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Abstract—Recent progress in Large Language Models (LLMs)
has increased interest in collaborative learning, typically grouped
into two types: inference-based and training-based ones. How-
ever, both face challenges in a low-resource and small models
(e.g., 7B-parameter LLMs) setting. The former contains instruc-
tions too complex for small models, while the latter require costly
data. To this end, we propose Unsupervised Mutual Learning
(UML), a novel framework that allows multiple small and
comparable models to learn mutually using minimal unlabeled
data. By leveraging inherent model and response diversity, UML
establishes an iterative cycle where the models generate diverse
outputs and learn from mutual input-output pairs. Experiments
show that UML surpasses 8 baselines on 4 diverse tasks.

Index Terms—Natural language processing, Large language
model, Mutual learning, Unsupervised learning

I. INTRODUCTION

Large Language Models (LLMs), particularly those with
large parameters (referred to as large models), have proven
successful in various tasks such as information extraction [1],
question answering [2] and reasoning [3]. However, resource
limitations remain a critical bottleneck for deploying large
models in small and medium-sized enterprises. As a result,
LLMs with small parameters (referred to as small models)
provide a more practical alternative [4].

To address these challenges, collaborative learning, broadly
classified as inference-based or training-based, has increased
attention. The former aims to enable interactive collaboration
during the inference phase without requiring additional train-
ing, such as CoDiscuss’s inter-model discussion-augmented
reasoning chain [5], COOP’s cross-model knowledge gap
probing [6], and ChatEval’s role-diversified team debate [7].
However, when they are applied to small models, the limited
instruction-following capability becomes a significant bottle-
neck leading to suboptimal collaboration. The latter facilitates
knowledge transfer between different models during the train-
ing phase, using large-scale annotation, such as YODA’s pro-
gressive fine-tuning [8], SRT interactive data refinement [9],
and AutoAnno’s automated annotations [10]. However, they
require extensive and expensive annotation.

To address the challenges, we propose Unsupervised Mutual
Learning (UML), a novel framework that enables multiple
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Fig. 1. The UML framework, illustrated using the TQA dataset.

small and comparable models to mutually improve with min-
imal unlabeled data. Specifically, UML operates through an
iterative cycle that begins with each model generating diverse
outputs with the data as inputs. The outputs are then paired
with the original inputs to construct a candidate set of input-
output pairs. The pairs are selected and used as learning target
to cross fine-tune the models, completing one round of UML.
Further experiments reveal UML’s underlying mechanisms: the
models show effective unsupervised learning capability and
response diversity plays a crucial role in model improvement.
The code is at https://github.com/zengjianjun-ecust/UML.
We summarize the contributions of this paper as follows:

• We propose UML, a novel framework that enables small
and comparable models to learn mutually through itera-
tive cross fine-tuning with minimal unlabeled data.

• Recognizing and validating that the diversity derived from
models is the key for UML, 5 selection strategies and 6
learning orders are proposed to exploit it systematically.

• Extensive experiments across 4 diverse tasks demonstrate
that UML consistently outperforms all baseline methods.



TABLE I
PERFORMANCE OF LLMS ON 4 TASKS UNDER THE ZERO-SHOT SETTING.

BOLD INDICATES THE HIGHEST SCORE PER TASK. ALL UNITS ARE %.

Model TREX TQA CHold TREC AVG

Llama2 38.33 36.33 48.75 34.45 39.47
Vicuna 30.33 35.33 50.97 29.50 36.53
Xwin 42.00 33.67 37.81 40.81 38.57

AVG 36.89 35.11 45.84 34.92 38.19

II. TASK FORMULATION AND SOLUTION FRAMEWORK

In this section, we introduce the terminologies used in this
paper, the problem formulation and our solution framework.
Term 1: Model Comparability. Given a set of tasks T =
{t1, . . . , tt} and models M = {M1, . . . ,Mm} with scoring
function S(Mi, tj), model comparability is defined by the
normalized deviation from aggregate mean performance:

µ =
1

mt

∑
Mi∈M

∑
tj∈T

S(Mi, tj), (1)

∀Mi ∈ M,

∣∣∣∣∣∣1t
∑
tj∈T

S(Mi, tj)− µ

∣∣∣∣∣∣ ≤ ε, (2)

where ε is a positive calculated margin (ε = 1.66 in Table I).
The scoring function S(Mi, tj) computes the performance of
model Mi on task tj . The specific metrics used for each task
are detailed in Section III-A.
Term 2: Specialized Proficiency. Despite model comparabil-
ity, specialized proficiency is defined such that each model
exhibits distinct specialized capabilities on at least one task.
Formally, given M, T , the following condition must hold:

