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Abstract

While fusing the capacities and advantages of various large
language models offers a pathway to construct more powerful
and versatile models, a fundamental challenge is to properly
select advantageous model during training. Existing fusion
methods primarily focus on the training mode that uses cross
entropy on ground truth in a teacher-forcing setup to measure
a model’s advantage, which may provide limited insight to-
wards model advantage. In this paper, we introduce a novel
approach that enhances the fusion process by incorporating
both the training and inference modes. Our method evaluates
model advantage not only through cross entropy during train-
ing but also by considering inference outputs, providing a
more comprehensive assessment. To combine the two modes
effectively, we introduce ProFuser to progressively transition
from inference mode to training mode. To validate ProFuser’s
effectiveness, we fused three models, including Vicuna-7B-
v1.5, Llama-2-7B-Chat, and MPT-7B-8K-Chat, and demon-
strated the improved performance in knowledge, reasoning,
and safety compared to baseline methods.

Code — https://github.com/Stycoo/ProFuser

Introduction

Large Language Models (LLMs) have demonstrated re-
markable capabilities across diverse tasks in recent years.
However, their training demands substantial computational
resources, often requiring thousands of GPUs and process-
ing trillions of tokens (Sukhbaatar et al. 2024). In this con-
text, integrating the complementary capabilities of existing
LLMs into a unified model presents a resource-efficient al-
ternative for achieving enhanced performance.

Traditional approaches to capability integration often
leverage ensemble methods (Monteith et al. 2011; Jiang,
Ren, and Lin 2023), which combine predictions from
multiple trained models during inference. While effec-
tive, these methods necessitate the simultaneous deploy-
ment of multiple models, introducing significant memory
and computational overhead, particularly challenging for
resource-intensive LLMs. An alternative paradigm focuses
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on parameter-space merging, where multiple models are
consolidated through arithmetic operations on their param-
eters (Gupta, Serrano, and DeCoste 2020). This approach
requires determining optimal combination coefficients, ei-
ther through manual calibration (Wortsman et al. 2022; Ya-
dav et al. 2024) or automated optimization (Matena and
Raffel 2021; Jin et al. 2023). However, these methods are
fundamentally constrained by the requirement for architec-
tural homogeneity among models. To address these limita-
tions, FuseLLM (Wan et al. 2024) introduces a pioneering
approach enabling fusion of architecturally heterogeneous
LLMs. Grounded in knowledge distillation, FuseLLM trans-
fers collective knowledge from multiple source LLMs to a
target LLM through probability distribution matrices.

While FuseLLM demonstrates promising results, its re-
liance on minimum cross-entropy (Min-CE) in teacher-
forcing training mode for assessing source model capabil-
ities may not fully capture their strengths in real-world in-
ference scenarios. Our empirical analysis, illustrated in Fig-
ure 1 (left), evaluates models in both training and inference
modes to quantify this limitation. Training mode assessment
employs Min-CE to measure ground-truth (GT) token pre-
diction accuracy, while inference mode utilizes reward mod-
els to evaluate generated response quality. Our investigation
reveals a significant performance disparity: while Vicuna-
7B-v1.5 demonstrates superiority over Llama-2-7B-Chat in
68% of training mode cases, this advantage diminishes to
45% in inference mode, achieving parity with Llama-2-7B-
Chat. This discrepancy emerges from the fundamental dif-
ference between next-token prediction proficiency in train-
ing mode and response generation quality in inference mode.

