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Abstract

It is beneficial but challenging to reduce the
size of Large Language Models (LLMs) while
maintaining their performance. Existing meth-
ods, such as ordinary model distillation, often
fail to achieve high accuracy. To address this
limitation, we introduce our Branch-Merge dis-
tillation approach: First, a student model is se-
lectively distilled to yield different experts with
respective domain-specific knowledge from a
large teacher model; then, we merge these dis-
tilled experts in order to build a generalized
model with cross-domain knowledge. With
our distillation approach, we create TinyR1-
32B-Preview, which outperforms the original
student across multiple benchmarks, including
Mathematics (+5.5), Coding (+4.4) and Science
(+2.9), and achieves comparable performance
to DeepSeek-R1 on AIME 2024. Our Branch-
Merge distillation provides a novel solution for
creating smaller, high-performing LLMs with
reduced computational cost and time.

1 Introduction

1.1 Motivation

Recently, DeepSeek-R1 has achieved strong results,
and its R1-Distill models (DeepSeek-Al, 2025)
show that small models distilled from large teach-
ers can excel at reasoning. Smaller models are also
easier to deploy and cheaper at inference. A key
challenge is therefore to shrink model size while
maintaining performance.

In practice, building a small yet capable model
typically starts from a pretrained base model and
goes through multiple stages, among which Su-
pervised Fine-Tuning (SFT) and Reinforcement
Learning (RL) are critical. While RL is widely
used to improve reasoning, a strong SFT cold start
is often essential to unlock initial capabilities and
support further RL gains (Qian et al., 2025). To our
knowledge, the most effective SFT strategy is multi-
domain distillation from a larger teacher (Jiao et al.,

2020; DeepSeek-Al, 2025; Team, 2025a; Muen-
nighoff et al., 2025). However, naive mixed-data
distillation requires careful domain selection and
proportion tuning, which is time-consuming and
error-prone (Guo et al., 2019; Ji et al., 2024). More-
over, optimizing many domains jointly can cause
task interference and conflicting gradients, slowing
or degrading learning (Yu et al., 2020; Jiang et al.,
2024). As aresult, distilled models may underper-
form on specialized tasks, even when those tasks
appear in training.

To address these issues, we propose a Branch-
Merge approach that integrates model merging into
distillation. As shown in Figure 1 (A), it has two
phases: (1) Branch Phase, where knowledge is
selectively distilled from a unified large teacher
model (e.g., DeepSeek-R1 671B) into several spe-
cialized student models (e.g., math, coding, sci-
ence) via domain-specific SFT. (2) Merge Phase,
where specialized models are combined into a sin-
gle unified model, enabling cross-domain transfer
while preserving specialized capabilities.

1.2 Contribution

* Accuracy: We can see from Figure 1 (B) that
the Branch-Merge distillation approach signif-
icantly improves model accuracy. Our dis-
tilled Qwen-32B model Tiny-R1-32B-Preview
surpasses DeepSeek-R1-Distill-Qwen-32B with
about 5% more accuracy, and its math accu-
racy approaches that of the original R1 teacher,
which traditional distillation methods have not
yet achieved. We demonstrate the significant po-
tential of SFT in model tuning, thereby providing
a robust starting point for future optimization
methods such as RL.

* Simplicity & Low Cost: Branch-Merge distilla-
tion approach significantly reduces the time and
computational costs of the merging stage. Com-
pared to traditional methods, we save 90% of
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Figure 1: (A) A simplified diagram of our Branch-Merge distillation approach. (1) In the Branch phase, each copy
of the Initial Model (backbone) is trained on knowledge from a different domain; (2) In the Merge phase, models
are merged based on Arcee Fusion rules. (B) Performance Comparison of different LLM models (Mustar, 2025).
TinyR1-32B-Preview outperforms distilled models of the same size in science, math, and coding and achieves
comparable results to Deepseek R1. LiveCodeBench here refers to the 24.08-25.02 subset of full LiveCodeBench.

the time in the merging phase (0.5 hours with 4
H800 GPUs vs. 23 hours with 32 H800 GPUs for
merged data retraining). The ideal reproduction
cost for TinyR1-32B-Preview is 744 H800 GPU
hours, approximately $1500 (excluding ablation
experiments and parameter search).

Openness: We stand on the shoulders of giants in
the open-source community and aim to give back.
We have released our model, and will release all
data, training code, evaluation code, and logs so
anyone can reproduce our results.

