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Abstract

Prompt-based classification adapts tasks to a cloze question
format utilizing the [MASK] token and the filled tokens are
then mapped to labels through pre-defined verbalizers. Re-
cent studies have explored the use of verbalizer embeddings
to reduce labor in this process. However, all existing stud-
ies require a tuning process for either the pre-trained models
or additional trainable embeddings. Meanwhile, the distance
between high-dimensional verbalizer embeddings should not
be measured by Euclidean distance due to the potential for
non-linear manifolds in the representation space. In this study,
we propose a tuning-free manifold-based space re-embedding
method called Locally Linear Embedding with Intra-class
Neighborhood Constraint (LLE-INC) for verbalizer embed-
dings, which preserves local properties within the same class
as guidance for classification. Experimental results indicate
that even without tuning any parameters, our LLE-INC is on
par with automated verbalizers with parameter tuning. And
with the parameter updating, our approach further enhances
prompt-based tuning by up to 3.2%. Furthermore, experiments
with the LLaMA-7B, 13B and 65B indicate that LLE-INC is
an efficient tuning-free classification approach for the hyper-
scale language models.

Introduction

Large language models have seen remarkable success in
natural language processing (NLP) with pre-training on
vast amounts of unlabeled data via masked language model
(MLM) (Devlin et al. 2019; Liu et al. 2019) and fine-tuning
for the downstream tasks (Howard and Ruder 2018). De-
spite these advancements, the above paradigm necessitates a
substantial amount of labeled training data, which poses chal-
lenges when attempting to train an additional classification
layer during fine-tuning with limited data (Liu et al. 2021a).
Prompt-based tuning is a method that addresses this issue
by converting the task into a cloze question (Schick and
Schiitze 2021a), where the pre-trained models (PTMs) are
prompted to fill in the [MASK] token with a suitable token
from the vocabulary list, similar to the pre-training task.
Only a limited number of tokens from the vocabulary list
are chosen as verbalizers, which map each token to its cor-
responding class, as illustrated in Figure 1. Furthermore,
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Figure 1: Illustration of three typical verbalizer design meth-
ods for prompt-based tuning.

variations in the verbalizer designs for a task can significantly
impact the performance of prompt-based tuning (Gao, Fisch,
and Chen 2021). As shown in Figure 1, recent studies on
prompt-based tuning have employed verbalizers in three dis-
tinct ways: manually selected token verbalizers (Manual Verb)
by domain experts empirically (Schick and Schiitze 2021a),
automatically generated token verbalizers (GenVerb) through
gradient-based searching or language model (Shin et al. 2020;
Gao, Fisch, and Chen 2021), and embedded verbalizers (Em-
bedVerb) through optimizing trainable embeddings (Zhang
et al. 2022b; Hambardzumyan, Khachatrian, and May 2021;
Cui et al. 2022).

There are two remaining challenges for the prompt-based
classification: (1) All the above three kinds of verbalizers
require updating the parameters either in the PTMs or the
training of extra embeddings, which requires great compu-
tational resources, especially for the large language models
(LLMs). (2) The potential manifold comprising the verbal-
izer embeddings distributed in the high-dimensional space
has not been taken into account and the intra-class neighbor-
hood relationship has been ignored. While a wide range of
applications treat the observed space in the PTM as a high-
dimensional Euclidean space and utilize Euclidean distance
to measure the distance between different vectors (Yu et al.
2021; Gao, Yao, and Chen 2021), this may not be as appro-
priate for the verbalizer embedding on a manifold which is
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Figure 2: A sketch map for the space re-embedding. dey.
is the Euclidean distance in the original space. dynanifold 15
the distance along the manifold shape in the original space.
dre_embed 18 the Euclidean distance in the re-embedded space.

a topological space that only resembles Euclidean space lo-
cally (Lee 2010). For instance, in Figure 2, given two 3-D
data points marked with red circles, the Euclidean distance
between them is de, but it is clear that when considering
the manifold, the distance along the roll d,, 4 ford can more
accurately depict the relationship between the points, with
dewe < dmanifold- Similarly, verbalizer embeddings with
even higher dimensions can be also distributed on highly
distorted manifolds. Manifold learning can estimate the dis-
tance between nearby points with the local neighbors and
that between distant points with multi-hop neighbors along
the manifold shape, which helps to alleviate this issue.

