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Abstract
Large Language Models (LLMs) demonstrate remarkable capabilities but face deployment challenges due to com-
putational demands. We introduce Reason-to-Learn (R2L), a novel multi-agent collaborative knowledge distillation
framework enabling small LLMs to learn from a distributed system of specialized agent models. Our architecture
employs multiple autonomous teacher agents, each with distinct expertise and reasoning capabilities, coordinated
by a meta-agent aggregator that orchestrates knowledge synthesis and conflict resolution. Unlike prior methods,
our flexible four-phase process (detection, processing, rationale generation, aggregation) leverages agent-based
communication protocols and consensus mechanisms for cross-architecture knowledge transfer, demonstrated
primarily on Vietnamese sentiment analysis. Experimental results are definitive: our lightweight R2L-Students (1-1.5B)
consistently outperform the individual specialized agents (Qwen32B, Llama70B) and the GPT-4o meta-agent coordi-
nator, especially on complex ABSA tasks. Ablation studies confirm that our multi-agent collaborative approach yields
better results than traditional fine-tuning and single-agent distillation. Furthermore, R2L enhances generalizability of
lightweight LLMs: our Vietnamese-trained student achieves strong zero-shot cross-lingual performance on Swedish
ABSA (Svensk ABSAbank-Imm v1.1), with Krippendorff’s Alpha scores competitive with the specialized agents. R2L
offers an efficient path to compact, high-performing specialist models through coordinated multi-agent learning.

1. Introduction

Large Language Models (LLMs) demonstrate supe-
rior performance in many NLP tasks (Brown et al.,
2020; Devlin et al., 2019; Radford et al., 2019; Raf-
fel et al., 2019), but their resource demands hinder
wider adoption. Methods like Knowledge Distilla-
tion (Hinton et al., 2015), Prompt Tuning (Lester
et al., 2021), and Adapters (Houlsby et al., 2019)
aim to mitigate this, yet face limitations: architec-
tural constraints (Prompt Tuning, Adapters) or po-
tential information loss and complexity, especially
with multiple teachers (Knowledge Distillation).

Sentiment Analysis (SA) is a critical NLP task
for understanding opinions in applications such as
marketing (Rambocas and Pacheco, 2018) and so-
cial media analysis (Rodríguez-Ibánez et al., 2023).
While LLMs show promise in SA via fine-tuning or
few-shot learning (Wang et al., 2024; Zhang et al.,
2024a; Krugmann and Hartmann, 2024; Gupta
et al., 2024; Zhang et al., 2023), these methods
often rely on surface patterns, failing to leverage
deep reasoning needed for complex scenarios like
Aspect-Based SA (ABSA).

To address these gaps, we propose the Reason-
to-Learn (R2L) framework. R2L enables a compact
student LLM to learn effectively from a collective
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of potentially larger, architecturally diverse teacher
models by distilling explanatory rationales. Our
approach allows the student to significantly outper-
form its teachers on complex Vietnamese SA tasks
while requiring fewer resources. We also demon-
strate competitive cross-lingual generalization on a
Swedish ABSA dataset (Berdicevskis, Aleksandrs
et al., 2024).

Our contributions are as follows:
• We introduce the Reason-to-Learn (R2L)

framework, a novel, multi-phase pipeline that
effectively distills knowledge from a heteroge-
neous collective of teacher models into a sin-
gle, compact student.

• We provide extensive experimental evidence of
a “student-surpassing-teacher” phenomenon.
Our lightweight R2L-Student models (1-1.5B)
consistently outperform their massive individ-
ual teachers (32B, 70B) and even the GPT-4o
aggregator on complex Vietnamese sentiment
analysis tasks.

• We conduct a thorough ablation study that val-
idates our framework’s design, proving that
(a) rationale-based learning is critical for com-
plex tasks and (b) our collective aggregation
step is decisively superior to learning from any
single-teacher baseline.
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• We demonstrate the framework’s ability to
distill abstract, language-agnostic reasoning,
showing that our R2L-Student (trained only on
Vietnamese) achieves strong zero-shot, cross-
lingual generalizability on a Swedish ABSA
dataset.

By addressing these challenges and leveraging
the strengths of LLMs, our proposed framework
aims to advance the field of sentiment analysis and
contribute to the broader application of LLMs in
NLP. Our proposed framework underscores the im-
portance of integrating multiple perspectives and
detailed rationales to enhance the reasoning capa-
bilities and overall performance of LLMs, paving
the way for more robust AI systems.