Effective model fusion necessitates comprehensive ad-
vantage exploitation across both training and inference
modes. However, our experimental results (Section ) in-
dicate that simultaneous optimization across both modes
yields suboptimal improvements when inference mode is
weighted minimally. This phenomenon can be attributed to
the qualitative distinction between the advantage carriers”
in each mode: training mode utilizes more complex and de-
tailed GT outputs compared to the relatively concise source
model outputs in inference mode (Figure 1 (right)). To ad-
dress this challenge and answer the question: How can we
effectively leverage advantages from both modes for opti-
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Figure 1: Left: Performance comparison between Vicuna-7B-v1.5 (Vicuna) and other source models across training and infer-
ence modes. In training mode, Vicuna outperforms Llama-2-7B-Chat on 68% of evaluation samples (measured by Min-CE),
highlighting its superior token prediction capability. However, this advantage diminishes in inference mode, where Vicuna’s
success rate drops to 45% (evaluated using reward models). This highlights a gap between token-level prediction and response
generation quality. Right: Response length comparison between GPT-4 and Vicuna-7B-v1.5 for the five most frequently oc-
curring system messages in the training set (x-axis IDs correspond to specific system prompts). GPT-4 consistently produces

longer and more detailed responses across all prompt types.

mal fusion? we propose ProFuser, inspired by progressive
learning principles (Mukherjee et al. 2023). ProFuser imple-
ments a two-stage fusion strategy: (1) Inference mode fu-
sion, which prioritizes high-quality response generation ca-
pabilities, is followed by (2) Training mode fusion, which
incorporates next-token prediction strengths. This progres-
sive approach facilitates effective integration by bridging the
qualitative gap between modes.

We validate ProFuser’s effectiveness by integrating capa-
bilities from Vicuna-7B-v1.5, Llama-2-7B-Chat, and MPT-
7B-8K-Chat into Vicuna-7B-v1.5-ProFuser. Experimental
results demonstrate consistent improvements across knowl-
edge, reasoning, and safety dimensions. Further analysis
validates our dual-mode advantage evaluation framework’s
ability to identify model strengths consistently, even with
relatively weaker source models (e.g., MPT-7B-8K-Chat).
Moreover, the progressive fusion strategy exhibits enhanced
learning stability.

Related Work

Knowledge distillation (KD, Hinton, Vinyals, and Dean
(2015)) represents a systematic approach to compress
knowledge from one or more large teacher models into
a more compact student model while maintaining per-
formance efficacy. In text classification domains, vari-
ous methodologies have been proposed: output distribution
mimicking (Turc et al. 2019; Zhang et al. 2023), hidden state
replication (Sun et al. 2019; Jiao et al. 2020), and atten-
tion score emulation (Wang et al. 2021). For text generation
tasks, knowledge transfer strategies include learning from
teacher logits distributions on ground truth sequences (Agar-
wal et al. 2024; Gu et al. 2024) or generated outputs (Peng
et al. 2023). Multi-teacher knowledge distillation (MTKD)
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enhances distillation effectiveness through distribution aver-
aging (You et al. 2017) or sequence blending (Wang et al.
2024) across multiple teachers. While KD focuses on model
compression, model fusion pursues a fundamentally differ-
ent objective: synthesizing complementary capabilities from
multiple source models to create a more comprehensive and
capable unified system.

Model merging encompasses techniques for combining
weights from multiple models through direct parameter
space manipulation. Contemporary approaches can be cat-
egorized into two primary paradigms: (1) Same-task model
merging primarily focuses on enhancing generalization ca-
pabilities. For instance, Model Soups (Wortsman et al. 2022)
implements linear averaging of models fine-tuned through
diverse strategies on identical datasets. However, these ap-
proaches are constrained by the requirement for homoge-
neous training protocols and typically yield incremental im-
provements. (2) Cross-task model merging aims to facil-
itate multi-task learning (MTL). Fisher Merging (Matena
and Raffel 2021) employs Fisher information matrices for
parameter weighting, though its computational complex-
ity becomes prohibitive for large-scale models. RegMean
(Jin et al. 2023) reformulates merging as an optimization
problem, minimizing the L2 distance between the merged
model and individual constituents. Task Arithmetic (Zhang
et al. 2023) introduces “task vectors” for parameter-efficient
merging via LoRA (Hu et al. 2021), while PEM Composi-
tion (Zhang et al. 2023) extends this framework to LoRA-
based architectures. Ties-Merging (Yadav et al. 2024) ad-
dresses task conflicts through systematic parameter pruning
and sign alignment.