In this study, we propose manifold-based space re-
embedding for tuning-free prompt-based classification. Mo-
tivated by the Locally Linear Embedding (Roweis and Saul
2000), we introduce the Locally Linear Embedding with Intra-
class Neighborhood Constraint (LLE-INC) for the calibration
of [MASK] embeddings in the verbalizer space. We posit that
the embeddings of the [MASK] token from the instances that
share the same class should be close to one another on a
particular manifold. Thus, the LLE-INC aims to reconstruct
the representation space into a new Euclidean space, where
the linear relationship between data points in the same class
is consistent with that in the original space. The recovered
Euclidean metric space can improve the distance metrics on
high-dimensional verbalizer embeddings, and thus empower
the prompt-based PTMs without any tuning on the parame-
ters in the PTMs or the addition of new trainable parameters.
The above tuning-free paradigm also explores the potential
of LLMs for classification tasks with labeled instances. !

In summary, our contributions are as follows:

* We address a significant challenge in the use of embedded
verbalizers for prompt-based classification, specifically
the potential for Euclidean distance metrics in the original
verbalizer space to ignore the existence of manifolds in
high-dimensional space.

* We propose the tuning-free LLE-INC method to re-embed
the verbalizer space into a new, recovered space, leverag-
ing the intra-class neighborhood relationship in the few-
shot datasets. We evaluate the LLE-INC on 10 benchmark

'We release our code at https://github.com/SCIR-HI/LLE-INC.
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datasets. Without tuning any parameters, our approach can
produce results that are on par with or superior to base-
lines. Moreover, when combined with the tuning of PTMs
with contrastive learning, our approach outperforms the
baselines consistently.

We explore a novel and efficient strategy of leveraging the
output embeddings of PTMs with no parameter updating
for tuning-free applications for LLMs.

Related Works

Prompt-based Tuning PTMs have demonstrated effec-
tiveness in various NLP tasks recently (Peters et al. 2018;
Devlin et al. 2019; Liu et al. 2019). However, in few-shot
settings, fine-tuning PTMs with the additional task-specific
linear layer can be challenging. To address this issue, prompt-
based tuning has been proposed to adapt downstream tasks
to the pre-training paradigm by converting them into a cloze-
question format using a prompt template and prompt ver-
balizer (Schick and Schiitze 2021a; Gao, Fisch, and Chen
2021; Du et al. 2023), as illustrated in Figure 1. The PTMs
are expected to predict these verbalizers for the [MASK] token,
which are then mapped to the corresponding labels. Early
attempts used a prompt template and verbalizer selected man-
ually through domain knowledge (Schick and Schiitze 2021a;
Wang et al. 2022b). Subsequently, Gao et al. (Gao, Fisch,
and Chen 2021) and Liu et al. (Liu et al. 2021b) proposed
methods for searching for the optimal prompt. Additionally,
some works have focused on continuous prompt engineer-
ing, which involves freezing the parameters of PTMs and
only updating the prompt embedding. Lester et al. (Lester,
Al-Rfou, and Constant 2021) and Liu et al. (Liu et al. 2023)
replaced the prompt template with trainable embeddings and
optimized the prompt embeddings with extra training steps.
Li et al. (Li and Liang 2021) applied the continuous prompt
to generation tasks. In this study, we focus on the discrete
prompt template in natural language which is feasible with
the tuning-free setting.