2. Related Work

2.1. LLM Enabled Sentiment Analysis

Sentiment Analysis has progressed from simple
rule- and lexicon-based methods to advanced ma-
chine learning techniques like Support Vector Ma-
chines, Naive Bayes, and Decision Trees. (Pang
et al., 2002; Go et al., 2009) With the advent of pre-
trained language models, the field has seen sig-
nificant advancements. Models like BERT (Devlin
et al., 2019), RoBERTa (Zhuang et al., 2021), GPT-
2 (Radford et al., 2019), XLNet (Yang et al., 2019),
and T5 (Raffel et al., 2019) have set new bench-
marks in various NLP tasks, including SA. More
recently, LLMs such as OpenAI’s GPT-3 (Brown
et al., 2020) and its followers GPT-4 and GPT-
4.5 have demonstrated superior performance on a

wide range of tasks, including SA, leveraging vast
amounts of data and sophisticated architectures.

The potential in this area is immense, as LLMs
continue to evolve and improve, offering new oppor-
tunities for more accurate and nuanced sentiment
analysis (see, e.g., (Xu et al., 2024; Wang et al.,
2024; Zhang et al., 2024a; Krugmann and Hart-
mann, 2024)). Despite these strides, these LLM-
based methods, typically fine-tuning with labeled
data or few-shot learning, do not use rationales (ex-
plicit reasoning explanations) or multiple teachers
(collaborative guidance from diverse models). This
limits their ability to address nuanced challenges,
such as ABSA tasks, and points to reasoning-driven
approaches as a promising direction of work in this
rapidly developing field.

2.2. Knowledge Transfer

2.2.1. Approaches

Knowledge Distillation (KD) is a widely used tech-
nique for transferring knowledge from a large
teacher model to a smaller student model. Orig-
inally popularized in the context of Convolutional
Neural Networks (Hinton et al., 2015; Romero et al.,
2015), KD has been adapted for use with LLMs.
Recent studies such as (Xu et al., 2024; Gu et al.,
2024; Kim et al., 2024) have explored the applica-
tion of KD in LLMs, demonstrating its effectiveness
in reducing model size while maintaining perfor-
mance. Other methods, such as Prompt Tuning,
have also been investigated for their potential in
enhancing LLMs. For instance, (Li et al., 2021)
proposed SentiPrompt, a sentiment knowledge-
enhanced prompt-tuning method for aspect-based

Model Knowledge
Transfer

NLP
Applicability

Rationale
Augmentation

Multi-
Teachers

Cross-
Architecture

Our ✓ ✓ ✓ ✓ ✓
Kandala et al. (2024) ✓ ✓ ✓ ✓
Hsieh et al. (2023) ✓ ✓ ✓
Wadhwa et al. (2024) ✓ ✓ ✓
Chen et al. (2024) ✓ ✓ ✓
Fu et al. (2023) ✓ ✓ ✓
Wang et al. (2023) ✓ ✓ ✓
Chen et al. (2023) ✓ ✓ ✓
Li et al. (2023) ✓ ✓ ✓
Chae et al. (2023) ✓ ✓ ✓
Nguyen et al. (2024) ✓ ✓
Gu et al. (2024) ✓ ✓
Kim et al. (2024) ✓ ✓
Liu et al. (2022) ✓ ✓ ✓
Hofstätter et al. (2020) ✓ ✓ ✓
Seo et al. (2023) ✓ ✓ ✓
You et al. (2017) ✓ ✓
Liu et al. (2020) ✓ ✓
Pham et al. (2023) ✓ ✓
Zhang et al. (2021) ✓ ✓
Yang et al. (2025) ✓ ✓

Table 1: Comparison of related studies based on their alignment with key criteria: knowledge transfer,
applicability to NLP tasks, use of rationale augmentation, support for multi-teachers frameworks, and
cross-architecture compatibility.
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sentiment analysis. These approaches aim to bal-
ance the trade-off between model complexity and
performance, making LLMs more accessible and
efficient for various applications.

2.2.2. Multi-Agent R2L Framework

Multi-agent teacher knowledge distillation has been
explored in domains like computer vision (Liu et al.,
2020; Pham et al., 2023; Zhang et al., 2021), (Yang
et al., 2025; You et al., 2017) and natural lan-
guage models, and especially to reasoning tasks,
remains relatively underdeveloped. More recently,
Kandala et al. (2024) introduced TinyLLM, a multi-
teacher knowledge distillation method that trans-
fers reasoning skills from several large LLMs to a
compact student model. FuseLLM by Wan et al.
(2024) constructs a general-purpose LLM by in-
tegrating multiple LLMs with diverse architectures
into a single target model through knowledge fusion.
While TinyLLM focuses on model compression and
FuseLLM focuses on model creation rather than
interpretability or task-specific reasoning, our ap-
proach leverages collaborative reasoning from mul-
tiple medium-sized teacher models to enhance stu-
dent learning for sentiment analysis.

