12 65.30 ± 0.49 78.10 ± 0.36 69.08 ± 0.47 82.58 ± 0.31
TRAML[28] CVPR’20 ResNet-12 67.10 ± 0.52 79.54 ± 0.60 - -
AM3-BERT [59] ICMR’21 ResNet-12 68.42 ± 0.51 81.29 ± 0.59 77.03 ± 0.85 87.20 ± 0.70
SVAE-Proto [58] CVPR’22 ResNet-12 74.84 ± 0.23 83.28 ± 0.40 76.98 ± 0.65 85.77 ± 0.50
SP-CLIP [5] CVPR’23 Visformer-T 72.31 ± 0.40 83.42 ± 0.30 78.03 ± 0.46 88.55 ± 0.32

SemFew Ours ResNet-12 77.63 ± 0.63 83.04 ± 0.48 78.96 ± 0.80 85.88 ± 0.62
SemFew-Trans Ours Swin-T 78.94 ± 0.66 86.49 ± 0.50 82.37 ± 0.77 89.89 ± 0.52

Table 1. Results (%) on MiniImageNet and TieredImageNet. The ± shows 95% confidence intervals. The best results are shown in bold.

4. Experiments

We exhibit experimental results in this section, including
benchmarks introduction, implementation details, and few-
shot classification performance.

4.1. Datasets

The study evaluates the proposed method on six estab-
lished FSL datasets: MiniImageNet [53], TieredImageNet
[41], CIFAR-FS [27], FC100 [37], Places [63], and CUB
[54]. MiniImageNet and TieredImageNet are both sub-
sets of ImageNet [8]. MiniImageNet consists of 64 train-
ing classes, 16 validating classes, and 20 testing classes.
TieredImageNet encompasses 351 training classes, 97 val-
idating classes, and 160 testing classes. CIFAR-FS and
FC100 are derived from the CIFAR-100 [26]. CIFAR-
FS employs a random partitioning strategy with 64 train-
ing classes, 16 validating classes, and 20 testing classes.
FC100 introduces a unique superclass partitioning ap-
proach, where the training set comprises 12 superclasses,
namely 60 classes, while both the validation and test sets
include four superclasses, totaling 20 classes. Places and
Caltech-UCSD Birds-200-2011 (CUB) are datasets for
cross-domain scenario testing. In a cross-domain evalua-
tion [51], the model is initially trained on MiniImageNet’s
base split and tested on the corresponding test split.

4.2. Implementation Details

Architecture. We employ a pre-trained ResNet-12 [18] and
Swin-T [30] as the vision encoders. Additionally, we apply
two types of text encoder: the text encoder from ViT-B/16
CLIP [39] where output dimension is 512, and the BERT-
Base text encoder [9] which has 768 output dimension. The
network h that combines visual and textual features con-
sists of two fully connected layers and a LeakyReLU [31]
activation function. The hidden layer has a dimension of
4,096. In the context of Semantic Evolution, the utilized
Large Language Model is GPT-3.5-turbo [36].

Training Details. A two-step training procedure is per-
formed in experiments. In step one, two kinds of vision en-
coder are pre-trained, the ResNet-12 [18] follows the same
pretraining settings as the FEAT [60], while the Swin-T [30]
adopts the identical pretraining strategy as FewTURE [19].
Next, the network h is trained 50 epochs. This training is
conducted with a batch size of 128 and employs an Adam
optimizer [24] with a learning rate of 1e-4.

Evaluation protocol. The proposed method is evaluated
under 5-way 1-shot and 5-way 5-shot settings. For each set-
ting, 600 classification tasks are uniformly sampled from
the novel set. In each task, there are 15 query samples per
class. The mean and 95% confidence interval of the accu-
racy are reported.
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Method Venue Backbone CIFAR-FS FC100
5-way 1-shot 5-way 5-shot 5-way 1-shot 5-way 5-shot

ProtoNet [46] NeurIPS’17 ResNet-12 72.20 ± 0.70 83.50 ± 0.50 41.54 ± 0.76 57.08 ± 0.76
TADAM [37] NeurIPS’18 ResNet-12 - - 40.10 ± 0.40 56.10 ± 0.40
MetaOptNet [27] CVPR’19 ResNet-12 72.80 ± 0.70 84.30 ± 0.50 47.20 ± 0.60 55.50 ± 0.60
MABAS [23] ECCV’20 ResNet-12 73.51 ± 0.92 85.65 ± 0.65 42.31 ± 0.75 58.16 ± 0.78
RFS [49] ECCV’20 ResNet-12 71.50 ± 0.80 86.00 ± 0.50 42.60 ± 0.70 59.10 ± 0.60
SUN [11] ECCV’22 ViT-S 78.37 ± 0.46 88.84 ± 0.32 - -
FewTURE [19] NeurIPS’22 Swin-T 77.76 ± 0.81 88.90 ± 0.59 47.68 ± 0.78 63.81 ± 0.75
Meta-AdaM [45] NeurIPS’23 ResNet-12 - - 41.12 ± 0.49 56.14 ± 0.49

SP-CLIP [5] CVPR’23 Visformer-T 82.18 ± 0.40 88.24 ± 0.32 48.53 ± 0.38 61.55 ± 0.41

SemFew Ours ResNet-12 83.65 ± 0.70 87.66 ± 0.60 54.36 ± 0.71 62.79 ± 0.74
SemFew-Trans Ours Swin-T 84.34 ± 0.67 89.11 ± 0.54 54.27 ± 0.77 65.02 ± 0.72

Table 2. Results (%) on CIFAR-FS and FC100. The ± shows 95% confidence intervals. The best results are shown in bold.