Prompt Verbalizer Engineering Prompt verbalizers map
the outputs of the Masked Language Model (MLM) task of
PTMs to actual labels (Liu et al. 2021a), and the settings
for these verbalizers can significantly impact model perfor-
mance (Gao, Fisch, and Chen 2021). Schick et al. (Schick
and Schiitze 2021a,b) used manually designed, task-specific
prompt verbalizers, which require domain expertise and a
vast amount of time to obtain the optimal verbalizers. To
address this problem, Gao et al. (Gao, Fisch, and Chen 2021)
and Shin et al. (Shin et al. 2020) proposed generating prompt
verbalizers from the vocabulary list by maximizing the condi-
tional probability. However, this approach may result in gen-
erated verbalizers that are not coherent in the context (Shin
et al. 2020). Hu et al. (Hu et al. 2022) expanded the candi-
date verbalizer list with tokens that share semantic similarity
via external knowledge bases. Recently, Cui et al. (Cui et al.
2022) proposed prototypical verbalizer embeddings, which
are learned class prototypes based on training instances. It can
achieve state-of-the-art performance for automating verbal-
izer design, but it is still less effective than elaborate manual
verbalizers.
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Manifold Learning As data in high-dimensional space can
be distributed on a specific non-linear manifold, it can be un-
reasonable to measure differences using Euclidean distance.
To address this problem, manifold learning transforms the
data in the original space into a new space, based on the
assumption that local manifold space is homeomorphic to
Euclidean space Roweis et al. (Roweis and Saul 2000) pro-
posed the locally linear embedding to accomplish non-linear
dimension reduction via preserving local properties of high
dimensional data in the space reconstruction to exploit lo-
cal symmetries. Inspired by this, Hasan et al. (Hasan and
Curry 2017) re-embedded word embeddings by converting
pre-trained vectors to a new Euclidean space with word fre-
quency ranking. Chu et al. (Yonghe et al. 2019) proposed
a dynamic word selection method to address the singular-
ity problem in the matrix. Wang et al. (Wang et al. 2022a)
integrated manifold-based geometric structures and refined
sentence embeddings. In this study, we apply manifold learn-
ing to prompt learning and leverage the intra-neighborhood
relationship in space re-embedding.

Method

Continuous Verbalizer Embedding

In the previous section, we presented an overview of the
general process of prompt-based tuning with discrete ver-
balizers. Manually elaborating verbalizers, particularly for
multi-class classification tasks, can be a time-consuming and
labor-intensive process. Inspired by (Jiang et al. 2022; Cui
et al. 2022), we utilize the [MASK] token embeddings as the
representation of instances and classify test instances based
on the embedding distance.

h[MASK] = hinstance (H

Since the Euclidean distance between embeddings may not
be able to capture the potential manifolds in the embedding
space, in the following section, we describe how we adopt
the method of manifold-based space re-embedding to re-
embed the representation of verbalizers with the prompt-
based tuning of PTMs.

Manifold-based Re-embedding

Our manifold-based re-embedding methodology is illustrated
in Figure 3. We begin with the output embeddings of the
[MASK] token in the original space from the PTM and pro-
ceed through the following steps to obtain the re-embedded
representation. In step 1, the distributed representations of
[MASK] tokens are gathered from all classes in the training
set. In step 2, we fit the manifold learning model of Locally
Linear Embedding with Intra-class Neighborhood Constraint
(LLE-INC) to the collected [MASK]| embeddings, allowing for
the re-embedding of representation from the original space
into a new one. In step 3, the fitted model transforms the
[MASK] embeddings in the test instances into the re-embedded
space. Finally, in step 4, we apply the k-nearest neighbors
(kNN) algorithm to the [MASK] embeddings in test instances
for the classification tasks. For easier understanding, a table
outlining the notation for the variables used in this study can
be found in Appendix .
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Step 1. In the few-shot scenario, we have a N-way k-shot
setting for the training set. The training samples are provided
as inputs to the PTM wrapped with prompts. We collect the
output hidden state representation of [MASK] tokens h;;, i €
1,2,...,N;j € 1,2, ..., k as the embeddings in the original
PTM space, which is in high dimension.