∀Mi,Mk ∈ M,Mi ̸= Mk, ∃tj ∈ T ,

S(Mi, tj) > S(Mk, tj) + δ,
(3)

with δ ≥ 1.0 indicating superiority. Table I demonstrates this
phenomenon, where the models excel in different tasks.
Problem Formulation. Given a set of model M and unlabeled
input X from task tj , the problem is formulated as to find a
function f(X,M) that produces a new set of models M′,
which perform better on tj , that is:

M′ = f(X,M)

∀i ∈ {1, . . . ,m}, S(M ′
i , tj) > S(Mi, tj).

(4)

Solution Framework. To solve the above problem, we de-
velop UML which leverages the response diversity to enable
models to improve mutually. Specifically, as illustrated in
Fig. 1, UML consists of 4 steps: Step 1: Individual Inference.
To create input-output pairs, each model generates responses
independently with a small set of unlabeled data as input. Step
2: Observed Ranking. To obtain the ranking information of
models for Step 3, this step evaluates the quality of predictions
from the previous step. Specifically, each model is evaluated
on a small validation set using the scoring function, and
models are ranked based on their scores. Step 3: Target

Selection. For each model, the learning targets are chosen
from the input-output pairs following a pre-defined selection
strategy. Step 4: Cross Fine-tune. The models are cross fine-
tuned on the data selected by the previous step. Step 1-4 repeat
for multiple iterations until the predefined criteria are met.
Selection Strategies. To leverage the response diversity, we
propose 5 selection strategies: Rotational Learning. A model
learns from different models during successive iterations. For
instance, if in the k-th iteration, model M1 learned from M2, it
learns from M3 in the k+ 1-th iteration. Random Ensemble.
During each iteration, each model learns from input-output
pairs where the outputs are randomly sampled from the pairs of
other models. Global Ensemble. In each iteration, each model
learns from input-output pairs where the pairs are randomly
sampled from all models. Progress Boosting. According to
the rank of the models after each iteration. If a model ranks
higher, it continues learning from the same model. Otherwise,
it switches to learn from the other model. Ranking Boosting.
According to the rank of models, the model with the best
performance (noted as Mb) learns from the second-weakest
model (noted as Ms) and the weakest model (noted as Mw)
in turn. Meanwhile, Ms and Mw always learning from Mb.

III. EXPERIMENT

A. Experimental Setup

Datasets and Evaluation Protocols. To assess broad ca-
pabilities, we select datasets from 4 task categories: cloze
test TREX [11], open-ended QA TruthfulQA (TQA) [12],
multiple-choice QA, CaseHOLD (CHold) [13] and multi-
class classification TREC [14]. To construct the minimal and
unlabeled dataset as input, we use 10 random training samples.
We follow standard evaluation protocols: average accuracy for
TREX [11], BLEU accuracy [15] for TQA, and F1-score for
both CHold [13] and TREC [16]. For UML evaluation, we
report both individual model performance and the average
performance across all models in the ensemble.

Base Models. To meet the requirements for models with
model comparability and specialized proficiency, we choose
Vicuna-7B [17], Xwin-7B [18], and Llama2-7B 1 [19] as
the base models. Table I presents the capabilities of these
models on each tasks. Unless otherwise stated, we adopt the
instruction-tuned version of model with 7B parameters. When
investigating the mechanisms in UML, we introduce additional
LLMs including Vigogne [20], Baichuan2 [21] as the 4-th and
5-th models. When investigating the model comparability, we
introduce superior Llama3 [22] with 8B parameters. For fine-
tuning and inference, We adopt the convention of the original
authors of these models and follow the input-output template.

Baselines. We evaluate UML against a comprehensive set
of 8 baselines, categorized into 2 types: inference-based and
training-based ones. The former improves the performance by
organizing multiple LLMs to leverage their diverse perspec-
tives and capabilities through the designed workflows. This

1Llama3-8B does not meet the requirement for model comparability.
Specifically, Llama3 is bigger in size and outperforms Llama2 by an average
margin of 15%. Nonetheless, we provide experiments on Llama3.