A significant limitation of existing approaches is their
requirement for architectural homogeneity among models.
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Figure 2: Overview of the Progressive Model Fusion Method (ProFuser). The framework operates in two sequential stages:
inference mode and training mode. In inference mode, reward models (RM) evaluate response quality to identify advantageous
outputs, while in training mode, minimum cross-entropy (Min-CE) determines optimal token distributions. Heterogeneous
source LLMs (represented by distinct colors) contribute their respective advantages, which are progressively integrated into the
target model through an easy-to-hard learning paradigm. This dual-mode approach ensures comprehensive capability transfer

from source models to the target model.

FuseLLM (Wan et al. 2024) addresses this constraint by en-
abling fusion of heterogeneous LLMs through knowledge
distillation, utilizing Min-CE on ground truth to identify ad-
vantageous models and transferring their logits distributions
to a target LLM. Our work extends this framework by intro-
ducing a comprehensive advantage evaluation mechanism
that considers both training and inference modes, thereby
enabling a more thorough assessment and integration of
model capabilities.

Preliminaries
N

Given an instruction dataset D = {(x;,y;)};-,, Where z;
and y; denote the i-th instruction and its corresponding re-
sponse, respectively. Supervised Fine-Tuning (SFT) aims to
refine pre-trained language models parameterized by 6 to de-
velop instruction-following capabilities through supervised
learning. This is achieved by minimizing the log-likelihood
loss:

T
Lor(wi,y:) = — Y _1ogpo(yis | wiryi<t), (1)

t=1

where T is the length of response y;, po(vis | Ti; Yi<t)
represents the probability of predicting the ¢-th ground-truth
(GT) token y; ;, conditioned on the instruction z; and all
preceding GT tokens y; ;. Teacher-forcing is used during
training, where the model receives the ground-truth tokens
Yi,<¢ as input rather than its own predictions.

Method

Our research focuses on integrating advantageous capabili-
ties from multiple source models into a target model through
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model fusion. This process presents two fundamental chal-
lenges: 1. Advantage evaluation: Previous approaches rely
solely on ground truth Min-CE (training mode) for advan-
tage assessment, providing limited insights. We propose a
comprehensive evaluation framework incorporating both in-
ference and training modes, enabling a more thorough iden-
tification of model strengths and facilitating more effec-
tive fusion. 2. Fusion strategy: Leveraging the differential
characteristics of multi-modal advantage information, we
introduce a progressive fusion strategy that implements an
easy-to-hard learning paradigm, transitioning from infer-
ence mode to training mode optimization.

Dual Mode Advantage Evaluation

We propose a dual-mode evaluation framework encom-
passing both training and inference modes to comprehen-
sively assess model advantages. In training mode, we hy-
pothesize that the probability distribution generated under
teacher-forcing for a given (instruction, response) pair re-
flects the model’s inherent understanding, with lower cross-
entropy (CE) values indicating superior performance. In in-
ference mode, response quality serves as a direct indicator of
problem-solving capabilities, with higher-quality responses
signifying model superiority.

Training Mode As illustrated in the right side of Figure
2, given an input instruction x; and ground truth response
y;, we employ teacher-forcing to obtain logits distributions
{P/}, from source models {M;}!< . The cross-entropy
(CE) is computed for each model following Equation (1).
The advantageous model is identified through minimum CE
selection:

i . Gj
MMCE — aremin({ Lgir (74, yz)}f(:l)’ @)



where 6; denotes the parameters of the jth source model.
The logits distribution PM"E from the selected model en-
capsulates the training mode advantage information.

Inference Mode As depicted in the left side of Figure 2,
for instruction z;, we generate inference outputs {y; }szl

from source models {M; }le Response quality assess-
ment is conducted through a voting mechanism incorporat-
ing multiple high-performance reward models (refer to Sec-
tion , Training Details). The response receiving the majority
vote is selected:

?Jv? = argmax(RMVote({ﬂg }ngl)) 3)
The selected 72 and its corresponding logits distribution RB
constitute the inference mode advantage information.