Step 2. Since the metric based on Euclidean distance is
unaware of the possible manifold in the original space, we
leverage the original embeddings in Step 1 to fit a manifold-
based model. Locally Linear Embedding (LLE) (Roweis and
Saul 2000) assumes that the local space is homeomorphic to
the Euclidean space and a data point is a linear combination
of its neighboring points. Thus, a data sample x; can be
reconstructed by the linear combination of its K -nearest
neighbor points.

T = Wi T4 + WikTy + wiwy + (2)

It is expected that the linear relationship in Formula 2
with the neighbors can be preserved following reconstruction.
However, due to the limited data scale, K -nearest neighbors
may not accurately represent the shape of the manifold in
the high-dimensional space, as the training instances may be
distributed sparsely in the original space. Consequently, we
assume that the [MASK] embeddings of the instances within
the same class should be situated proximally on a specific
manifold in the original space and that the relationship be-
tween an arbitrary embedding and its intra-class neighbors
should be maintained through the verbalizer space reconstruc-
tion. With this assumption, a Locally Linear Embedding with
Intra-class Neighborhood Constraint (LLE-INC) model is
proposed in order to preserve the linear relationship between
intra-class neighbors.

The weight coefficient w;;,, is determined by locating the
c-nearest neighbors of each [MASK] embedding h;;, that are
hijm, which share the same class with h;; and minimizing
the following error function. The sum-to-one constraint in
Formula 3, which reflects the intrinsic geometric relationship
with the corresponding neighbors (Saul and Roweis 2000),
ensures that embeddings are transformation-invariant.

2

3)

miniv:zk:

i=1j=1

(&
hij = > WijmMhijm
m=1

S.L. i Wijm = 1

m=1

Since anzl Wijm = 1, we have w;;I = 1, where I €
R*! is an all-ones column vector. The objective function
can be written in the format of vector, where h;; € RIxd,
W;j € Rlxc, Hij € Rexd,
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Figure 3: Manifold-based verbalizer space re-embedding for prompt-based tuning. LLE-INC re-embeds the representation space
based on the intra-neighbor constraint within the training instances and a kNN classifier makes predictions with the re-embedded
representation. The contrastive learning (@*) is a supplementary module and is not essential.

2

c c 2
f=|hij = Z Wigmhijm fre = iLij — Z wijmﬁijm
m=1 m=1 (7)
= hz i — W; Hz 12 i D 2
” J J ) H ) (4) — hij _ Winij
= ||Wijlh7;j — Winij”
= ||Wij<lhij _Hij)||2 Letﬁ = (ﬁl,fl27...,ﬁNXk) S Rle(NXk), where ﬁz €
= w;;(Th;; — Hy;)(Thy; — H;;)Twl R¥*1 and d' is the dimension of re-embedded space. W =
ig (Mg ig )\ ij) Wij , ,
_ . o . . (W1, Wa, oo, W) T € REXWVXE) where w; € RY X1, Let
With the Lagrangian multiplier, we can obtain the optimal M = (I — W)T (I — W), where I is the identity matrix for
wi; for the linear combination. brevity and Formula 6 can be rewritten as
T . H.. . H.)TY)1
WZJ _ IT ((Ih'L] H7c7)(1h1.7 H7c7) ) (5) . R ~T ~ AT _
17 ((Th,; — H,;)(Th,; — H,;;)T)~11 min tr(HMH ) st HH =1 (8)

H

Afterward, the low-dimensional data can be reconstructed
utilizing the weight w;;, and the re-embedded data points
should maintain the same relationship with the c-nearest T
neighbors that possess the same label. Then, the reconstruc- est d’ eigel}values is H , which comprises the re-embedded
tion error function is as follows, where iLU iLijm is the re- representation.
embedded representation for 5, h;jy, in the new space.