2 The Branch-Merge Distillation
Approach

This section describes our branch-merge distilla-
tion approach (as shown in Figure 1 (A)), which
consists of two phases: Branch and Merge. This
two-phase distillation strategy directly addresses
the issues of data selection and gradient conflict
by decoupling training domains (Branch) and then
reconciling them (Merge). Each phase is described
in detail below.

2.1 The Branch Phase

In the Branch phase, we first constructed sepa-
rate datasets for math, science, and coding. Then,
we fine-tuned DeepSeek-R1-Distill-Qwen-32B on
each dataset using SFT, resulting in three special-
ized expert models.

* Math: We sift 58k samples from 94k ques-
tions in NuminaMath1.5 (LI et al., 2024) with
corresponding solutions from OpenR1 (Team,
2025a) trajectories. The selection is based on

three aspects: question_type, source, and cor-
rectness_math_verify. Ultimately, we adopted a
minimal dataset while maintaining comparable
performance.

¢ Coding: The OpenThoughts (Team, 2025b)
dataset is filtered to form 20k trajectories of cod-
ing solutions.

* Science: DeepSeek-R1 generates 1 CoT trajec-
tory for each of the 8.6k seed examples (2.7k
from the science and health science subsets of
data_ablation_full59k in S1 (Muennighoff et al.,
2025), 1.0k from S1k (Muennighoff et al., 2025),
4.9k from the science subset of OpenThoughts
(Team, 2025b)), resulting in 8.6k CoT trajecto-
ries.

We apply SFT on DeepSeek-R1-Distill-Qwen-
32B with the three datasets to obtain three special-
ized models.

2.2 The Merge Phase

In the Merge phase, we use Arcee Fusion (God-
dard et al., 2024) to merge models from different
domains.

The core idea of Arcee Fusion is as follows:
when merging a new model of identical size and
structure into an existing one, parameters pairs at
corresponding positions are processed sequentially.
For each pair, the decision of which parameter to
keep is based on the magnitude of their difference.
The greater the difference, the stronger the pref-
erence for adopting the parameter from the new
model. In this merging process, we refer to the ex-
isting model as the Left Model and the new model



as the Right Model, with their parameters denoted
by 61,,0r € RM, where M is the number of model
parameters, respectively.

1)

2)

The merge process is divided into three steps:

Computing Importance Score.

We define an importance score vector S;g €
RM to quantify how salient each coordinate-
wise update from the Right Model is, relative
to the Left Model. Concretely, for each param-
eter tensor (e.g., a weight matrix) we flatten
its entries into a length-N vector and treat it
as a sample X = {x1,...,xx} from the Left
Model, and similarly Y = {y1,...,yn} from
the Right Model. We then normalize them into
discrete distributions via a softmax transform:
exi _ eyi
==y - t6 VYi==§y . T6
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where € is a small constant with empirical de-
fault value 10~8. We compute a tensor-level
divergence Dy, (X || V) and broadcast it to
obtain coordinate-wise saliency by scaling the
parameter delta:

Sis=Dgrp(X || Y) (0 —0r). (1)

Intuitively, Dgr(X || Y) captures how
strongly the Right Model departs from the Left
Model within the tensor, while (6, — 6) local-
izes this departure at each coordinate.

Calculating Dynamic Selection:

We sorted S;g and define these variables:
Q1, Opred, @3, which denotes the 25%, 50%,
75% quantile 4value of the sorted Syg, respec-
tively. Additionally, we calculate the interquar-
tile range Qrp as Q% — Qi' Note that Q% >
Qi holds, ensuring Q;r > 0.

Stur € R is then defined via the median
Oreq and interquartile range Qg p :

STHR = QMed + A - QIR, 2

where ) is a hyperparameter defined to balance
coefficient.

Since Stprr is derived from IS statistics, it dy-
namically adapts to model parameters, ensuring
an optimal update ratio.

3) Selective Integration:

The Merged Model is defined as 6, € RM. We
applied the following rule to merge 6, and Og:

01y = 0L+ (0% —0) - [max(0, Sjs —Srur)]-
3)
Only Right Model’s parameters with an impor-
tance score above the threshold are retained;
otherwise, Left Model’s parameters are kept.

By focusing on the most significant changes,
Arcee Fusion avoids over-updating and maintains
model stability. The details of our merge sequence
is in Section 3.2.