Progressive Fusion

Our progressive fusion strategy capitalizes on the inher-
ent complexity differential between inference mode source
model outputs and training mode GPT-4 outputs, with the
latter typically exhibiting greater detail and complexity. We
implement an easy-to-hard fusion paradigm, sequentially in-
corporating inference mode followed by training mode.

The capability transfer from source LLMs to the target
LLM is achieved through a combination of sequence-level
loss Lgpr and token-level loss Dy :

LFuse(xa y7PS) = LSFT(x7y) + 5DKL(PS; PT)» (4)

where Ps and Pr denote the logits distributions of the ad-
vantageous source model and target model with respect to y,
respectively.

For a given instruction x;, we incorporate both inference

mode advantage information (g?,

MinCE
P, i

ﬁzB) and training mode

advantage information (yi, ) into Equation (4), yield-

ing mode-specific fusion objectives: LinferFuse(Ti, Ui, PL)
MinCE
and Lrain-Fuse (T4, Yi, B 0).
The comprehensive progressive fusion objective is formu-
lated as:

Lproruser = W1 Linfer-Fuse + W2 LTrain-Fuse, ©)
where weights w; and w4 are dynamically adjusted through-
out the fusion process. Initially, w; = 1 and wy = 0

prioritize inference mode advantages. Subsequently, wy in-
creases to 1 while w; reduces to 0.1, maintaining inference
mode insights while emphasizing training mode optimiza-
tion. This staged approach ensuring comprehensive capabil-
ity enhancement in the target LLM.

Experiments
Experimental Setup

Source Models and Training Dataset Our
draws on three well-established open-source LLM
families—Vicuna, Llama, and MPT. Specifically, we
employ Vicuna-7B-v1.5 (Zheng et al. 2023), Llama-2-7B-
Chat (Touvron et al. 2023), and MPT-7B-8K-Chat (Mo-
saicML 2023). Vicuna-7B-v1.5 is designated as the farget

study
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because of its balanced performance and broad task adapt-
ability. To reconcile the heterogeneous tokenizers and
vocabularies of these models, we perform token alignment
prior to fusion, following (Wan et al. 2024). High-quality
data are essential for stable fusion. We therefore adopt Orca-
Best, a semantically deduplicated and quality-filtered subset
of the OpenOrca GPT-4 1M instruction corpus (Mukherjee
et al. 2023). From this collection, we randomly sample
100 k samples for training.

Training Details Training is conducted using Hugging-
Face Transformers (Wolf et al. 2020) with the Adam op-
timizer (Kingma and Ba 2014), a learning rate of 1.5 X
1075, cosine annealing decay, a batch size of 128, and a
maximum sequence length of 2048. To capture logit dis-
tributions from source models on GPT-4 references, top-
p=0.95, top-k=10, and temperature=2 are set for both train-
ing and inference phases. During inference, one hypothe-
sis per model is sampled. For quality evaluation, three high-
performing reward models are selected from RewardBench:
Eurus-RM-7B (Yuan et al. 2024), FsfairX-LLaMA3-RM-
v0.1 (Dong et al. 2023; Xiong et al. 2024), and Starling-RM-
7B-alpha (Zhu et al. 2023). Predictions are voted upon by
these reward models; ties are resolved using the score from
the strongest reward model. The training process consists
of two phases: inference mode fusion and inference-training
mode co-fusion. In the first phase, we train for one epoch
with the KL loss weight A = 0.1. In the second phase, we
train for two epochs, with the KL loss weights \ and /3 set
to 0.5, and the mode loss weights w; and ws set to 0.1 and
1, respectively. The procedure consumes approximately 96
A100-80G GPU-hours.