Formula 8 can be solved by eigenvalue decomposition,
and the matrix of eigenvectors corresponding to the small-

Step 3. During the inference for test instances, the repre-
2 sentation of the [MASK] token h; is transformed into the new
(6) verbalizer space with the same dimension above. With Step
2, the weights for the linear combination are constructed with
c-nearest neighbors of hy,,m € 1,2, ..., ¢ from the training
Similar to the above process, instances in the original space.

N k
arg}ninz Z
h

i=1j=1

c
hij = > WijmMhijm
m=1
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min 9

¢ 2
hy — E Wimhim
m=1

Then, the weights are employed to combine the re-
embedded representation of the corresponding neighbors in

Step 2 to transform h, into iLt.

c
= E Wim htm
m=1

Step 4. The procedure described above results in the repre-
sentation of [MASK] tokens in the re-embedded space for both
the training instances and test instances. The classification of
a given test instance hy is determined through its e-nearest
neighbors fzf, l € 1,2, ..., e with the cosine distance from the
training instances distributed in the re-embedded space.

(10)

—
d(he, ) = T (1n
L
P(y; =n|X =h;) = Zlnd (yjr =) (12)
where Ind(. . .) represents an indicator function.
Parameter Updating

Up until this point, no parameter has been tuned throughout
the re-embedding process described above, thus avoiding the
consumption of computational resources and the storage for
the tuned models. The PTMs are regarded as a “knowledge
base” (Petroni et al. 2019) to some extent.

However, it is possible that the PTMs do not fully grasp
the tasks-specific information solely through pre-training.
As a result, given the representation of the [MASK] tokens,
we update the PTMs using contrastive learning by creating
positive samples with instances from the same class and neg-
ative samples with instances from different classes, similar
to the method in (Cui et al. 2022) as a plug-in module, yet
without any additional encoder prior to the aforementioned
re-embedding procedure, in order to provide the PTMs with
task-specific knowledge as shown in Figure 3. Since a train-
ing instance can be represented by the embedding of the
[MASK], denote h;;, i € 1,2,...,N;j € 1,2,..., k as the set
of training instances.

A positive instance pair is formed by an instance h;; and
another instance from the same class. A negative instance pair
comprises two instances from different classes. The InfoNCE
loss (Oord, Li, and Vinyals 2018) is adopted as the contrastive
learning loss and the loss function is as follows.

exp d(hij, hin)
p;ﬁz eXp d(hlj’ hpq)

13)

B k;NZZI

i=1 j=1

where d(. .. ) is the distance metric in Formula 11.
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Experiments
Datasets

We conduct experiments to demonstrate the effectiveness
of our approach with 10 classification datasets (including 4
multi-class datasets) in both English and Chinese from GLUE
(Wang et al. 2018), CLUE (Xu et al. 2020) and CBLUE
(Zhang et al. 2022a) benchmarks. The datasets include 6
datasets from GLUE: SST-2 (Socher et al. 2013), MRPC
(Dolan and Brockett 2005), QQP 2, QNLI (Rajpurkar et al.
2016) and RTE (Dagan, Glickman, and Magnini 2006), 3
datasets from CBLUE: CHIP-CTC (Zhang et al. 2022a),
cMedTC (Zhang et al. 2020) and KUAKE-QIC (Zhang et al.
2022a) and 1 dataset from CLUE: Tnews (Xu et al. 2020). In
particular, the datasets from CBLUE and CLUE are multi-
class datasets. The statistics of the datasets are presented in
Table 6 in Appendix . For the GLUE benchmark, we follow
Gao et al. (Gao, Fisch, and Chen 2021) to use the original de-
velopment sets as test sets and randomly select 16 instances
for each class from the training set using 5 random seeds in
few-shot scenarios and test with the full-size test set.

