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Abstract

Heterogeneous Large Language Model (LLM) fusion integrates the strengths of
multiple source LLMs with different architectures into a target LLM with low
computational overhead. While promising, existing methods suffer from two major
limitations: 1) reliance on real data from limited domain for knowledge fusion,
preventing the target LLM from fully acquiring knowledge across diverse domains,
and 2) fixed data allocation proportions across domains, failing to dynamically
adjust according to the target LLM’s varying capabilities across domains, leading
to a capability imbalance. To overcome these limitations, we propose Bohdi, a
synthetic-data-only heterogeneous LLM fusion framework. Through the orga-
nization of knowledge domains into a hierarchical tree structure, Bohdi enables
automatic domain exploration and multi-domain data generation through multi-
model collaboration, thereby comprehensively extracting knowledge from source
LLMs. By formalizing domain expansion and data sampling proportion alloca-
tion on the knowledge tree as a Hierarchical Multi-Armed Bandit problem, Bohdi
leverages the designed DynaBranches mechanism to adaptively adjust sampling
proportions based on the target LLM’s performance feedback across domains. Inte-
grated with our proposed Introspection-Rebirth (IR) mechanism, DynaBranches
dynamically tracks capability shifts during target LLM’s updates via Sliding Win-
dow Binomial Likelihood Ratio Testing (SWBLRT), further enhancing its online
adaptation capability. Comparative experimental results on a comprehensive suite
of benchmarks demonstrate that Bohdi significantly outperforms existing baselines
on multiple target LLMs, exhibits higher data efficiency, and virtually eliminates
the imbalance in the target LLM’s capabilities. Our code is available at � Bohdi.

1 Introduction

With the rapid advancement of Large Language Model (LLM) [1, 2] capabilities and the thriving
development of open-source communities, both enterprises and individual users are actively engaged
in building their own LLMs. As an efficient solution, LLM fusion [3, 4, 5, 6] technology consolidates
the advantages of multiple source LLMs into a more compact target LLM without the need for

∗This work was done during his internship at Shanghai Artificial Intelligence Laboratory.
†Corresponding author.

39th Conference on Neural Information Processing Systems (NeurIPS 2025).

https://github.com/gjq100/Bohdi.git


Figure 1: Results of Bohdi across various benchmarks, using Llama-3.2-3B-Instruct (left) and
Gemma2-9B-IT (right) as target LLMs.

pretraining from scratch or post-training based on large amounts of data. This signi�cantly shortens
the development cycle of private LLMs and reduces the required computing resources.

Due to the differences in architecture and size among open-source LLMs, there is always a heterogene-
ity between source and target LLMs. This limits knowledge fusion through direct parameter merging
approaches [3, 4] and has driven research into heterogeneous LLM fusion, with methods mainly
divided into two types: Explicit Fusion (EF) and Implicit Fusion (IF). EF methods [5, 6] involve
an initial vocabulary alignment, followed by supervised training of the target LLM using output
probability distributions collected from the source LLMs on a given dataset. However, the vocabulary
alignment process introduces errors and noise [7], compromising the target LLM's learning stability.
In contrast, IF methods [7, 8, 9] collect responses from the source LLMs and uses a external reward
LLM to select high-quality response for end-to-end training of the target LLM, thereby bypassing the
vocabulary alignment process and enabling more stable knowledge injection.

While demonstrating promising performance, current heterogeneous LLM fusion methods still face
two key limitations: 1)Limited Domain Coverage: Due to the scarcity of real data in systematically
�nely-grained domains, current approaches are limited to relying on open-source data from a few
�xed domains (e.g., mathematics, coding). This prevents the target LLM from fully acquiring
knowledge from source LLMs across diverse domains, thereby restricting comprehensive performance
improvement. 2)Rigid Data Allocation: Current methods pre-specify the data proportions allocated
to each domain. According to the "Buckets effect", an ideal data allocation should emphasize domains
where the target LLM performs poorly. However, �xed data proportion assignments cannot adapt to
the varying data proportion needs of different target LLMs, leading to a capability imbalance where
improvements in some capabilities come at the expense of others.