Baselines We compare ProFuser against three categories
of established baselines. (1) Original models: Vicuna-7B-
v1.5, Llama-2-7B-Chat, and MPT-7B-8K-Chat. (2) Contin-
ual SFT: we utilize the Vicuna-7B-v1.5-CSFT as a base-
line, which is subjected to continual SFT using the same
dataset as ProFuser, ensuring a fair comparison. (3) Model
fusion: this category features Vicuna-7B-v1.5-Fuse focus-
ing on training mode fusion, Vicuna-7B-v1.5-SimulFuse
performing simultaneous inference and training mode fu-
sion, and Vicuna-7B-v1.5-ReverseFuse implementing train-
ing mode followed by inference mode fusion.

Evaluation We evaluate ProFuser across three dimen-
sions. (1) Knowledge: the models’ ability to understand
and recall factual information is assessed using the MMLU
dataset (Hendrycks et al. 2020), which spans 57 diverse sub-
jects such as elementary mathematics, US history, and other
academic topics. (2) Reasoning: the models’ general reason-
ing skills are appraised using challenging benchmarks such
as HellaSwag (Zellers et al. 2019), ARC-Challenge (Clark
et al. 2018), and WinoGrande (Sakaguchi et al. 2021). Ad-
ditionally, mathematical reasoning is specifically assessed
through the GSMB8K. (3) Safety: the models’ capability to
generate outputs that align with factual correctness and com-
mon sense, relying on the Truthful QA dataset (Lin, Hilton,
and Evans 2021). Evaluations are conducted using the LM-
Evaluation-Hardness framework (Gao et al. 2023), follow-
ing the standard metrics of the HuggingFace OpenLLM



MMLU HellaSwag

ARC Winogrande

GSMSK TruthfulQA Average

MPT-7B-8K-Chat 41.55 77.52 46.93 71.35 11.00 43.70 48.68
Llama-2-7B-Chat 46.74 78.63 52.90 71.74 16.40 44.59 51.83
Vicuna-7B-v1.5 51.17 77.36 53.75 72.30 15.80 50.37 53.46
Model Fusion
Vicuna-7B-v1.5-CSFT 51.23 7691 55.29 74.59 16.76 50.39 54.20
Vicuna-7B-v1.5-Fuse 51.48 77.83 54.61 73.72 18.80 50.72 54.53
Vicuna-7B-v1.5-ReverseFuse 51.09 77.87 54.69 74.19 17.21 50.77 54.30
Vicuna-7B-v1.5-SimulFuse 51.54 77.74 54.95 73.64 18.77 50.74 54.56
Vicuna-7B-v1.5-ProFuser 51.85 78.39 55.46 74.43 18.70 51.85 55.11

Table 1: Overall results of our proposed ProFuser compared against various baseline methods across six benchmarks. Text in
bold indicates the best performance. For a detailed explanation of the baseline methods, please refer to Section Baselines.

Leaderboard (Beeching et al. 2023). For the GSMS8K as-
sessment, our approach follows the methodology outlined
in Open-Instruct (Wang et al. 2023).

Main Results

Table 1 presents the performance of ProFuser compared
to various baselines across six benchmarks, revealing sev-
eral key insights: Firstly, by integrating three source mod-
els into Vicuna-7B-v1.5-ProFuser using our proposed fu-
sion methodology, we observe that ProFuser achieves the
highest overall score among all evaluated methods. Specif-
ically, it delivers a 3.09% improvement over the baseline
Vicuna-7B-v1.5, a substantial enhancement that is twice as
large as the improvement achieved through continual super-
vised fine-tuning (Vicuna-7B-v1.5-CSFT). This result high-
lights ProFuser’s ability to effectively leverage complemen-
tary strengths from multiple source models and surpass tra-
ditional fine-tuning approaches.