Baselines

We report our experimental results compared with the base-
lines with various verbalizer design methods, including man-
ual verbalizer, automatic verbalizer and prototypical ver-
balizer. For a fair comparison, we fix the prompt template
across various verbalizer methods and just investigate the
performance with different verbalizer designs. We also ex-
periment with the standard Fine-tuning. Manual Verbaliz-
ers (ManualVerb) are selected manually by domain experts
empirically. Generated Token Verbalizers (GenVerb) are au-
tomatically searched from the vocabulary list of the PTMs.
Here, we adopt the approach in LM-BFF (Gao, Fisch, and
Chen 2021), which uses the conditional likelihood and re-
ranking strategy to find the optimal token for the verbalizers.
Prototypical Verbalizers (ProtoVerb) (Cui et al. 2022) are
prototype embeddings directly learned for each class from
the representation of training samples. During the inference
process, the PTM makes the prediction by measuring the
similarity between the query and every prototype embedding.

We implement the baselines with the Huggingface Trans-
formers (Wolf et al. 2020) package based on PyTorch (Paszke
et al. 2019) framework and OpenPrompt (Ding et al. 2022)
toolkit. We adopt the RoOBERTa-Large model (Liu et al. 2019;
Cui et al. 2021) as our backbone PTM for both the English
and Chinese tasks. Implementation details including prompt
settings and experiment settings are in Appendix .

Parameter Updating

We introduced LLE-INC, a method that does not require ad-
ditional parameters or parameter updating of the PTMs. In
contrast, the baselines have different requirements. Vanilla
Fine-tuning demands the training of a linear classifier, and
GenVerb entails the exploration of optimal verbalizers and
updating the PTMs with the verbalizers. ProtoVerb, although
able to operate with frozen PTMs, necessitates the training of

*https://www.quora.com/q/quoradata/
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SST-2 (acc) MRPC (F1) QQP (F1) MNLI (acc) QNLI (acc)
ManualVerbt  54.6 (N/A) 63.5 (N/A) 63.2 (N/A) 32.3 (N/A) 49.5 (N/A)
LLE-INC 86.6 (0.8) 67.6 (2.7) 66.1 (6.3) 58.1(3.5) 62.4 (1.7)
Fine-tuning 81.4 (3.8) 76.6 (2.5) 60.7 (4.3) 45.8 (6.4) 60.2 (6.5)
ManualVerb 92.7 (0.9) 74.5 (5.3) 65.5 (5.3) 68.3 (2.3) 64.5 (4.2)
GenVerb 92.3(1.0) 76.2 (2.3) 67.0 (3.0) 68.3 (2.5) 68.3 (7.4)
ProtoVerb 87.8 (3.1) 66.9 (1.5) 66.9 (7.0) 62.1 (3.2) 59.9 (4.8)
LLE-INC 92.9 (2.4) 76.2 (3.1) 68.1 (8.1) 69.2 (1.9) 70.2 (4.1)

RTE (acc) CHIP-CTC (acc) ¢MedTC (acc) Kuake-QIC (acc) Tnews (acc)
ManualVerbt  47.7 (N/A) 9.4 (N/A) 10.4 (N/A) 2.3 (N/A) 6.1 (N/A)
LLE-INC¥ 68.2 (4.1) 44.5 (2.2) 47.7 (2.4) 31.2(2.9) 41.3 (2.6)
Fine-tuning 54.4 (3.9) 29.0 (7.2) 25.2(5.7) 13.1 (8.7) 13.5(2.4)
ManualVerb 69.1 (3.6) 57.8 (1.8) 62.9 (3.2) 52.8 (3.4) 439 (2.2)
GenVerb 73.9 (2.2) 32.3(1.9) 19.3 (14.2) 44.9 (2.9) 7.4 (4.6)
ProtoVerb 70.1 (3.7) 51.7 (2.4) 53.2(7.7) 48.0 (0.9) 40.1 (1.5)
LLE-INC 74.5 (1.9) 61.0 (3.1) 63.0 (1.2) 54.8 (1.3) 44.6 (1.1)

Table 1: Results with various prompt verbalizers. We report the mean (standard deviation) performance of accuracy/F1 over 5
random seeds. {: tuning-free. N/A: not applicable. Bold: best results.