2.3. Rationale Generation

Rationale Generation is an emerging technique that
aims to enhance the reasoning capabilities of LLMs
by incorporating detailed explanations into the train-
ing process. Previous work (Nguyen et al., 2024;
Ho et al., 2023; Wadhwa et al., 2024) has shown
that providing detailed rationales can significantly
improve the performance of LLMs. For instance,
Nguyen et al. (2024) demonstrated the effective-
ness of sentiment reasoning in healthcare appli-
cations, while Ho et al. (2023) highlighted the self-
improving capabilities of LLMs through rationale
generation. Additionally, Wadhwa et al. (2024) in-
vestigated the intricacies of Chain-of-Thought aug-
mented distillation, further emphasizing the impor-
tance of detailed explanations in enhancing model
performance. These studies underscore the value
of Rationale Generation in improving the accuracy
and reliability of LLMs, paving the way for more
robust and adaptable AI systems.

3. The Reason-to-Learn Framework

In this section, we present the multi-agent Reason-
to-Learn framework. We first discuss the motivation
behind our design choices, and then continue to
outline the general architecture.

3.1. Motivation
Prior research has shown that effective teaching
goes beyond merely providing answers (Herrington
and Oliver, 2000): Expert educators also explain
the underlying reasoning (Perin, 2011) to deepen
their students’ understanding and address miscon-
ceptions to prevent common errors. Effective teach-
ing also involves exposing learners to multiple per-
spectives, which occurs when different instructors
emphasize varied lines of reasoning. This diversity
fosters a more flexible and generalizable under-
standing (Sonnleitner et al., 2013). When students
grasp fundamental principles, they can apply knowl-
edge to new contexts, sometimes even outperform-
ing their teachers.

The importance of reasoning is also evident in
LLMs. Even small models (e.g., 1.5B parameters)
can show strong reasoning, but providing detailed
rationales further improve performance (Wadhwa
et al., 2024; Chen et al., 2024; Nguyen et al., 2024;
Hsieh et al., 2023; Ho et al., 2023). These studies
highlight the value of not just final answers but the
reasoning process that leads to it. For example,
Gandhi et al. (2025) showed that in arithmetic tasks
like the Countdown game (Jackson, 2025), correct
rationales facilitate learning even when answers
are wrong, emphasizing that rationale quality mat-
ters more than correctness. Enhancing reasoning
and explanation in LLMs is therefore essential for
building more effective and adaptable AI systems.

These observations from both human and LLM
learning highlight the value of the reasoning pro-
cess. For a student model to learn effectively and
generalize robustly, it must learn from explanatory
rationales, not just final answers alone. Motivated
by this insight, we introduce the Reason-to-Learn
(R2L) framework. This operationalizes the princi-
ples of effective teaching by leveraging a collective
of teacher models to generate and distill diverse
rationales, thereby enhancing the student model’s
core reasoning capabilities and adaptability.

3.2. Framework Architecture
Figure 1 details the architecture of the Reason-
to-Learn Framework. In Figure 1 and henceforth,
Xinput = {ti, si}ni=1 denotes the set of training sam-
ples, where each sample consists of a text ti and
its sentiment si. The framework defines a teacher
collective fT as a set of N independent teacher
models, fT = {fT1

, ..., fTN
}.

The framework’s data processing pipeline is di-
vided into four main steps. The first three are ex-
ecuted independently by each of the N teachers,
and the final step aggregates their outputs. The
purpose and implementation of each phase are
detailed in the following subsections. Each phase
plays a crucial role in leveraging the reasoning ca-
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Input
(Text and Sentiment)
Xinput = {ti, si}ni=1

Example: ”This product

is amazing! bad battery”

(product: positive;

battery: negative)

R2L Multi Teacher
Agents Processing

Agent : fT (Xinput) → Yteach

Apply reasoning

and classification

Rationale
R = {explanationi}mi=1

Example: ”Contains posi-

tive adjective ’amazing’”,

Pointing out missing

[battery: negative]

Data Aggregation
A(R1, ..., Rk) → Ragg

Consolidate sim-

ilar patterns

Training Data
Dtrain = {Xi, Yi, Ri}ki=1

Add more to training

data by identify-

ing missing aspects

and sentiments

Phrases and
Sentiments

P = {pj , sj}lj=1 [”prod-

uct amazing”, positive]