TABLE II
MAIN RESULTS OF THE UML AND BASELINES.

Method TREX TQA CHold TREC AVG

YODA 37.00 38.33 43.67 42.00 40.25
SRT 40.00 38.90 38.70 41.30 39.73
LbT 41.33 37.20 42.33 36.00 39.22
AutoAnno 35.67 38.40 43.67 40.00 39.44
CoDiscuss 38.00 37.00 46.33 40.66 40.50
ChatEval 37.33 36.67 49.33 38.33 40.42
COOP 38.03 36.67 45.33 41.33 40.34
CoLLM 41.00 37.33 49.00 40.66 42.00

UML(Ours) 42.56 39.11 51.83 42.37 43.97

includes 1) CoDiscuss [5], 2) ChatEval [7], 3) COOP [6], and
4) CoLLM [23]. The latter focus on leveraging an stronger
LLM to guide and refine the fine-tuning process of the model
to enhance its capabilities. The representative works are 1)
YODA [8], 2) SRT [9], 3) LbT [24], and 4) AutoAnno [10].
All baselines are re-implemented using base models.

Implement Details. To efficiently fine-tune [25] the models,
we adopt AdaLoRA [26] and follow [27] to apply the low-rank
adaptation to the attention weight matrices in Transformer [28]
block, specifically to q proj, k proj and v proj. All exper-
iments are conducted on a server running Ubuntu 20.04 LTS
system, equipped with an Intel(R) Core(TM) i7-8700K CPU,
64 GB memory and a NVIDIA GeForce RTX 3090 24G
GPU. One iteration for a model costs 2 training hours. Unless
otherwise specified, we run UML for 4 iterations with the
selection strategy of Ranking Boost.

B. Experimental Results

In this section, we conduct evaluation and systematic anal-
ysis of UML to investigate the following research questions:
Q1. How does it compare to the baselines? Q2. What mecha-
nism enables the improvement? Q3. What are the key factors?

Q1: Performance Gains. To answer Q1, we evaluate and
compare UML against 8 baselines. From the Table II, we
conclude that UML outperforms all baselines, specifically,
leading the best-performing baseline, i.e, CoLLM, by 1.97%.
The advantage of UML stems from addressing 2 limitations of
the baselines. First, training-based baselines depend on a large
amount of data and guidance from a stronger LLM, which
is infeasible under our low-resource, small-model constraints.
Second, although inference-based ones avoid fine-tuning, they
suffer from poor coordination due to small models’ limited
capability to follow complex collaboration instruction. The
UML solves both challenges through leveraging the model and
response diversity in iterative cross fine-tuning. The result also
reveals that the training-based baselines (rows 1-4) generally
achieve lower scores compared to inference-based ones (rows
5-8), due to their reliance large models, while in inference-
based ones, small models retain basic task-solving abilities.

Q2: Mechanisms. To address Q2, we conduct experiments
by varying model count and the results lead to the conclusion
that: 1) LLMs are capable of unsupervised learning, and 2)
LLMs can benefit from the diverse responses. To substantiate

TABLE III
PERFORMANCE OF UML WITH VARYING MODEL COUNTS. THE BOLD

DENOTES THE HIGHEST SCORE ACROSS VARYING MODEL COUNTS.

Task The Count of Models in UML

1 2 3 4 5

TREX 42.78 40.78 42.56 44.11 45.44
TQA 38.33 39.11 39.11 42.22 42.33
CHold 50.62 51.17 51.83 47.60 45.75
TREC 36.94 37.69 42.37 41.36 39.96

AVG 42.17 42.19 43.97 43.82 43.37
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Fig. 2. Comparing various selection strategies. The strategies are listed on
bar along the horizontal axis.

the first point, we compare the scores in Table I with the
single model (referred to as self-learning) in Table III, find-
ing that self-learning (i.e., the model learning from its own
responses) yields an average performance gain of 3.98%. This
demonstrates the same underlying principle as [29] that the
models can benefit from unlabeled data with random labels.
To verify the second conclusion, we increase model diver-
sity by incorporating more models to UML, which increases
response diversity. From Table III, we observe that as the
count increased from 1 to 3, the average performance improves
continuously. This reinforces a shared underlying principle that
the models can benefit from diversity (whether via multiple
models or diverse templates [30]). As the count increases to 5,
the performance of tasks diverges: generation ones, i.e., TREX
and TQA, benefit from increased diversity, while classification
ones, i.e., CHold and TREC, suffer from the noise that causes
deviation from the labeling schema.