Method Venue CUB Places
1-shot 5-shot 1-shot 5-shot

GNN [43] ICLR’18 45.69 62.25 53.10 70.84
S2M2 [32] WACV’20 48.24 70.44 - -
FT [51] ICLR’20 47.47 66.98 55.77 73.94
ATA [55] IJCAI’21 45.00 66.22 53.57 75.48
AFA [21] ECCV’22 46.86 68.25 54.04 76.21
StyleAdv [14] CVPR’23 48.49 68.72 58.58 77.73
LDP-net [64] CVPR’23 49.82 70.39 53.82 72.90

SemFew-Name Ours 57.58 72.26 63.22 74.54
SemFew Ours 59.07 72.47 64.01 74.70

Table 3. Average results (%) on cross-domain scenarios. SemFew-
Name denotes that semantics are class names.

4.3. Experimental Results

4.3.1 Few-Shot Classification

The comparative results of our proposed approach against
previous methods across four benchmarks are shown in
Tabs. 1 and 2. Specifically, in the 1-shot task, SemFew ex-
hibits notable superiority, surpassing SP-CLIP [5] 0.93%-
5.83% on four benchmarks. Recent studies [5, 11, 19] have
explored different Transformer architectures as backbones.
Consequently, we conduct experiments with a Transformer
backbone, resulting in SemFew-Trans. This variant further
elevates performance, outperforming SP-CLIP by 2.16%-
6.63% in the 1-shot setting. In summary, SemFew-Trans
achieves state-of-the-art results compared to both previous
visual-based and semantic-based approaches across all 1-
shot and 5-shot tasks.

4.3.2 Cross-Domain Classification

To evaluate whether semantics serve as an effective bridge
across novel tasks, we test SemFew on completely novel
datasets. Such a task is also known as Cross-Domain Few-

Shot Learning (CDFSL) [51], which involves extending the
capacity to recognize novel categories to domains distinct
from the training domain. All the results are reported in
Tab. 3, where the experimental setup is the same as FT [51].
Tab. 3 indicates that SemFew significantly surpassing the
state-of-the-art methods, where it outperforms best com-
pared methods by 9.25% (1-shot) and 1.87% (5-shot) on
CUB. It also surpasses the lastest method [64] 10.19% (1-
shot) and 1.80% (5-shot) on Places. Conversely, SemFew-
Name, which adopts a template (i.e., The Photo of a bird
called {Class Name}) as the semantic, performs worse than
SemFew. This observation highlights the inadequacy of us-
ing solely names as semantics.

4.4. Ablation Studies

We conduct ablation experiments on three datasets, i.e.,
MiniImageNet, CIFAR-FS, and FC100, and all experiments
are performed using the ResNet-12 network architecture.

4.4.1 Alignment Source

Given that our framework is primarily responsible for trans-
lating visual samples V and semantics descriptions S into
ground-truth class prototype (i.e., V +S ⇒ C), we conduct
ablation studies by removing S or V . The results can be
found in Tab. 4. First, we remove semantics and force pure
visual samples to reconstruct prototypes (i.e., V ⇒ C). The
result shows that it gets the worst performance, indicating
that reconstructing a prototype from pure visual features is
challenging. Then, we abandon visual features to imple-
ment our proposed principle in Sec. 3.3 (i.e., S ⇒ C). As
we can see, it achieves substantial performance gains, re-
flecting the rich class representative features within seman-
tics. However, our method combining visual and semantic
acquires the best performance, which indicates the comple-
mentarity between visual and semantic modalities does en-
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Method 5-way 1-shot 5-way 5-shot
MiniImageNet CIFAR-FS FC100 MiniImageNet CIFAR-FS FC100

V ⇒ C 66.27 ± 0.81 74.43 ± 0.90 44.72 ± 0.75 81.70 ± 0.55 86.74 ± 0.61 60.58 ± 0.76
S ⇒ C 76.77 ± 0.66 82.27 ± 0.71 52.12 ± 0.73 82.92 ± 0.48 87.42 ± 0.60 62.22 ± 0.75

V + S ⇒ C 77.63 ± 0.63 83.65 ± 0.70 54.36 ± 0.71 83.04 ± 0.48 87.66 ± 0.60 62.79 ± 0.74

Table 4. Results (%) on different alignment sources. V means visual features, S represents semantic features, C stands for class prototypes.