When comparing ProFuser against FuseLLM (Wan et al.
2024), Vicuna-7B-v1.5-ProFuser consistently outperforms
FuseLLLM across all benchmarks except GSM8K, where it
still demonstrates a modest relative boost of 1.06%. The
slight underperformance on GSM8K can be attributed to
challenges in mathematical reasoning tasks when fused
source models exhibit frequent incorrect predictions during
inference mode fusion. These inaccuracies introduce noise
into the process and slightly limit its effectiveness.

Further comparison with alternative fusion strategies, in-
cluding SimulFuse and ReverseFuse, shows that ProFuser
consistently outperforms these approaches. Notably, Re-
verseFuse which prioritizes training mode fusion before in-
ference mode, underperforms FuseLLM and even degrades
overall performance. These findings validate the effective-
ness of ProFuser’s sequential easy-to-hard fusion strat-
egy: starting with simpler signals derived from inference
mode (based on outputs generated by small source mod-
els) and gradually incorporating more complex knowledge-
rich signals obtained during training mode (leveraging GPT-
4 ground truth data). This progressive approach enables
more effective integration of model strengths while avoid-
ing early-stage overload or inefficiencies caused by prema-
ture exposure to high-complexity inputs.
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Figure 3: Results of different model advantage evaluation
methods for the inference mode.

Effect of Dual-Mode Advantage Evaluation

To evaluate the effectiveness of dual-mode advantage eval-
uation, which combines inference and training modes, in
capturing the strengths of source LLMs. While the Min-
CE metric in training mode has been widely validated as
a reliable measure for assessing model advantages (Wan
et al. 2024), we focus on exploring inference-mode-based
evaluation to complement it. Two experimental frameworks
are employed: reference-based evaluation and reference-free
evaluation. (1) In the reference-based approach, we hypoth-
esize that a source model is more advantageous if its out-
put closely resembles GPT-4’s responses. Similarity is mea-
sured across two dimensions—textual form using BLEU and
ROUGE scores, and semantics using BERTScore with their
contributions combined into a weighted scoring formula:

Score = 0.25 x BLEU + 0.25 x ROUGE + 0.5 x BERTScore. (6)

(2) The reference-free framework uses open-source reward
models to directly score outputs without relying on GPT-
4 references. For single reward models, the highest-scoring
output is selected; when multiple reward models are used,
majority voting determines the optimal response.

As shown in Figure 3, results reveal that reward model
scoring consistently outperforms textual similarity metrics
across benchmarks due to its ability to provide robust eval-
uations beyond surface-level text features. Textual similar-
ity methods perform well for simple instructions with clear-



cut answers but struggle with complex tasks requiring nu-
anced reasoning or detailed explanations where valid vari-
ations exist in phrasing or structure. Moreover, integrating
multiple reward models enhances performance on specific
benchmarks such as Truthful QA by leveraging their align-
ment with safety-related aspects while showing variability
across other benchmarks due to domain-specific proficien-
cies among individual reward models.

Knowledge Reasoning Safety Average
MPT-7B-8K-Chat 41.55 50.10 43.70 45.12
Llama-2-7B-Chat 46.74 52.85 44.59 48.06
Vicuna-7B-v1.5 51.17 53.92 50.37 51.82
Vicuna-7B-v1.5-RMFuser 51.19 55.95 50.63 52.59
Vicuna-7B-v1.5-GTLenFusr 51.30 56.15 50.80 52.75
Vicuna-7B-v1.5-ProFuser 51.85 56.75 51.85 53.48

Table 2: Results of various progressive fusion strategies. The
best-performing scores are bolded. For brevity, ground truth
length-based fusion and reward model score-based fusion
are abbreviated as GTLenFuser and RMFuser, respectively.