Q3: Analysis of Selection Strategies. To address Q3, we
propose and evaluate 5 selection strategies for performing the
Step 2 Target Selection. In Fig. 2, the best results are achieved
by the Ranking Boosting strategy. The strategy involves the
weaker models learning primarily from the strongest, while the
strongest model alternates between learning from weaker and
second-strongest models. The former allows weaker models to
directly benefit from the stronger model, resulting in immedi-
ate improvement, while the latter enables the strongest model
to learn from a diverse set of responses, thereby optimizing
its output behavior for the specific task.
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Q3: Analysis of Learning Orders. To address Q3, we
compare various learning orders to identify the optimal learn-
ing order for the optimal selection strategy ranking boosting.
Specifically, we compare 6 different learning orders. The goal
is to determine a learning order that maximizes the benefits of
UML while preserving diversity in their responses. See Fig. 3
for the detailed learning order. As shown in Fig. 3, the order
where Mb learns from Ms, Mw, Ms, and Mw yields the best
performance. This is because the first round of learning from
the second-weakest model strikes a balance between learning
from stronger models with incorporating diversity.

Q3: Analysis of Iteration in UML. To address Q3, we
explore the effect of increasing the number of iteration rounds.
As shown in Fig. 4, optimal performance is achieved at the 4th
iteration, with limited improvement observed in subsequent
rounds. This is because the system contains 3 models and by
the 4th round, Mb has already learned from the other models
twice, and the diversity of responses has been fully learned,
reaching a point of diminishing returns.

Q3: Analysis of Train Set Size. To investigate Q3, we
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Fig. 5. The performance comparison with varying train set sizes in UML.

quantify the performance scaling of UML across a range of
unlabeled training set sizes (10 to 100 samples). Fig. 5 shows
that UML performance on all tasks improves with training
set size from 10 to 40 samples, peaking at 40 samples. This
improvement stems from increased response diversity enabled
by additional data within the UML framework. However,
as the train set size grows from 40 to 100 samples, the
performance of classification tasks, i,e., CHold and TREC,
continues to improve, where as that of generation tasks, i.e.,
TQA and TREX, declines. This trend reverses when the count
of models increases from 3 to 5 in Table III. The reversal
occurs because with 40 samples, the response diversity from
the models has already been fully leveraged. More data does
not enhance diversity but instead shifts the model’s focus
toward task-specific patterns, aligning it more closely with the
task’s inherent schema. This shift benefits classification tasks,
which have a well-defined solution space, i.e., a fixed labeling
schema, allowing them to further improve. While the focus
on task-specific patterns correspondingly reduces the model’s
effectiveness in open-ended, infinite solution-space scenarios,
resulting the performance decline in generation tasks.

Q3: Analysis of Diversity. To Analyze the relationship be-
tween diversity and iterative improvement, we employ Seman-
tic Entropy (SE) and Discrete Semantic Entropy (DSE) [31]
to quantify response diversity. In this experiment, we track
entropy and task accuracy on TREX across iterations from
the lens of Llama2, denoted as L#0–L#7. As shown in Fig. 6,
both entropy and accuracy are initially low at L#0. After the
first UMA iteration (L#1), we observe a substantial increase
in semantic entropy. This surge in diversity arises from the
introduction of mutual alignment of heterogeneous models.
Notably, this rise in entropy coincides with a marked improve-
ment accuracy. The concurrent enhancement of both metrics
suggests that within greater semantic diversity is associated
with better performance.

Q3: Analysis of Model Comparability. To investigate Q3,
we relax the constraint by introducing a superior model that
dominates all other LLMs. We define the default models, i.e,



TABLE IV
PERFORMANCE OF ML-COMPARABLE AND ML-SINGULAR FROM INDIVIDUAL MODEL AND OVERALL PERSPECTIVE.