Why branch-merge helps. A data-mixture base-
line jointly optimizes a single parameter vector over
multiple domains and can suffer from cross-domain
gradient interference, which empirically appears as
a seesaw effect across domain scores. Our branch-
merge strategy first decouples these conflicts by
training domain experts independently, and then
selectively integrates only high-importance expert
updates via Arcee Fusion, approximating the union
of expert capabilities rather than a compromise
solution. We provide a more detailed theoretical
discussion in Appendix C.

3 Experiment

We choose Deepseek-R1 (DeepSeek-Al, 2025) and
its distilled DeepSeek-R1-Distill-Qwen-32B and
DeepSeek-R1-Distill-Llama-70B as baselines. Ad-
ditionally, we conducted a comprehensive abla-
tion study. We compared TinyR1-32B-Preview
with: (a) three domain expert models (Math Ex-
pert, Coding Expert, Science Expert) before merg-
ing; (b) a ‘Data Mixture’ model trained on a com-
bined Math/Coding/Science dataset; and (c) vari-
ants of our model obtained via different merging
sequences. Detailed experiment setup is discussed
in Appendix A.

3.1 Main Results

We compare our TinyR1-32B-Preview model and
other models in Table 1.

* In terms of accuracy, we outperform our back-
bone model, DeepSeek-R1-Distill-Qwen-32B
(Math +5.5, Coding +4.4, Science +2.9), and
generally surpass DeepSeek-R1-Distill-Llama-
70B (Math +8.1, Coding +4.1, Science -0.2),



Model Math Coding Science
(AIME 2024) (LiveCodeBench 24.08-25.02) (GPQA-Diamond)

DeepSeek-R 1-Distill-Qwen-32B 72.6 (9.6k Tokens) 57.2 (10.1k Tokens) 62.1 (5.3k Tokens)

DeepSeek-R1-Distill-Llama-70B 70.0 57.5 65.2

DeepSeek-R17

79.8 (9.6k Tokens)

65.9 (10.4k Tokens) 71.5 (5.3k Tokens)

TinyR1-32B-Preview (Ours)

78.1 (11.8k Tokens)

61.6 (12.4k Tokens) 65.0 (8.6k Tokens)

Table 1: Performance comparison on benchmark datasets. All scores are reported as pass@ 1. Scores reported from
DeepSeek-R1 paper (DeepSeek-Al, 2025) are noted with T. The number in parentheses represents the average
output token length (including the chain of thought), obtained from our testing.

Model Math Coding Science Merging Time
(AIME 2024) (LiveCodeBench) (GPQA-Diamond) (GPU Hours)
Math Expert 73.1 - - -
Coding Expert - 63.4 - -
Science Expert - - 64.5 -
Data Mixture 75.3 61.0 65.7 740 h
Merging: (Math & Coding) & Science 71.3 63.8 64.0 4h
Merging: (Math & Science) & Coding 78.1 61.6 65.0 4h
TinyR1-32B-Preview 78.1 61.6 65.0 4h

Table 2: Performance comparison between backbone experts, the data-mixture model, and merged model. All
scores are reported as pass@ 1. LiveCodeBench here refers to the 24.08-25.02 subset of full LiveCodeBench.

approaching the performance of DeepSeek-R1
(Math -1.7, Coding -4.3, Science -6.5).

* In terms of inference cost, our model generates
slightly more output tokens than DeepSeek-R1
(Math +23%, Coding +19%, Science +62%).
Note that our model is smaller compared to
DeepSeek-R1, making it more suitable for local
deployment by users and small groups.

3.2 Ablation Study

As shown in Table 2, we made a comprehensive
ablation study to explore if our merging distillation
approach works.

Compared to the domain-specific experts, the
Data Mixture model surpasses them in math and
science but shows decreased performance in cod-
ing. This is a seesaw problem that traditional data
mixture is difficult to solve (Zamir and Arbeléez,
2018; Liu and Yao, 2019; Radford and W., 2021).
In comparison, our merged model improves perfor-
mance in math and science domains while largely
retaining the coding capability. We also compared
two different model-merging sequences: (1) first
merging Math with Coding, then merging with Sci-
ence; (2) first merging Math with Science, then
with Coding. The results show only minor perfor-
mance differences between these sequences.