Addressing the aforementioned limitations, we proposeBOHDI , a heterogeneous LLM fusion
framework. By constructing a hierarchical knowledge tree, Bohdi systematically manages multi-
domain knowledge. Equipped with the designed Sprout and Harvest operations, Bohdi enables
dynamic exploration of new domains through multi-model collaboration and automatic generation of
data from each domain, thus achieving more comprehensive domain expansion without relying on
real data. To achieve adaptive adjustment of domain data proportions, we formalize dynamic domain
expansion and sampling proportion allocation on the knowledge tree as a Hierarchical Multi-Armed
Bandit (HMAB) problem. We then propose DynaBranches, which employs Thompson Sampling
(TS) [10] to ef�ciently sample multi-domain data and adaptively update sampling proportions for
each domain through the Sprout and Harvest operations. Combined with our proposed Introspection-
Rebirth (IR) mechanism, DynaBranches uses the designed Sliding Window Binomial Likelihood
Ratio Test (SWBLRT) to dynamically detect changes in domain capabilities during the target LLM's
updates, thereby avoiding over-reliance on outdated observations in the dynamic sampling process.

Integrating the aforementioned components and mechanisms, Bohdi's fusion process is modeled as
an iterative two-phase optimization:M EDITATION andENLIGHTENMENT . The Meditation phase
focuses on domain exploration, data collection, and adjustment of domain data proportions, while
the Enlightenment phase trains the target LLM based on the current optimal sampling proportions.
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Through the alternating iterative execution of these two phases, Bohdi achieves dynamic knowledge
domain expansion and multi-domain source LLM knowledge acquisition without relying on any real
data. It also enables online adaptive adjustment of domain data proportions, effectively injecting
multi-domain knowledge from multiple source LLMs. Comprehensive comparative experiments
across a range of benchmarks demonstrate that Bohdi achieves signi�cant performance improvements
over existing baselines on multiple target LLMs without relying on real data, while also exhibiting
higher data ef�ciency and virtually eliminates the imbalance in the target LLM's capabilities. The
contributions of our work can be summarized as follows:

• We propose Bohdi, the �rst synthetic-data-only heterogeneous LLM fusion framework that man-
ages multi-domain knowledge through a hierarchical knowledge tree, while enabling automated
domain expansion and data collection via multi-model collaboration.

• By formalizing the problem of domain expansion and sampling proportion allocation as a HMAB
problem, we propose DynaBranches with integrated IR mechanism for dynamic capability moni-
toring and ef�cient online multi-domain proportion adaptation.

• Through the constructed Meditation-Enlightenment iteration, Bohdi automatically performs multi-
domain source LLM knowledge acquisition while adaptively adjusting cross-domain data propor-
tions online, ef�ciently injecting source LLM knowledge and effectively preventing the imbalance
in target LLM's capabilities.

2 Methodology

2.1 Overall Objective of The Bohdi Framework

We �rst de�ne the overall framework of Bohdi. Let the set of source LLMs be denoted asS =
fM S

k gK
k=1 , eachM S

k (�; � S
k ) : Q ! A (k denotes the subscript index) is an LLM parameterized by

� S
k , which accepts a questionq from the set of queriesQ and returns an answera 2 A , whereA is

the set of answers. To fully integrate the strengths of theK source LLMs into the target LLMM T

parameterized by� , we aim to ensure that for any domainD, the target LLM performs no worse than
the best source LLM inS for that domain. This objective can be formally expressed as:

� = arg min
�
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whereV (q; a) measures the quality of the answera in response to the questionq, QD denotes the
question space belonging to domainD. Given the broad range of problem domains, it is not feasible
to list them all at once. Moreover, obtaining real data for each specialized domains is challenging.
Additionally, directly assigning static �xed proportions to data from each domain can easily lead to
a severe capability imbalance. Therefore, we aim for the domains in Problem(1) to dynamically
expand and automatically generate corresponding domain data, while also enabling online adjustment
of data proportion across different domains. To this end, we transform the problem in Eq.(1) into the
following two-phase optimization problem:

D ( t +1) = arg max
D ( t +1)