Effect of Progressive Fusion Strategy

To assess the effectiveness of ProFuser’s progressive fusion
strategy, we conducted experiments comparing it against
alternative approaches. ProFuser employs a stepwise inte-
gration process that begins with inference-mode fusion and
transitions to training-mode fusion, guided by the intuition
that ground truth (GT) data—typically more nuanced and
knowledge-rich than source model outputs—should dictate
the sequence of fusion. To further evaluate its robustness, we
explored additional difficulty criteria for curriculum learn-
ing: (1) Ground truth sequence length: Instructions paired
with longer responses were considered more challenging.
(2) Reward model score: Lower scores on target model out-
puts indicated higher task difficulty. The results are summa-
rized in Table 2, leading to two key observations:

Firstly, ProFuser consistently outperformed all alter-
native strategies across various benchmarks, validating
the effectiveness of its model-oriented progressive learn-
ing framework. By prioritizing inference-mode fusion
first—leveraging simpler signals aligned closely with task-
level outputs—it establishes a robust foundation before in-
corporating richer and more complex training-mode signals
derived from GT data. This “easy-to-hard” paradigm is par-
ticularly effective because it enables gradual adaptation dur-
ing knowledge transfer, allowing the fused model to inte-
grate complementary strengths from both modes synergis-
tically while minimizing potential conflicts or noise intro-
duced by overly complex inputs early in the process.

Secondly, among alternative difficulty criteria tested:
splitting tasks based on ground truth response length proved
reliable as a measure of complexity. In contrast, using re-
ward model scores as a criterion underperformed signif-
icantly. While reward-based metrics provide insights into
task alignment at an output level (inference mode), they fail
to capture deeper nuances associated with GT data required
for comprehensive capability enhancement.
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Quantifying Source Model Contributions to Fusion

To systematically analyze the influence of different source
models on fusion effectiveness, we conducted comprehen-
sive experiments combining Vicuna-7B-v1.5 (Vicuna) with
two distinct source models: MPT-7B-8K-Chat (MPT) and
Llama-2-7B-Chat (Llama). The experimental results, pre-
sented in Table 3, reveal several significant findings:

Task-specific synergy with heterogeneous models. The
fusion with MPT demonstrates notably superior improve-
ments on specific benchmarks, particularly HellaSwag and
WinoGrande, compared to other evaluation metrics. A com-
pelling observation emerges: despite MPT’s inferior stan-
dalone performance relative to Llama on these benchmarks,
its fusion benefits substantially exceed those achieved
through Llama integration. This apparent paradox can be
attributed to two primary factors: (1) While MPT exhibits
lower overall performance compared to Llama, it demon-
strates disproportionately strong capabilities specifically in
HellaSwag and WinoGrande relative to its performance on
other benchmarks, enabling it to contribute more specialized
knowledge during the fusion process. (2) The architectural
heterogeneity between MPT and Vicuna potentially facili-
tates the integration of complementary knowledge represen-
tations—a phenomenon less prevalent when fusing architec-
turally homogeneous models like Llama and Vicuna.

Stable generalization with homogeneous models. Con-
versely, fusion with Llama yields consistent performance
improvements across all benchmarks, exhibiting minimal
task-specific variance. This stability can be primarily at-
tributed to the homogeneity between Vicuna and Llama. The
shared architectural characteristics minimize the divergence
between source-target distributions during both training and
inference phases, facilitating smooth information integration
while maintaining high performance standards.
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Figure 4: Training progress comparison between ProFuser
and Simultaneous fusion approaches over three epochs. Pro-
Fuser (blue) achieves higher final reward model scores de-
spite slower initial progress, converging at epoch 2. Simulta-
neous fusion (red) shows faster early improvement but con-
verges earlier at epoch 1.25 with lower final performance.
Mean and standard deviation of reward model scores are
shown for each epoch.



MMLU HellaSwag ARC Winogrande

GSMSK TruthfulQA  Average

MPT-7B-8K-Chat 41.55 77.52 46.93 71.35 11.00 43.70 48.68

Llama-2-7B-Chat 46.74 78.63 52.90 71.74 16.40 44.59 51.83

Vicuna-7B-v1.5 51.17 77.36 53.75 72.30 15.80 50.37 53.46
Separately Fusion

Vicuna-7B-v1.5-FuseMPT 50.95 78.40 54.81 74.60 17.44 50.37 54.43

Vicuna-7B-v1.5-FuseLlama  51.44 78.01 55.12 74.31 18.77 51.47 54.85

Table 3: Results showing the influence of different source models on fusion performance. The best-performing scores are
bolded. Vicuna-7B-v1.5 serves as the target model, fused separately with MPT-7B-8K-Chat and Llama-2-7B-Chat.