Global Concepts
and Polarity

(embedding/vectordb)
V (pj) = v⃗j ∈ Rd Vector

representations of phrases

R2L-Student
fS(X) ≈ fT (X)

L = CE(fS , fT )
Output: ”product positive

- contains strong posi-

tive adjective; should also

identify battery as negative”

1. Phrases and
Sentiments
Prompt

6. Rationale

2. Phrases and
Sentiments

Detect

3. Store

4. Callback to
Teacher Processing

5. Classify Prompt

Train

7. Custom Training data

Figure 1: The Reason-to-Learn (R2L) framework, a Multi-Agent Teacher-to-Student pipeline. The frame-
work leverages a collective of N teacher agents in a four-phase process: (1) Phrase Detection to
populate a shared Global Concepts database, (2) Teacher Processing which uses a Callback to this
database for self-reflection, (3) Rationale Generation for both correct and incorrect answers, and (4)
Data Aggregation to synthesize all teacher rationales into a single training instance for the student.

pabilities of the combined teacher collective to en-
hance performance and adaptability. In this work,
we consider collective sizes of N = 3 (consisting of
2 teachers and 1 aggregator) but larger collectives
are possible.

3.2.1. Detection of Phrases and Sentiments

The primary purpose of this phase is to decon-
struct the raw input text into meaningful phrases
and associate each with a corresponding sentiment.
This process serves as the foundational knowledge-
gathering step for each teacher.

To this end, a specifically designed prompt
(Step 1 in Figure ) instructs each teacher fTi

(i = 1...N ) to process the input Xinput and gener-
ate a set Pi = {pj , sj}lj=1. The generated sets
Pi are then stored (Step 3) in the Global Con-
cepts & Polarity database as vector representations
V (pj) = v⃗j ∈ Rd. The database acts as a shared
repository for all detected concepts.

Algorithm 1 Phrase and Sentiment Detection, con-
ducted individually by each teacher fTi

Require: Input Xinput = {ti, si}
Ensure: Pi = {pj , sj}lj=1 is a set of phrases and senti-

ments
1: Pi ← ∅
2: Output ← fTi(PromptDetect, Xinput)
3: for each phrase pj and sentiment sj in Output do
4: Pi ← Pi ∪ {(pj , sj)}
5: end for
6: Store Pi in Global Concepts & Polarity database
7: return Pi

3.2.2. Teacher Processing

The purpose of this step is for each teacher to pro-
duce a final classification (Yteach,i) for the input text,
based on its own collaborative reasoning.

This database is very crucial to our framework’s
reasoning process. It is designed to mimic a
human-like, two-step reflective thinking process.
When faced with a new input, each expert teacher
fTi

first deconstructs it into its constituent parts
(the Detection of Phrases and Sentiments phase).
Then, in this Teacher Processing phase, it explic-
itly refers back to these self-generated concepts to
synthesize a final, more robust classification. This
self-reflection mechanism is not only for general
sentiment but is also critical for more granular tasks
like ABSA, where identifying correct phrase which
present the aspect is very important, as the (phrase,
sentiment) pairs Pi = {pj , sj} are analogous to (as-
pect, polarity) pairs.

Operationally, this is achieved in two sequential
steps by each teacher fTi

. First, using the input
Xinput as a query, the teacher performs the Call-
back (Step 4) to retrieve a set of relevant (phrase,
sentiment) pairs, Pretrieved,i, from the Global Con-
cepts & Polarity database. Second, this retrieved
set Pretrieved,i is concatenated with the original in-
put Xinput into a new, richer prompt. By processing
this combined prompt (Step 5), the teacher fTi

pro-
duces its final classification Yteach,i.

3.2.3. Rationale Generation

This phase focuses on explainability. Its purpose
is for each teacher fTi

to generate a rationale (Ri)
explaining why it reached its classification Yteach,i.

Each teacher fTi is prompted (Step 6) with the
input text and its own classification Yteach,i and is
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Algorithm 2 Teacher Processing, conducted indi-
vidually by each teacher fTi

Require: Input Xinput = {ti, si}, GlobalConceptsDB
Ensure: Classification Yteach,i
1: Pretrieved,i ←Retrieve(Xinput,GlobalConceptsDB)

2: Yteach,i ← fTi(PromptClassify, Xinput, Pretrieved,i)

3: return Yteach,i

asked to explain its reasoning. A critical feature of
our framework is its handling of incorrect classifi-
cations. In this scenario, the teacher, as an expert,
performs a re-thinking step: it first recognizes the
correct label (si), then generates a two-part ratio-
nale: (1) the correct reasoning path to the true
sentiment, and (2) an analysis of what features in
the input led to its initial confusion and the incorrect
Yteach,i. This re-thinking process is vital for teaching
the student model how to identify and recover from
its own errors.