#p #t-p SST-2 MRPC QQP MNLI QNLI RTE
RoBERTa-LLE-INC 355M  355M 929 76.2 68.1 69.2 702 745
LLaMA-LLE-INCY 7B 0 93.2 81.4 773 66.5 732 745
LLaMA-w/o re-embed+ 7B 0 88.0 79.3 70.3 57.0 712 722
LLaMA-LLE-INCY 13B 0 93.8 82.9 79.2 70.1 76.2  79.1
LLaMA-w/o re-embedi  13B 0 88.8 80.6 75.6 64.9 739 730
LLaMA-LLE-INCY 65B 0 92.8 83.0 81.7 73.5 843 834
LLaMA-w/o re-embedf  65B 0 86.8 81.2 77.4 66.2 79.1 73.6

Table 2: Experimental results for LLaMA-7B, LLaMA-13B and LLaMA-65B with LLE-INC. #p: the number of parameters.

#t-p: the number of tuned parameters. : tuning-free.

additional prototypical embeddings. Only Manual Verb is ca-
pable of directly operating on tasks following the pre-training
process without tuning for downstream tasks. Consequently,
we compare LLE-INC with the baselines under two condi-
tions: one with parameter tuning and one without parameter
tuning (including PTMs and additional parameters).

Results

We report the mean accuracy/F1 score following the baselines
for each task across 5 sampled few-shot datasets using various
random seeds, along with the standard deviation. The results
for the experiments with and without parameter tuning are
shown in Table 1.

Without Parameter Updating LLE-INC re-embeds the
[MASK] representation without requiring the addition of any
new parameters or parameter updates as introduced. In this
situation, we only employ the frozen parameters in the PTM.
Without any tuning parameters, only the ManualVerb in the
baselines can still make predictions. The Manual Verb and
LLE-INC which tune no parameter are denoted as Manu-
alVerbf and LLE-INCH, respectively. Table 1 shows that
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Manual Verbt performs poorly without tuning, which means
the model cannot understand the tasks and manually designed
verbalizers explicitly. The performance of ManualVerbt on
the test set is constant across different random seeds since the
PTM is frozen. LLE-INCY, on the other hand, predicts the
labels far more accurately than ManualVerbt and is on par
with or even sometimes outperforms GenVerb and ProtoVerb
(both demand parameter updating) because the space recon-
struction of LLE-INC is based on the relationship with the
intra-class neighbors. The aforementioned finding suggests
that the output embeddings from the frozen PTM contain
a significant amount of implicit information and manifold-
based re-embedding is a viable approach to leverage the
information.

With Parameter Updating Since the PTMs may not com-
pletely understand the task information, we can first train
the models using contrastive learning. Then, we utilize the
LLE-INC to re-embed the output representation of the up-
dated PTMs as illustrated in Figure 3. Table 1 demonstrates
that LLE-INC outperforms the baselines of Fine-tuning, Gen-
Verb, ProtoVerb and even Manual Verb consistently and the
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performance improvements are statistically significant with
the p-value of paired t-test less than 0.05 in the majority of all
cases. Our approach can bring up to 3.2% improvement on the
CHIP-CTC dataset and 1.1% improvement on average across
the 10 datasets. The experimental results of LLE-INCT reveal
that the potential of PTMs can be reached by the manifold-
based embedding space re-construction and the performance
of LLE-INC further demonstrates that contrastive learning-
based tuning for the parameters in the PTMs integrates better
with the space re-embedding. As it comes to harder multi-
class tasks, LLE-INC shows superiority to the baseline ver-
balizers without human effort for the re-embedding process
can yield better representation for the instance. Meanwhile,
we also notice that there can be duplicate verbalizers gen-
erated by GenVerb while dealing with multi-class datasets
which negatively affects its performance.