E
q2Q D ( t +1) 1

�
V

�
q;M T

�
q;� ( t )

��
< max

1� k � K
V

�
q;M S

k

�
q;� S

i

��
�

; (2)

� ( t +1) = arg min
� ( t +1)

E
q2Q D ( t +1) 1

�
V

�
q;M T

�
q;� ( t +1)

��
< max

1� k � K
V

�
q;M S

k

�
q;� S

i

��
�

; (3)

whereD ( t ) and� ( t ) denote the problem domain and target LLM parameters in thet-th round of
dynamic iteration, respectively. The fusion process of Bohdi consists of theMeditation phase formal-
ized by(2) and theEnlightenment phase formalized by(3), carried out in sequence. The Meditation
phase performs dynamic domain expansion and online adjustment of sampling proportion for each
domain, while collecting question-answer data for the corresponding domain. The Enlightenment
process trainsM T based on the collected multi-domain data to inject knowledge from multiple
source models into the target LLM.
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Figure 2: Flowchart of the proposed Sprout (left) and Harvest (right) operations.

2.2 Dynamic Domain Exploration

To enable dynamic knowledge domain exploration, a structured organization of knowledge that
permits further exploration and data sampling is necessary. Therefore, we introduce the following
components:

Structural Knowledge Tree T To provide a more structured organization of problem domains,
we employ a tree-like structure in the format of [Main! Secondary! Sub]. All question domains
originate from the root domain [Root], and are constructed in the form [D1;i ! D 2;j ! D 3;k ]
(1 � i � N1, 1 � j � N2, 1 � k � N3), whereN1, N2, andN3 denote the number of optional
domains at levels 1, 2, and 3 respectively. Then we de�ne a knowledge treeT (V; E), where

• V = fV 0; V1; V2; V3g is a hierarchical domain set satisfying81 � i � 3, Vi = fD i;j gN i
j =1 [

fD i; unkg, with D i; unk representing the unexplored unknown (denoted as "unk") domain, and
V0 = fD 0;0g as the sole root domain.

• E = f (D i;j ; D i +1 ;k ) j D i;j 2 V i ; D i +1 ;k 2 V i +1 is a child domain ofD i;j ; i 2 f 0; 1; 2gg repre-
sents the set of edges.

Sprout Operation for Domain ExpansionOn the de�ned knowledge tree, we can sample a path
from the root to a level-3 domain to determine the question domain. For domainD i;j satisfying
0 � i � 2, we introduce the Sprout operation, as illustrated on the left in Fig. 2, to propose a new
domainDnew = Sprout( D; S; V), with the steps as follows (for detailed descriptions of these two
operations, please refer to Appendix B.1):

S1Collect the proposed domainsDnew
1 ; Dnew

2 ; : : : ; Dnew
K from each source modelM 2 S .

S2Remove the proposed domainsDnew
i that belong to the existing domain set[ 3

j =1 Vj , and elect the
most frequently proposed domainDnew from the remaining candidates to be added toD i .

Harvest Operation for Generative Data SamplingFor any pathP = [ D0;0 ! D 1;i ! D 2;j !
D3;k ] sampled onT , we need to obtain question-answer pairs(q; a) belonging to the sub-domain
D3;k on this path to simulate the question spaceQD 3;k and provide corresponding evaluations to
assess the quality of each LLM's responseV(q; a) to the questionq. However, due to the highly
granular professional division of paths and sub-domains in the knowledge tree, existing open-source
datasets generally lack a matching �ne-grained annotation system, making it dif�cult to directly
support sampling for these speci�c domains. To this end, we introduce the Harvest operation, as
shown on the right in Fig. 2, to generate the question-answer pair(q; a) = Harvest(P; S; M T ) and
add it to the question-answer pair set
 D 3;k corresponding to domainD3;k for training purposes:

H1 Collect the responsesa1; a2; : : : ; aK +1 from all K source models and the target model.

H2 Randomly select a Leader modelM Leader2 S from the set of source models to choose the best
answeraq;Best among all the responsesf ai gK +1

i =1 .