In addition, the average Merging time (GPU

hours) of the current Data Mixture is 740 hours'.
On the contrary, the average merging time of Tiny-
R1-32B-preview is 4 hours. In summary, we only
used 0.5% of the Data-Mixture computational over-
head on merging models to surpass the effect of
traditional data mixture methods. In addition to
reducing computational overhead, model merging
significantly accelerates our model release process
by avoiding the delays introduced by mixed-data
re-SFT on the development model. The model
merging is a “free-lunch” approach, as it reduces
costs and increases efficiency at the same time. The
further studies are in Appendix D.

4 Conclusion

We introduce TinyR1-32B-Preview, a model using
the Branch-Merge distillation approach to boost
reasoning accuracy while preserving efficiency.
We achieve significantly higher accuracy than our
backbone model, DeepSeek-R1-Distill-Qwen-32B,
and generally outperform DeepSeek-R1-Distill-
Llama-70B while approaching the performance of
DeepSeek-R1. Moreover, its smaller parameter
size makes it more efficient and better suited for
local deployment by users and small groups. For
future optimization methods like RL, our model
provides a robust starting point.

"Note that the merging time is the SFT experiment time,
excluding the SFT time for single experts and the downstream
evaluation time of the Data Mixture model



Limitations

As a small-scale research project, we have the fol-
lowing limitations:

* Incomplete Benchmark Evaluations — Our re-
port does not include many reasoning bench-
marks such as Codeforces rating and SWE-
bench.

* Unfinished Future Works - There remains sev-
eral promising directions for extending the train-
ing framework, such as enhancing its instruction-
following (IF) and safety capabilities. Addition-
ally, our approach can be integrated with rein-
forcement learning (RL) to further improve train-
ing outcomes, and we look forward to validating
this potential in future studies.
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A Experiment Setup Details

A.1 Training Details

We employ DeepSeek-R1-Distill-Qwen-32B as
our backbone model. Leveraging the 360-Llama-
Factory (Zou et al., 2024) training framework, we
develop three domain-specific expert models apply-
ing 16384 sequence length with constructed Math,
Coding, and Science datasets.

* Math Expert: The math expert model is trained
with 5 epochs, batch size 96, and the learning
rate is set to constant le-5.

» Science Expert: The science expert model is
trained with 5 epochs, batch size 32 with the
neat packing mechanism (Tay et al., 2020; Henry
et al., 2019; Dean and et al., 2018), and the learn-
ing rate is set to cosine le-5.

* Coding Expert: The coding expert model is
trained with 15 epochs, batch size 96 with the
neat packing mechanism, and the learning rate is
set to constant le-5.

We merged the models trained separately in three
fields into a single model. We use the Arcee merg-
ing (Goddard et al., 2024) method with the #=1.5
and threshold THR=0.5. We will compare differ-
ent model merging methods in Section 3.2.

A.2 Evaluation Details

For evaluation, we compare the performance on
three benchmark datasets: AIME 2024 for Math,
LiveCodeBench (24.08-25.02) for Coding, and
GPQA-Diamond for Science. The accuracy is cal-
culated as an average pass@1 across 16, 4, and 4 in-
dependent trials for these benchmarks, respectively.
Meanwhile, we did not use a greedy way to evalu-
ate the model due to its long-COT output, we set the
max tokens to 32768 and evaluated the models with
Temperature=0.6 and Top-p=0.95 as recommended

in DeepSeek-R1 (DeepSeek-Al, 2025). We tried
various open-source frameworks for the evaluation
on livecodebench and ultimately selected the evalu-
ation code from FuseAl (Wan et al., 2024) utilizing
the vLLM implementation, as it can reproduce the
effects of the DeepSeek-R1 and its distilled models.

B Related Work

B.1 Model Distillation

Knowledge Distillation (KD) (Romero et al., 2015;
Hinton et al., 2015) has been proposed to create
cheaper strong models (Gou et al., 2021; Hu et al.,
2023; Yang et al., 2024; Xu et al., 2024). Primarily,
recognizing the disparities between proprietary and
open-source LLMs, KD techniques have surged to
bridge the performance gap between these mod-
els. Distillation methods can be categorized into
two types: (1) the logits-based methods (Hinton
et al., 2015), which transfer knowledge at the logits
level, and (2) the feature-based methods (Romero
et al., 2015), which transmit knowledge through
intermediate features.