Large Language Model with LLE-INC

The emergence of large language models (LLMs) has signifi-
cantly transformed the field of natural language processing
(NLP), leading to superior performance compared to earlier-
generation paradigms. However, the fine-tuning of LLMs
can pose a significant challenge due to the scale of their pa-
rameters. To address this challenge, we apply the LLE-INC
to the tuning-free outputs of the LLaMA models (Touvron
et al. 2023) (LLaMA-7B, LLaMA-13B, and LLaMA-65B)
to explore the performance of LLE-INC. As LLaMA is pri-
marily trained on English corpora, we only consider En-
glish language tasks. Our results, presented in Table 2, show
that LLaMA-LLE-INCT, without any tuning parameters, can
achieve better performance than RoBERTa-large with the
PTM updating. This indicates that LLE-INC can be applied
as a tuning-free method for classification tasks using large
language models.

Analysis

Re-embedding Strategy LLE-INC re-embeds the verbal-
izer embedding space under the constraint of intra-class
neighbors and makes predictions for the test instances with
the k-nearest neighbors in the re-embedded space. Therefore,
we also experiment with other re-embedding strategies: (1)
LLE, the original locally linear embedding which only relies
on the k-nearest-neighbor spatial relationship in the original
space, and (2) w/o re-embedding, which makes predictions
on the embeddings in the original space only with a kNN
classifier. Experiments here do not include the contrastive
learning module for a fair comparison. Table 3 shows that the
performance of w/o re-embeddingtis inferior to that of LLET
and LLE-INCT, indicating that the performance is limited
by the original space. Furthermore, LLE{ performs much
better than w/o re-embedding¥ (up to 12.7% improvement)
and LLE-INC+ outperforms LLET (up to 7.9% improvement)
and demonstrates that the intra-class neighbor relationship is
superior to spatial k-nearest neighbors.

Ablation Study An ablation study was conducted to eval-
uate the effectiveness of contrastive learning and space re-
construction. The results in Table 4 demonstrate that the
performance of LLE-INC in combination with contrastive
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SST-2 MRPC QQpP
LLE-INCY} 86.6 67.6 66.1
LLEt 79.2 61.4 62.1
w/o re-embed 66.5 54.3 60.9
MNLI QNLI RTE
LLE-INCY} 58.1 624 68.2
LLEY} 51.9 58.0 60.3
w/o re-embed 424 54.7 61.1
CHIP-CTC Kuake-QIC Tnews
LLE-INC+ 44.5 31.2 41.3
LLEY 39.2 29.6 39.5
w/o re-embed 33.8 28.1 40.3

Table 3: Experimental results for different re-embedding
strategies. T: tuning-free.

learning surpasses that of either approach individually. This
indicates that both parameter updating and embedding space
reconstruction contribute to improved model performance.

SST-2 MRPC QQpP
LLE-INC with CL 929 76.2 68.1
LLE-INC 86.6 67.6 66.1
CL 85.1 64.2 66.5
MNLI QNLI RTE
LLE-INC with CL 69.2 70.2 74.5
LLE-INC 58.1 62.4 68.2
CL 57.0 60.4 67.8
CHIP-CTC Kuake-QIC Tnews
LLE-INC with CL 61.0 54.8 44.6
LLE-INC 44.5 31.2 41.3
CL 49.7 40.1 38.2

Table 4: Ablation study for the LLE-INC and contrastive
learning. CL: contrastive learning.

Conclusion

Prompt-based tuning has been proven effective in few-shot
scenarios and recently embedded verbalizers have been ex-
plored as an alternative to the labor-intensive process of exist-
ing verbalizers. Recent studies are dependent on the tuning of
the PTM or extra trainable embeddings and the manifold in
the high-dimensional representation space has the potential
to mislead Euclidean distance measurements. In this study,
we propose to re-embed the verbalizer representation space
through locally linear embedding with an intra-class neigh-
borhood constraint. Experimental results demonstrate that
LLE-INC works rather well without any parameter tuning
and can further enhance the performance of prompt-based
tuning in conjunction with model tuning. The effectiveness
of manifold learning on the LLaMA model also opens up
new possibilities for the tuning-free application of LLMs and
further inspires computational resource-friendly research on
the LLMs.
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