Algorithm 3 Rationale Generation (by each
teacher agent fTi

)
Require: Input Xinput = {ti, si}, Teacher’s fTi Classifi-

cation Yteach,i
Ensure: Rationale Ri

1: Prompt teacher fTi with (Xinput, Yteach,i)
2: if Yteach,i == si then
3: Ri ← fTi(“Explain correct reasoning for Yteach,i")
4: else
5: Rcorrect ← fTi("Re-think, give reason for label si")
6: Rcf ← fTi("Explain confusion that led to Yteach,i")
7: Ri ← Rcorrect +Rcf
8: end if
9: return Ri

3.2.4. Data Aggregation

This is a critical phase in the R2L framework, de-
signed to synthesize the collective intelligence of all
N teachers. For a single input Xinput, the first three
phases are run N times (once for each of the N
teachers), resulting in a set of N distinct rationales
{R1, R2, ..., RN}.

The purpose of this step is to aggregate these
N perspectives into a single, comprehensive ra-
tionale Ragg. This Ragg is generated by a final
prompt instructing a teacher (or a separate aggre-
gator model) to combine all N rationales, preserv-
ing all unique insights and reasoning paths. This
final, synthesized rationale is then used to create
the training data Dtrain. Each training instance con-
sists of the original input {ti, si} and the single ag-
gregated rationale Ragg, which is used to train the
student model fS .

Algorithm 4 Data Aggregation
Require: Set of N rationales {R1, ..., RN} for a single

Xinput = {ti, si}
Ensure: Aggregated rationale Ragg
1: Rprompt ← "Synthesize these N rationales into one com-

prehensive explanation: "
2: Ragg ← fT (AggregatorPrompt, Rprompt)
3: Dtrain ← Dtrain ∪ {(ti, si, Ragg)}
4: return Ragg

4. Experimental Setup

4.1. Datasets
As can be seen in Table 2, two primary Vietnamese
datasets were selected for our study: (1) UIT-VSFC
(Nguyen et al., 2018a), which is utilized for Senti-
ment Analysis and Text Classification tasks; and (2)
VLSP (Nguyen et al., 2019), which is employed for
ABSA tasks in the Restaurant and Hotel domains.

To evaluate the cross-lingual generalizability of
our student models, we also utilize the Svensk
ABSAbank-Imm dataset (Berdicevskis, Aleksandrs
et al., 2024). This dataset provides high-quality
ABSA annotations for Swedish, a language not
present in our primary training data. Following
the benchmark established by the dataset’s au-
thors, we report performance on this dataset using
the Krippendorff’s Alpha Score to measure inter-
annotator agreement and model reliability.

4.2. Implementation Details
Global Concepts & Polarity The Global Concepts
& Polarity database, which serves as the frame-
work’s shared knowledge repository, was imple-
mented using ChromaDB as the vector store. To
generate the vector representations (V (pj)) for
all detected phrases, we employed the Alibaba-
NLP/gte-multilingual-base (Zhang et al., 2024b)
model as our embedding model.

R2L Framework As outlined in our methodol-
ogy, we generate three distinct training datasets
to evaluate the impact of our framework’s stages.
First, we establish two single-teacher baselines
by running the first three phases (Detection, Pro-
cessing, Rationale Generation) using Qwen32B
and Llama70B independently. This process results
in two datasets, DQwen and DLlama, containing ra-
tionales (RQwen and RLlama) generated from a sin-
gle expert perspective. Second, to create our full
R2L dataset (DR2L-Agg), we take the rationales from
these two baseline datasets. For each input Xinput,
we feed its corresponding rationale pair (RQwen,
RLlama) into a separate, powerful GPT-4o model,
which acts as the aggregator in the ‘Data Aggre-
gation‘ phase. We chose a proprietary model for
this specific step because merging complex rea-
soning paths requires highly advanced instruction-
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Table 2: Statistics of datasets used in the experiments. The Total Length columns indicate the number of
samples in the training, validation, and test sets. The Avg. Aug. Time represents the average time for the
four main phases of the framework, while Avg. Training Time and Avg. Inference Time show the average
times needed for training and inference.