Center MiniImageNet TieredImageNet CIFAR-FS FC100
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

Cluster 77.16 82.94 78.36 85.19 83.39 87.61 53.30 62.22
Mean 77.63 83.04 78.96 85.88 83.65 87.66 54.36 62.79

Table 5. Average results (%) on different prototypes. Mean rep-
resents the mean vector of sample clusters. Cluster means the
prototype is determined by Clustering Algorithm.

classifier MiniImageNet TieredImageNet CIFAR-FS FC100
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

LR 77.55 82.70 78.66 84.72 83.08 86.70 51.53 57.49
EU 77.56 83.15 78.65 85.26 82.83 86.87 54.14 62.54
CO 77.63 83.04 78.96 85.88 83.65 87.66 54.36 62.79

Table 6. Average results (%) on different classifiers. LR: linear
logistic regression classifier. EU: euclidean-distance nearest pro-
totype classifier. CO: cosine-distance nearest prototype classifier.

hance the robustness of the reconstructed prototype.

4.4.2 Prototype and Classifier Selection Strategy

Tab. 5 displays the performance associated with various
learning targets. Results reveal that employing the mean
vector as a prototype yields slightly better results compared
to prototypes identified by the clustering algorithm [17].
This suggests that the mean vector consolidates represen-
tative visual information, making it a highly effective class
prototype. As for the classification head design, we present
the results in Tab. 6, which indicates the use of cosine dis-
tance as the metric to achieve nearest neighbor classifica-
tion gets the best results, euclidean distance gets similar but
lower outcomes, and linear logistic classifier gets the worst
performance.

4.4.3 Semantic Evolution

We use different kinds of semantics and text encoders to
evaluate the influence of semantics, where results can be
found in Fig. 4. In most scenarios, our model attains opti-
mal results when aided by paraphrased semantics, and the
model trained on simple definitions secures the second-best
performance. This trend is reasonable since paraphrased de-
scriptions contain more knowledge than simple definitions
and class names. Between the comparison of different text
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Figure 4. Average results (%) on different semantics.

encoders, the model trained on CLIP encoded semantics
greatly outperforms the model trained on BERT encoded
semantics. This is because CLIP is trained in a multi-modal
manner, rendering it better capable of understanding im-
ages. Although a multi-modal text encoder has been widely
adopted in FSL research, our model obtains competitive re-
sults on BERT, demonstrating that uni-modal semantics can
also achieve excellent results.

4.5. Visualization Analysis

We visualize visual space features through the t-SNE algo-
rithm [52], where the results are presented in Fig. 5. We
select three novel classes on the MiniImageNet dataset, and
then randomly sampled three support samples and one hun-
dred query samples, where the distribution of support and
query samples in visual space can be found in Figs. 5a
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(a) Support (b) Query (c) Real Prototype (d) Reconstructed Prototype

Figure 5. Visualization results on the MiniImageNet dataset. Different colors or shapes represent different classes. The ⋆ represents the
class prototypes, and the ♢ denotes the prototypes reconstructed by our method.
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Figure 6. Average results (%) on different fusion factor k.

and 5b. In Fig. 5c, we put support samples, i.e., red dots,
mean vector of each class, i.e., blue stars, and query sam-
ples in the same picture. As we can see, support samples are
close to the cluster edge rather than the mean center, which
leads to difficulties in correctly classifying most samples in
the query set. However, after being transformed by Sem-
Few, the reconstructed prototypes are closer to the mean
center of each cluster compared to the support set samples.
This phenomenon demonstrates that our method can rea-
sonably transform visual samples into class prototypes cor-
responding to their respective categories.

4.6. Fusion Factor Analysis

The fusion factor, denoted as k in Eq. (6), significantly in-
fluences performance. To demonstrate, we systematically
vary the value of k between 0 and 1, using a step size of
0.01, and present the accuracy trends across three bench-
marks in Fig. 6. Notably, our model, i.e., blue line, gets the
highest accuracy when k is large. Given that k represents
the percentage of the reconstructed prototype rt during fu-
sion in Eq. (6), the experiment highlights that our model
produces high-quality prototypes. This observation is fur-
ther supported by the accuracy comparison when k = 1.
In such cases, our model consistently outperforms others,
providing strong evidence for the effectiveness of our re-
constructed prototypes.

Additionally, we add S ⇒ V experiment for compar-
ison, which generates visual samples rather than proto-
types through a Conditional Generative Adversarial Net-
work [34]. This experiment allows us to explore whether
we can build robust prototypes indirectly by expanding the
sample of the support set. As we can see, S ⇒ V , i.e.,
yellow line, gets relatively low performance in all settings.
The experiments indicate that producing the prototype by
expanding then averaging the support set is not as effective
as directly generating class prototypes.

5. Conclusion
To unleash the potential of semantics in FSL, we propose
the Semantic Evolution to automatically generate high-
quality semantics from simple class names. Then, we de-
sign a simple Semantic Alignment Network to transform
the concatenated visual features and high-quality semantics
features into robust class prototypes for classification. The
experimental results show that with high-quality semantics,
the basic network can easily achieve greater performance
compared to other state-of-the-art methods.
Acknowledgement. This work was supported by
2023YFF1204901, NSFC-62076172, 2021DQ02-0903,
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