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Abstract

Post-training methods such as supervised fine-
tuning and preference optimization are widely
used to align large language models, yet how
their benefits distribute across architectural
components and transfer across tasks and
prompts remains unclear. In this work, we an-
alyze component-level transfer in a Mixture-
of-Experts language model by selectively re-
placing routers, attention modules, and expert
networks between two post-trained Mixture
of Experts models trained with different post-
training recipes and dataset mixtures. Starting
from a SFT+DPO checkpoint, we systemat-
ically replace its components (routers, atten-
tion, experts) with those from a Tulu3 check-
point and evaluate the impact of each replace-
ment and their combinations on mathematical
and scientific reasoning and a general-purpose
classification task under zero-shot, few-shot
and Chain of Thought prompting. We find
strong component-specific specialization: ex-
pert networks account for most gains on math-
ematical and scientific reasoning, while atten-
tion mechanisms consistently outweigh expert
transfer on general tasks and router transfer
alone provides minimal benefit or harms perfor-
mance. Prompting strategy further modulates
these effects, with expert transfer degrading
zero-shot science performance but improving
few-shot reasoning. Strategically combining
components from different model versions can
in some cases match or exceed the performance
of the best available model, motivating prin-
cipled techniques for composing post-trained
models into task- and prompt-specific systems
without additional training.

1 Introduction

Post-training methods such as supervised fine-
tuning (SFT), reinforcement learning from human
feedback (RLHF) (Ouyang et al., 2022), direct pref-
erence optimization (DPO) (Rafailov et al., 2024),
and reinforcement learning from verifiable rewards

(RLVR) (Lambert et al., 2025) have become stan-
dard approaches for aligning large language models
with human intent.

Recent advances in post-training recipes—such
as Tulu 3 (Lambert et al., 2025)—combine im-
proved data curation, preference optimization, and
verifier-based reward modeling to achieve substan-
tial performance gains on benchmark aggregates.
These improvements are typically evaluated by
comparing full model performance across tasks,
with higher aggregate scores interpreted as evi-
dence of universal capability enhancement.

Mixture-of-Experts (MoE) (Shazeer et al., 2017;
Fedus et al., 2022) architectures have emerged as
a scalable approach to language modeling, rout-
ing each token to a subset of specialized expert
networks while maintaining computational effi-
ciency. Recent work has shown that MoE models
can achieve competitive performance than dense
models while being more parameter-efficient (Jiang
et al., 2024), and that post-training can further
enhance their capabilities through expert special-
ization (Shen et al., 2023). However, how post-
training improvements distribute across different
architectural components—routers, attention mech-
anisms, and expert networks and whether these
improvements transfer uniformly across tasks and
prompting strategies remains unclear.

While recent research has investigated layer im-
portance in language models, as well as the func-
tional role of attention modules, revealing that
different layers and attention modules contribute
differently to model capabilities (Zhang et al.,
2024; Shim et al., 2022; Gromov et al., 2024).
Component-level analysis of post-training effects
remains underexplored. Prior work on model edit-
ing (Meng et al., 2022) and mechanistic inter-
pretability (Elhage et al., 2021; Olah et al., 2020)
has primarily focused on dense models or specific
capabilities, leaving questions about how modular
architectures like MoE respond to post-training at
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the component level. Furthermore, existing eval-
uation practices focus on end-to-end comparisons
on aggregate benchmarks, offering limited visibil-
ity into the extent to which individual components
contribute to overall model accuracy. Our work
additionally contributes to GEM’s broader goal of
understanding evaluation beyond aggregate model-
level metrics by demonstrating that post-training
improvements are highly component-, task-, and
prompt-dependent. Component-level evaluation
provides a complementary perspective to conven-
tional benchmark aggregation and may help practi-
tioners better characterize model capabilities under
different generation settings.

We address this gap through systematic
component-level analysis of post-training improve-
ments in Mixture-of-Experts models. We com-
pare two instruction-tuned OLMoE-1B-7B (Muen-
nighoff et al., 2024) models that differ in their post-
training recipes and data distributions. We system-
atically transfer routers, attention mechanisms, and
expert networks between the two post-trained mod-
els—individually and in combination—to isolate
the contribution of each component across math-
ematical reasoning, reading comprehension, and
science reasoning tasks under zero-shot, few-shot,
and chain-of-thought prompting.