Dataset Task Domain Total Length Avg. Aug. Time Avg. Training Time Avg. Infer. Time

UIT-VSFC Sentiment Analysis Sentiment 11426-1583-3166 40.2h 2.68h 4.66hText Classification Topic

VLSP ABSA Restaurant 2961-1290-500 7.49h 2.35h 2.79h
Hotel 3000-2000-600 8.52h 3.38h 2.79h

following capabilities, which smaller and current
open-source models often struggle to achieve with-
out degrading the synthesis quality. It is important
to note that this aggregator is strictly an offline pro-
cess used only to construct the training dataset.
This step synthesizes the two diverse reasoning
paths into a single, comprehensive rationale, al-
lowing us to directly compare the performance of
single-teacher versus collective-teacher learning
without relying on proprietary APIs during student
inference.

Fine-tuning Student We experimented with two
primary student models: Llama 1B and Qwen 1.5B.
All models were fine-tuned using the Unsloth library
(Daniel Han and team, 2023) to perform Supervised
Finetuning (SFT) strategy with high-performance
training and memory optimization. We employed
4-bit quantization and applied Low-Rank Adapta-
tion (LoRA) with a rank (r) of 16 and an alpha of 16.
LoRA was applied to all significant linear projection
layers, including the query, key, value, and output
projections, as well as the gate, up, and down pro-
jection layers. Training was conducted for 1 epoch
with a maximum learning rate of 2e-4 and a linear
learning rate scheduler with 5 warmup steps was
used. We used the 8-bit AdamW optimizer with a
weight decay of 0.01, a per-device batch size of 16,
and gradient accumulation steps of 16. All experi-
ments were conducted on a system equipped with
two NVIDIA T4 GPUs, each with 15GB of VRAM.

5. Results and Analysis

5.1. Main Performance Results
We first present the main performance of our R2L-
Student models, trained on the fully aggregated
dataset, in Table 3. This table details the perfor-
mance of both the Qwen 1.5B and Llama 1B back-
bones across all evaluation tasks.

The results show that our R2L-Student models
achieve strong performance, particularly in the
highly complex ABSA tasks. For instance, the
Qwen 1.5B student achieves an F1 score of 79.71%
in the Restaurant-Aspect task.

Crucially, the data reveals a clear "student-
surpassing-teacher" phenomenon. By observing
the final Teacher Collective (F1) column in Table 3,

we see that our lightweight R2L-Student models
(e.g., 79.71% F1 on Restaurant-Aspect) consis-
tently and significantly outperform the raw F1 perfor-
mance of any individual teacher in the collective (Q:
59.73%, L: 59.74%, and G: 61.42%). This demon-
strates that the R2L framework is not merely mim-
icking the teachers; it is successfully distilling their
collective reasoning into a far more efficient and
effective student model, despite the vast parameter
size gap. A detailed analysis in the ablation study
is performed to demonstrate the effectiveness of
the proposed framework.

5.2. Ablation Study

To validate the design choices of the R2L frame-
work, we conducted a comprehensive ablation
study, with F1-score comparisons shown in Table 4.
We investigated two key questions: (1) Is rationale-
based learning necessary at all? (2) Is the collec-
tive aggregation phase truly beneficial over learning
from a single teacher?

5.2.1. Impact of Rationale-Based Learning

The first comparison, between the Traditional col-
umn and the Rationale-augmented columns in Ta-
ble 4, reveals a critical insight that the effectiveness
of R2L is proportional to task complexity.

For the simplest task, UIT-VSFC (Sentiment), the
Traditional approach (82.52% F1) slightly outper-
forms the rationale-based methods. This suggests
that for straightforward tasks, traditional fine-tuning
is sufficient.

However, as task complexity increases, the value
of learning from reasoning becomes undeniable. In
the more complex UIT-VSFC (Topic) task, our R2L-
Student (80.16% F1) begins to edge out the Tra-
ditional (80.07% F1) baseline. The most dramatic
proof is in the ABSA tasks. In the VLSP-Hotel (As-
pect/Polarity) task, the Traditional method achieves
only 55.07% F1. In contrast, simply introducing
rationales from a single teacher like Qwen32B
(63.16% F1) or LLama70B (63.80% F1) provides a
massive boost of over 8% F1 scores. This strongly
validates that for complex tasks, learning how to
reason (via rationales) is significantly more effective
than learning what to answer (via labels alone).
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Table 3: Main Performance of R2L-Student Models. This table compares the final R2L-Student performance
for both Qwen1.5B and Llama1B backbones, trained on the aggregated dataset. For the UIT-VSFC tasks,
the R2L-Student (Qwen1.5B) achieved F1-micro scores of 93.08% (Sentiment) and 89.79% (Topic). The
R2L-Student (Llama1B) achieved 93.17% (Sentiment) and 89.00% (Topic).