With clearly de�ned problem domains and empirical observations of each LLM's performance across
these domains, the problem in the Meditation phase now can transforms into a decision-making
process for selecting problem domains based on the observed performance of both source and target
LLMs as feedback. Consequently, we need to integrate these empirical observations into our decision-
making considerations. In the subsequent discussion, we will demonstrate that, given the component
designs established earlier, the domain selection process in the Meditation phase can be naturally
reformulated as a HMAB problem.
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Firstly, based on the de�ned answer quality scoreV (q; a), the objective in the Meditation phase Eq.
(2) can be transformed into

D ( t +1) = arg max
D ( t +1)

E
q2Q D ( t +1) r

�
q;M T ;

�
M S

k

	 K

k=1

�
; (4)

where

r
�
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�
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k=1

�
=
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1; if 9k 2 f 1; 2; : : : ; K g; s.t. aq;Best = M S

k

�
q;� S

k

�

0; if aq;Best = M T (q;� )
(5)

serves as the reward function that evaluates the quality of the sampled questionq, denoted asr D ( t +1)
.

Whenr D ( t +1)
= 1 , it indicates that under the current sampling, the target LLM's performance in

domainD ( t +1) is inferior to that of the source LLMs, meaning the corresponding question-answer
pair (q; aq;Best) is worth learning for the target LLM. With the objective above, the path selection
process on knowledge treeT can be formulated as a HMAB problem:
8
<

:

Global-Level: HMAB(T ) =
D

f MAB (D)gD2[ 2
i =0 V i

; fR (r j D 0; � D 0)gD 02[ 3
i =1 V i

; T
E

;

Local-Level: MAB(D) =
D

C(D; T ) ; fR (r j D 0; � D 0)gD 02C (D ;T )

E
; 8D0 2 [ 3

i =1 Vi ;
(6)

that is, for any domainD i;j on T , we de�ne a MAB instance where the arm set isC(D i;j ; T ) =
fD i +1 ;k j D i +1 ;k 2 V i +1 and(D i;j ; D i +1 ;k ) 2 Eg, representing the set of child domains underD i;j .
R (r j D 0; � D 0) denotes the reward distribution for selecting domainD0. With the reward de�ned in
Eq. (5), it is a Bernoulli distribution with parameter� D 0, i.e.,P(r = 1 j D 0) = � D 0. Thus Eq.(4)
can be further simpli�ed toD ( t +1) = arg maxD ( t +1) � D ( t +1) .

Each data sampling process inHMAB(T ) begins at the root domainD0;0 and sequentially selects
arms through three MAB instances:MAB(D0;0), MAB(D1;i ), andMAB(D2;j ), thereby sampling a
pathP = [ D0;0 ! D 1;i ! D 2;j ! D 3;k ], then the question-answer pairs are sampled for the target
LLM training, while obtaining the rewards for updating the parameters of each MAB along the path.
Thus the problem of domain exploration and selection in the Meditation phase is now formalized as a
sampling problem onHMAB(T ). By adjusting the reward distribution parameters on each arm (we
use the term "arm" to refer to the corresponding optional child domains in the following sections),
we can achieve the adjustment of sampling proportions across different domains.

2.3 Online Adaptive Sampling

Next, we introduce the DynaBranches and IR mechanisms in sequence to achieve ef�cient sampling
and online adaptive sampling proportion updates on HMAB(T ).

DynaBranches for Ef�cient Adaptive Sampling To ensure the sampling ef�ciency and the adaptive-
ness of sampling proportions, batch sampling must be conducted while ensuring sampling diversity,
and reward distribution must be updated based on batched reward feedback. To this end, we propose
DynaBranches, which speci�es prior distributions for the reward distribution parameters of each
domain. Leveraging the TS algorithm [10], it samples paths on the HMAB and adjusts the posterior
based on feedback to achieve adaptive tuning of the sampling proportions. This process models
the reward distribution parameters as random variables to introduce randomness into the sampling
process, thereby achieving parallel sampling while ensuring the diversity of sampled domains.