Compared to traditional knowledge distillation
techniques (Gou et al., 2021), data augmentation
(DA) (Feng et al., 2021) has emerged as an effective
method for distilling knowledge in large language
models (LLMs). In this approach, a small seed
of knowledge is used to prompt LLMs, enabling
them to generate additional data tailored to spe-
cific domains or skills (Taori et al., 2023). More
recently, an API-based strategy has gained atten-
tion, where open-source LLMs serve as teachers to
self-improve through self-distillation (Yuan et al.,
2024; Chen et al., 2024). By applying a range of
distillation techniques, this strategy effectively nar-
rows the performance gap between closed-source
and open-source models (Chiang et al., 2023; Xu
et al., 2023). In this context, the method involves
using only the outputs of the teacher model via
an APL. This strategy includes approaches such as
In-Context Learning (Huang et al., 2022), Chain-
of-Thought (Li et al., 2022b), and Instruction Fol-
lowing (Wang et al., 2023). In specialized fields,
like science (Zhang et al., 2024), where domain-
specific knowledge and accuracy are essential, dis-
tillation allows open-source models to significantly
improve their performance by learning from pro-
prietary models that are extensively trained and
fine-tuned in these domains.
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B.2 Model Merging

Recent advances in model merging have explored
diverse strategies (Ilharco et al., 2022a; Yadav
et al., 2023; Davari and Belilovsky, 2024; Deep
et al., 2024) to combine neural network parame-
ters while preserving or enhancing performance.
Early approaches focused on linear interpolation
techniques, such as weight averaging (Wortsman
et al., 2022), where models finetuned from shared
pretrained checkpoints are merged via arithmetic
mean. While computationally efficient, these meth-
ods assume approximate parameter space align-
ment and often degrade when models exhibit diver-
gent optimization trajectories (Frankle et al., 2020;
Izmailov et al., 2018; Neyshabur et al., 2020; Fort
et al., 2020; Wortsman et al., 2022; Choshen et al.,
2022; Ilharco et al., 2022b).

Theoretical underpinnings for these methods de-
rive from studies on loss landscape geometry (Il-
harco et al., 2022a; Li et al., 2018; Garipov et al.,
2018; Draxler et al., 2018; Kuditipudi et al., 2019;
Fort et al., 2019; Czarnecki et al., 2019; Wortsman
et al., 2021; Benton et al., 2021; Entezari et al.,
2021; Li et al., 2022a; Lubana et al., 2023). Re-
search on flat local minima (Kaddour et al., 2022;
Wortsman et al., 2022; Keskar et al., 2016; Dziu-
gaite and Roy, 2017) dating back from the 1990s
(Hochreiter and Schmidhuber, 1994, 1997) sug-
gests that averaged weights reside in flatter regions
of the loss surface, correlating with improved out-
of-distribution generalization. Further analyses
(Daheim et al., 2023; Matena and Raffel, 2022)
formalize model merging as identifying connected
basins in parameter space, where interpolated so-
lutions maintain low loss. Empirical validations,
such as model soups (Wortsman et al., 2022), cor-
roborate that aggregated weights often outperform
individual models, particularly under distribution
shifts.

C Theoretical Discussion

C.1 Why data mixture can underperform:
gradient interference

Consider multi-domain training over D =
{math, code, sci}. A data-mixture baseline opti-
mizes a single parameter vector § to minimize the
summed objective

min Z Epnd [La(0;2)]. C))
deD

Let gq(0) = VoE,aq[L4(0;x)] denote the gradi-
ent contributed by domain d. A well-studied is-
sue in multi-task learning is gradient interference,
where gradients from different domains can con-
flict, e.g.,

(9i(0),95(0)) <0,

which implies that a descent step that improves
one domain may increase the loss of another (see,
e.g., discussions around conflicting gradients in
multi-task optimization). Intuitively, the optimizer
is pushed toward a compromise region where gradi-
ents partially cancel, limiting progress toward any
single domain-preferred solution. This provides a
principled explanation for the empirically observed
seesaw effect in mixture baselines, where gains on
one benchmark can coincide with regressions on
another.

L F 7, ®)

C.2 Branch: decoupling optimization
landscapes via domain experts

Our Branch phase trains domain-specific experts
independently, producing expert parameters 6(%)
for each domain d from a shared initialization (e.g.,
the base model). This decouples optimization land-
scapes: each expert can move toward a domain-
preferred region without being constrained by con-
flicting gradients from other domains.