R2L-Student (Qwen1.5B) R2L-Student (Llama1B) Teacher Collective (F1 %)
Task Domain P R F1 (%) P R F1 (%)

VLSP-Res. Aspect 83.81 75.98 79.71 75.98 80.28 78.07 Q:59.73 - L:59.74 - G:61.42
A/P 72.96 66.14 69.38 65.18 68.87 66.97 Q:50.92 - L:40.16 - G:57.00

VLSP-Hotel Aspect 74.42 69.47 71.86 71.35 71.32 71.34 Q:63.07 - L:59.48 - G:75.16
A/P 69.61 64.98 67.21 65.54 65.52 65.53 Q:56.34 - L:54.87 - G:65.33

UIT-VSFC Sentiment 84.98 78.83 81.17 85.43 79.24 81.62 Q:77.50 - L:77.28 - G:74.03
Topic 84.36 78.03 80.16 82.39 78.39 79.73 Q:71.58 - L:72.89 - G:75.45

Table 4: Ablation Study of R2L Framework Components (F1 Scores (%)). This table compares the Qwen
1.5B student model’s performance when trained with different data generation methods: Traditional
(no rationale), Qwen32B (single-teacher rationale), LLama70B (single-teacher rationale), and our full
R2L-Student (collective rationale).

Dataset Traditional Qwen32B LLama70B R2L-Student (Ours)
VLSP-Restaurant (Aspect) 73.71 76.52 74.72 79.71
VLSP-Restaurant (Aspect/Polarity) 63.84 65.52 64.30 69.38
VLSP-Hotel (Aspect) 60.61 68.58 68.96 71.86
VLSP-Hotel (Aspect/Polarity) 55.07 63.16 63.80 67.21
UIT-VSFC (Sentiment) 82.52 78.32 82.01 81.17
UIT-VSFC (Topic) 80.07 80.11 78.16 80.16
Note: Bold values indicate the best overall performance for each dataset. We only bold F1-score, which is most
important metric in sentiment analysis.

5.2.2. Impact of Collective Aggregation

The second ablation question is why our Data Ag-
gregation step is necessary. By comparing the
single-teacher columns (Qwen32B, LLama70B)
with the final R2L-Student (Ours) column in Table 4,
we can isolate the value of collective reasoning.

Across all four complex ABSA tasks, the ‘R2L-
Student‘ consistently outperforms all single-teacher
baselines. For instance, in the VLSP-Restaurant
(Aspect/Polarity) task, the R2L-Student (69.38%
F1) is notably stronger than students trained on
only Qwen32B (65.52% F1) or LLama70B (64.30%
F1).

This result strongly suggests that the individual
teachers provide different and complementary rea-
soning paths. The Data Aggregation phase, by
synthesizing these diverse perspectives, creates a
superior, more comprehensive training signal. The
student trained on this aggregated rationale is con-
sequently more robust than a student exposed to
only a single teacher’s reasoning style. This find-
ing is consistent with our hypothesis that the R2L
framework’s main advantage is its ability to distill
collective knowledge, which is most critical for solv-
ing complex, nuanced tasks.

5.3. Comparative Analysis with Previous
Approaches

Our proposed R2L-Student model consistently out-
performs prior methods across all datasets and
tasks, as shown in Tables 5. On UIT-VSFC, it
achieves state-of-the-art F1-micro scores, such as
93.08% for Sentiment and 89.79% for Topic classi-
fication. Notably, the performance gap widens as
task complexity increases. For example, in VLSP-
2018, R2L-Student outperforms SVM by 2.71% in
Aspect detection (79.71% vs. 77.00%) but by a
larger 8.38% in Aspect/Polarity detection (69.38%
vs. 61.00%). These results highlight the superiority
of R2L-Student in enhancing sentiment analysis
and aspect-based tasks effectively.

5.4. Generalizability of R2L Students
A key question is whether the reasoning capabil-
ities distilled by R2L are specific to the training
language (Vietnamese) or if the student model
learns a more general, abstract reasoning abil-
ity. To investigate this, we conducted a zero-
shot, cross-lingual evaluation. We tested our R2L-
Student models, trained only on Vietnamese, di-
rectly on the Svensk ABSAbank-Imm dataset a
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Table 5: Comparative Performance: R2L-Student (Ours) vs. Previous Studies across UIT-VSFC (F1-
micro), VLSP-Restaurant (F1-macro), and VLSP-Hotel (F1-macro) datasets.