Speci�cally, for an armD that has been sampledn times, the cumulative reward distribution observa-
tions

P n
i =1 r D

i follow a binomial distribution, wherer D
i is the observed reward for thei -th sampling

in that domain. This makes the Beta distribution a conjugate prior for� D [11]. Therefore, we assign
the prior distribution of the reward distribution parameter� D for each domainD asBeta(1; 1), which
is equivalent to a uniform distribution on[0; 1]. Consequently, the posterior of� D remains in the
form of a Beta distributionBeta(� D ; � D ), where� D = 1 +

P n
i =1 r D

i and� D = 1 + n �
P n

i =1 r D
i .

Then the execution process of DynaBranches can be summarized in the following two steps:

Step1: Batchwise Path Sampling.In this step, we sampleB paths
�

Pb
	 B

b=1 onHMAB( T ). For each
pathPb, we initialize it from the root domain asPb =

�
Db

0

�
, whereDb

0 = D0;0, and then sample its
child domains for eachDb

i (0 � i � 2) according to the following two sub-steps until obtaining the
complete pathPb =

�
Db

0; Db
1; Db

2; Db
3

�
:
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Figure 3: Schematic Diagram of the Iterative Process of Bohdi.

¶ For each armD in the arm setC(Db
i ; T ) of the MAB instantiated by the current domainDb

i , sample
the reward distribution parameter� D � Beta(� D ; � D ) from its posteriorBeta(� D ; � D ), and then
select the arm with the maximum observed reward distribution parameterD = arg maxD2C (D b

i ;T ) � D

as the candidate arm.

· For the candidate armD, if it is not an unk arm, then directly add it as the new domainDb
i +1 = D to

the pathPb andVi +1 . Otherwise, perform the Sprout operation to obtainDexp = Sprout( Db
i ; S; V).

If the returnedDexp is non-empty, then add it as the new domainDb
i +1 = Dexp to Pb andVi +1 ,

then update the posterior parameter of the unk armD with � D = � D + 1 . If Dexp is empty, then
repeat step¶ to resample onMAB

�
Db

i

�
and update the posterior parameter of the unk armD with

� D = � D + 1 .

Step2: Parallel Posterior Update.In this step, we perform the Harvest operation on the sampled
paths

�
Pb

	 B
b=1 to generate question-answer pairs and add them to the corresponding question-answer

pair set
 D b
3 . Meanwhile, we calculate the reward based on the model's response and update the

parameters of the sampled arms inPb.

For detailed descriptions of the two steps mentioned above, please refer to Appendix B.2.

IR Mechanism for Online Sampling To further enable the sampling process to adapt online to
changes in the reward distribution caused by target LLM updates and to avoid over-reliance on old
observed rewards, we propose the IR mechanism. It dynamically checks the consistency between the
observed reward distribution within a sliding window and the overall empirical reward distribution via
the designed SWBLRT. When a change in distribution is detected, the reward distribution parameters
of the corresponding arms are reset to reduce empirical dependence on old observations.

Speci�cally, for each non-unk armD, we initialize a sliding window of widthw to collect the
most recentw reward observations. Assuming that there are currentlyn observed rewardsf r i

D gn
i =1

on D, if n � w, sampling and updating proceed according to DynaBranches. Ifn > w , we
construct an SWBLRT to test the samples within the sliding windowf r i

D gn
i = n � w+1 , with the

null hypothesis and the alternative hypothesis areH 0 :
P n

i = n � w+1 r i
D � Binomial

�
w; � 1:n

D

�
and

H 1 :
P n

i = n � w+1 r i
D 6� Binomial

�
w; � 1:n

D

�
respectively, where� n 1 :n 2

D =
P n 2

i = n 1
r i

D

n 2 � n 1 +1 denotes the
probability parameter of the binomial distribution for the observed rewards from then1-th to the
n2-th. LetL (H 0) andL(H 1) denote the likelihood functions of the observed rewardsf r i

D gn
i = n � w+1

underH 0 andH 1 respectively. Then the test statistic for the SWBLRT is� = � 2 log L (H 0 )
L (H 1 ) [12],

with its speci�c form and derivation under our settings detailed in Appendix B.3.
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