Let AW = gd _ g, . denote the expert
update relative to the base model. In the over-
parameterized regime typical for LLMs, it is empir-
ically common that effective task updates are sparse
and/or concentrated on subsets of coordinates. A
stylized assumption capturing this behavior is that
for distinct domains ¢ 7 j, the overlap of their dom-
inant update supports is limited, or equivalently the
normalized alignment is small:

<A9(i), Ag(i)) B
INEINER

(6)

Under such a regime, independent experts can en-
code domain-specific capabilities in partially dis-
tinct functional subspaces of the parameter space.

C.3 Merge: saliency-guided selective
integration as a high-pass gate

The Merge phase aims to combine complementary
expert capabilities while avoiding dilution from
naive weight averaging. We merge an existing
model (Left) with a new expert (Right), denot-
ing parameters by 7,0 € RM, and the merged



model by 6y, € RM. Arcee Fusion produces a
coordinate-wise importance score S;g € RM and
a data-adaptive threshold STgr € R (computed
from robust statistics of S;g, such as the median
and interquartile range). The merge rule can be
written in a gate form:

Oy =01, + (0 — 01) - 1(Sis > Srur) (D)
Equation (7) makes explicit that Arcee Fusion per-
forms saliency-guided selective integration: only
coordinates with sufficiently high importance are
copied from the Right Model; otherwise the Left
coordinate is preserved.

This can be interpreted as a data-driven high-
pass filter on expert updates. Large, salient pa-
rameter shifts—which more likely encode crucial
domain-specific logic—are retained, while small or
noisy deviations are suppressed. When combined
with the Branch phase (which reduces interference
and encourages partially distinct expert updates as
in Eq. (6)), the gate in Eq. (7) approximates a union
of expert capabilities across domains, rather than
the compromise solution encouraged by mixture
training in Eq. (4). This perspective aligns with our
empirical results, where the merged model consis-
tently improves over the data-mixture baseline on
domain benchmarks.

D Further Study

D.1 Comparison of Different Merging
Methods

A comparison with other model merging methods
appears in Figure 2. We compare various merg-
ing methods on merging models trained from the
math and science domains, and we find that Arcee
achieves the highest scores on GPQA-Diamond.
We found a similar method ranking on the AIME
2024 benchmark, and we omit the graph.

D.2 Generalization Beyond Target

Benchmarks

Beyond our primary evaluation suite (AIME,
GPQA, and LiveCodeBench), we further assess
generalization on three auxiliary benchmarks: IFE-
val (instruction following), BBH (Suzgun et al.,
2023), and HumanEval (Chen, 2021). Among
them, IFEval is the clearest out-of-domain (OOD)
probe for our setting, since our distillation data
does not contain instruction-following supervision;
thus any changes on IFEval reflect OOD general-
ization. In contrast, BBH and HumanEval over-
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Figure 2: Performance Comparison of merged models
on the GPQA-Diamond benchmark.

lap more with the broad reasoning/coding skills
already exercised by our main benchmarks, so we
view them as complementary generalization checks
rather than strictly OOD.

Model IFEval HumanEval BBH
Base Model 75.5 83.5 47.0
Math Expert 63.1 85.5 48.2
Science Expert 60.4 85.5 61.1
Code Expert 62.2 85.5 63.5
TinyR1-32B-Preview 64.0 86.4 66.1

Table 3: Generalization results beyond our primary
benchmarks (AIME, GPQA, LiveCodeBench). IFE-
val probes instruction-following and serves as an OOD
check in our setting; BBH and HumanEval are comple-
mentary evaluations of general reasoning and coding.

As shown in Table 3, we observe two consis-
tent phenomena on IFEval: (i) models after SFT
(and subsequent merging) score lower than the base
model (75.5), which is expected and consistent with
prior observations (Zhou et al., 2023; Wang et al.,
2025); and (i1) our merged model (TinyR1-32B-
Preview) outperforms all individual SFT experts
evaluated on IFEval, suggesting that our branch-
merge distillation does not further erode—and may
partially preserve—instruction-following behavior
relative to the pre-merged experts. On HumanEval
and BBH, expert models generally improve over
the base model, and the merged model achieves the
best HumanEval score (86.4) among the evaluated
models, indicating that the branch-merge proce-
dure can retain (or enhance) general coding perfor-
mance.
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