UIT-VSFC
Model Sentiment (F1-micro) Topic (F1-micro)
Bi-LSTM/Word2Vec (Nguyen et al., 2018b) 92.00 89.60
Maximum Entropy Classifier (Nguyen et al., 2018a) 88.00 84.00
R2L-Student (Ours) 93.08 89.79

VLSP-Restaurant
Model Aspect (F1-macro) Aspect/Polarity (F1-macro)
CNN (Thin et al., 2018) 80.00 -
SVM (Nguyen et al., 2019) 77.00 61.00
R2L-Student (Ours) 79.71 69.38

VLSP-Hotel
Model Aspect (F1-macro) Aspect/Polarity (F1-macro)
CNN (Thin et al., 2018) 69.00 -
SVM (Nguyen et al., 2019) 70.00 61.00
R2L-Student (Ours) 71.86 67.21

Table 6: Cross-Lingual Generalizability measured
by Krippendorff’s Alpha Score on the Swedish
ABSAbank-Imm dataset. "Qwen 1.5B Baseline"
refers to the model without any fine-tuning.

Model Alpha Score

R2L Student (trained on UIT-VSFC) 0.1913
R2L Student (trained on VLSP-Restaurant) 0.1462
R2L Student (trained on VLSP-Hotel) 0.1153

Qwen 1.5B Baseline (Untrained) 0.0404

Qwen 32B (Teacher) 0.2492
Llama 70B (Teacher) 0.2193
GPT-4o (Aggregator) 0.2554

high-quality ABSA benchmark for Swedish. Fol-
lowing the dataset’s protocol, we report the Krip-
pendorff’s Alpha Score in Table 6.

The results clearly demonstrate that the R2L
framework imparts significant generalizable knowl-
edge. The baseline ‘Qwen 1.5B‘ model, without
any fine-tuning, achieves a score of just 0.0404,
showing almost no inherent ability to perform this
task in Swedish. In contrast, all our R2L-Student
models show a substantial improvement, with the
student trained on UIT-VSFC data achieving the
highest score of 0.1913.

This score is remarkably competitive. Despite a
massive gap in parameter size and being trained
in a completely different language, our 1.5B param-
eter student (0.1913) lags only slightly behind the
70B parameter expert teacher Llama 70B (0.2193).
This strongly suggests that our framework did not
just teach the student models to memorize Viet-
namese patterns; it successfully distilled a more
abstract, language-agnostic reasoning capability
that allows them to generalize to new languages
and data.

6. Conclusion

This study introduced the Reason-to-Learn (R2L)
framework, a multi-phase knowledge distillation
pipeline designed to enhance small language mod-
els by leveraging a collective of diverse, large-scale
teacher models. Our framework operationalizes the
principles of effective teaching, moving from single-
answer supervision to a process-based learning
approach using aggregated rationales.

Our experimental results validate this approach.
First, our ablation studies confirmed that rationale-
augmented learning is decisively superior to tra-
ditional fine-tuning, especially for complex tasks
like ABSA. Second, we proved that learning from
a collective of teachers (R2L-Student) is signifi-
cantly more effective than learning from any single-
teacher baseline. Most notably, we demonstrated
a clear "student-surpassing-teacher" phenomenon:
our lightweight 1B-1.5B R2L-Student models con-
sistently and significantly outperformed their mas-
sive expert teachers (Qwen32B, Llama70B) and
even the GPT-4o aggregator. Furthermore, we
showed that the R2L framework instills robust, ab-
stract reasoning, as our student models (trained
only on Vietnamese) achieved strong zero-shot,
cross-lingual generalizability on a Swedish ABSA
dataset.

6.1. Limitations and Future Work
Despite its advancements, the R2L framework has
limitations. The multi-phase augmentation process,
while effective, is resource-intensive and requires
time for data generation. Furthermore, relying on a
proprietary model (GPT-4o) as the data aggrega-
tor limits the framework’s full reproducibility for re-
searchers without API access. Future work will aim
to replace this step with highly capable open-source
models to make the pipeline fully open. Addition-



10309

ally, our primary validation was conducted on Viet-
namese and Swedish with promising results on the
Svensk ABSAbank-Imm dataset, further research
is needed to validate the framework’s adaptability
across a wider range of low-resource languages
and NLP tasks.

In summary, the R2L framework represents a
significant step forward in knowledge distillation,
offering a robust and adaptable solution for devel-
oping high-performing, compact language models.
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