Perspective Method TREX TQA CHold TREC AVG

Vicuna

Zero-Shot 30.33 35.33 50.97 29.50 36.53
Self-Learning 40.67 35.67 56.82 33.50 41.66
ML-Comparable 39.33 40.67 59.17 39.21 44.60
ML-Singular 39.33 37.33 59.98 53.74 47.60

Xwin

Zero-Shot 42.00 33.67 37.81 40.81 38.57
Self-Learning 48.00 41.33 43.94 38.60 42.97
ML-Comparable 47.00 37.00 44.63 51.32 44.99
ML-Singular 46.67 37.33 52.19 47.27 45.87

Llama2
Zero-Shot 38.33 36.33 48.75 34.45 39.47
Self-Learning 39.67 38.00 51.09 38.71 41.87
ML-Comparable 41.33 39.67 51.68 36.56 42.31

Llama3
Zero-Shot 55.67 43.33 59.57 51.95 52.63
Self-Learning 69.52 42.33 57.32 64.20 58.34
ML-Singular 53.33 43.00 57.02 57.34 52.67

Overall Gain ML-Comparable 5.67 4.00 5.99 7.44 5.77
ML-Singular 3.78 1.78 6.95 12.03 6.13
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Llama2, Vicuna and Xwin, as ML-Comparable. By replacing
Llama2 with the superior Llama3, we create ML-Singular.
We then evaluate both configurations against zero-shot and
self-learning setting. In Table IV, ML-Comparable achieves
overall gains of 5.77%, while ML-Singular demonstrates a
slightly higher improvement of 6.13%. Notably, the perfor-
mance gains of ML-Comparable are close to that achieved by
learning directly from ML-Singular. Crucially, UML achieves
competitive effectiveness without relying on a stronger model,
by fully leveraging the diversity among comparable models.
Although no performance gains are observed for Llama3 when
compared to the zero-shot baseline in ML-Singular, the overall
improvement remains significant. This improvement can be
attributed to a distillation-like effect, where weaker models
benefit by learning from Llama3.

Case Study. In Fig. 7, we introduce a case study of UML
from the perspective of Xwin, where X#2 is refined into

Who invented silly putty?
The question is asking about a person. (D) Human 
being.

In what year was Gandhi assassinated?
The event in question is asking Gandhi. 
The question can be classified as 
follows: (D) Human being.

Who invented silly putty?
The question is not asking about a location, a human 
being, or a numeric value. The correct category is (C) 
Description and abstract concept.

A sample from train set and L#2 ‘s output

X#3 answering a sample from test set correctly

L#2

X#2 answering a sample from test set incorrectly
X#2

Finetune

X#3
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Fig. 7. Case Study: Xwin’s update from iteration 2 to 3 in UML.

X#3 (the notation M#n indicates model M after the n-th
iteration). To identify the learning target under the ranking
boost strategy, we first determine model ranking based on
the Step 2 Observed Ranking: X#2 is the strongest model,
Vicuna#2 (V#2) the weakest, and Llama2#2 (L#2) the second
weakest. Applying the optimal learning order as shown in
Fig. 3, the derivation is that X#2 is refined into X#3 by
learning from L#2. In Fig. 7, it can be observed that X#2
provides an answer by rejecting other options, resulting in an
incorrect answer. L#2, on the other hand, directly provides the
answer. After learning from L#2’s response, X#3 adopts the
same answering style and provides the correct answer. This
demonstrates that UML, even with limited unlabeled data,
can enhance LLM performance through cross-model response
learning. This finding further supports the second mechanism
of UML: increased response diversity enables effective model



refinement. It is also noteworthy that although L#2’s answer
for the sample from the train set is incorrect, X#3 correctly
answers the question from the test set. This finding strongly
supports the first mechanism of UML: samples with incorrect
labels have the potential to improve model performance.

IV. CONCLUSION AND LIMITATIONS

In this paper, we introduce UML, a novel framework that
enables mutual learning among small and comparable models.
Empirically, UML outperforms 8 baselines on 4 diverse tasks.
To understand the success, we conduct ablation studies, which
confirm that the underlying mechanisms of UML are twofold:
LLMs are capable of unsupervised learning, and they can
benefit from response diversity. Further analysis reveals that
model diversity is the key driver, underscoring the potential
of mutual learning among small and comparable models as a
powerful alternative to reliance on large models. Finally, we
explore the effects of key design choices, including selection
strategies, learning orders, iteration round and train sizes.
Meanwhile, we acknowledge that UML is limited to text-
based data and cannot integrate multi-modal information. In
the future, we will extend UML to incorporate vision modality.
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[10] T. Kuzman and N. Ljubešić, “Llm teacher-student framework for text
classification with no manually annotated data: A case study in iptc news
topic classification,” IEEE Access, vol. 13, pp. 35 621–35 633, 2025.
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