SLERP Hm TIES I DARE I ProFuser

Winogrande HellaSwag

GSM8K TruthfulQA

Figure 5: Comparison of ProFuser with three popular model
merging methods (SLERP, TIES, and DARE) across six
benchmarks.

Stability Analysis of Progressive Fusion Process

To assess the impact of progressive fusion on the stabil-
ity of the fusion process, we analyze the training dynamics
of ProFuser in comparison to simultaneous fusion methods.
Specifically, we randomly sample 2k data points from Orca-
Best (excluding those used for constructing the training set)
as an evaluation dataset. Throughout training, changes in re-
ward model scores on this evaluation set are tracked using
FsfairX-LLaMA3-RM-v0.1 as the scoring model.

As shown in Figure 4, ProFuser exhibits a smoother and
more consistent performance improvement during its fusion
process, ultimately converging to a higher final point. In con-
trast, simultaneous fusion achieves faster initial gains but
quickly stagnates at an early performance plateau. This re-
sult underscores the advantages of ProFuser’s stepwise inte-
gration strategy: beginning with inference mode signals and
gradually incorporating more complex knowledge-rich sig-
nals during training mode enables sustained improvements
over time without prematurely exhausting learning poten-
tial. Conversely, simultaneous fusion combines all modes at
once, resulting in rapid early progress but failing to fully
leverage long-term optimization opportunities due to prema-
ture convergence. These findings highlight that progressive
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fusion not only enhances stability throughout training but
also achieves superior final outcomes by effectively balanc-
ing task complexity across different stages of learning.

Comparison with Model Merging

To evaluate ProFuser’s effectiveness in homogeneous model
fusion scenarios, we conducted a comparison against vari-
ous model merging methods. For fair comparison, we used
Vicuna-7B-v1.5-CSFT and Llama-2-7B-Chat as baseline
models in the merging experiments, ensuring alignment with
ProFuser’s lightweight fine-tuning framework.

As presented in Figure 5, ProFuser consistently achieves
the highest scores across individual benchmarks such as
MMLU, GSMSK, and Truthful QA while also securing the
highest overall average score. While model merging meth-
ods exhibit competitive performance in specific cases, such
as HellaSwag, where source models are comparably strong,
their effectiveness diminishes when weaker models are in-
corporated. For instance, merging weaker models often
leads to performance degradation of the base model, as ob-
served in other benchmarks. In contrast, ProFuser maintains
reliable fusion performance across diverse source model
strengths, even with lightweight fine-tuning.

These results highlight ProFuser’s robustness in hetero-
geneous fusion scenarios, where model merging approaches
struggle to harmonize disparate capabilities. By dynami-
cally balancing inference and training mode signals, Pro-
Fuser achieves more stable and generalizable improvements,
underscoring its advantage over static merging techniques.

Conclusion

Fusing the knowledge and capabilities of multiple LLMs
can create stronger models more efficiently. We introduce
ProFuser, a simple method that integrates the strengths of
heterogeneous LLMs into a single LLM. Instead of relying
solely on the training mode to capture the model’s strengths
in understanding ground truth, ProFuser also leverages the
inference mode to capture the model’s strengths in execut-
ing instructions, fully showcasing the model’s advantages.
Furthermore, ProFuser progressively learns from the infer-
ence mode to the training mode, based on the difference that
ground truth (GPT-4 output) used in the training mode is
more complex and detailed than the source LLM output in
the inference mode, thus fully utilizing the advantages of
both modes. Evaluated across six benchmarks and three di-
mensions, ProFuser performs significantly better than exist-
ing model fusion methods.
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