Our work makes three key contributions:

• Component-level transfer methodology for
MoE analysis. We introduce a systematic ap-
proach to isolate architectural components in
post-trained Mixture-of-Experts models, en-
abling controlled evaluation of how different
components contribute to performance.

• Multi-task, multi-prompt evaluation of
component effects. We conduct a comprehen-
sive evaluation across mathematical reasoning,
reading comprehension, and science tasks un-
der different prompting strategies, providing
fine-grained insights into both the effects of
post-training and the component-level contri-
butions of routers, attention mechanisms, and
expert networks.

• Guidance for component-level model merg-
ing. We show how component-level analysis
can inform model merging decisions, help-
ing practitioners identify which components
contribute most to performance and should be
prioritized during merging.

Collectively, these contributions demonstrate
that standard full-model evaluation practices are
insufficient for understanding post-training effects.
By revealing specialization patterns invisible to
aggregate benchmarks, our component-level evalu-
ation framework offers practitioners a more princi-
pled basis for model assessment and deployment.

2 Related Work

There is a significant body of research focused on
understanding language model components and
their roles. This section provides an overview of
key approaches.

Mixture-of-Experts architectures: Shazeer
et al. (2017) introduced sparse MoE layers that
activate only a subset of expert networks per to-
ken, enabling larger capacity at fixed computational
cost. Fedus et al. (2022) scaled MoE models to
trillions of parameters, demonstrating competitive
performance with dense models while requiring
significantly less computation. Shen et al. (2023)
observed that instruction tuning induces expert spe-
cialization in MoE models, with different experts
activating preferentially for different task types.

Analyzing components of LLMs: Research on
attention mechanisms has examined their redun-
dancy and functional roles. Michel et al. (2019)
demonstrated that multi-head attention exhibits sub-
stantial redundancy, with significant portions re-
movable without degrading performance. Layer-
wise analysis has revealed asymmetric importance
across model depth. Gromov et al. (2024) through
systematic pruning showed that later layers have
disproportionate impact on complex reasoning ca-
pabilities. Zhang et al. (2024) identified the exis-
tence of cornerstone layers in LLMs, finding that
certain early layers exhibit dominant contributions,
with their removal causing drastic performance col-
lapse to near-random guessing levels.

Mechanistic interpretability: Some research
views the inner workings of LLMs as computa-
tional circuits. Elhage et al. (2021); Olah et al.
(2020) conceptualize neural networks as circuits,
mapping out how information flows through the
network. Meng et al. (2022) focus on locating
and understanding functional circuits within LLMs,
providing insights into how factual knowledge is
stored and retrieved.
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3 Methodology

3.1 Models
We compare two instruction-tuned OLMoE-1B-
7B models that differ in their post-training proce-
dures and dataset mixes. The first model, OLMoE-
1B-7B-0924 (September 2024 release), was post-
trained using an earlier recipe combining super-
vised fine-tuning (SFT) and direct preference opti-
mization (DPO). The second model, OLMoE-1B-
7B-0125 (January 2025 release), employs the im-
proved Tulu 3 post-training recipe, which features
enhanced SFT data mixtures, refined DPO sam-
pling strategies, and an additional proximal pol-
icy optimization (PPO) (Schulman et al., 2017)
phase with verifier-based rewards. Through-
out this paper, we refer to these checkpoints as
the SFT+DPO checkpoint (OLMoE-1B-7B-0924)
and the Tulu3 (Lambert et al., 2025) checkpoint
(OLMoE-1B-7B-0125). Although the Tulu3 check-
point achieves stronger aggregate benchmark per-
formance, our results reveal task-dependent com-
plementary strengths between the two checkpoints.

3.2 Component Transfer
We isolate three component types within each trans-
former layer of the MoE architecture:

• Router: The gating network that determines
expert selection for each token.

• Attention: The self-attention mechanism, in-
cluding query, key, and value projections and
output projection.

• Experts: All 64 MLP expert networks within
each layer.

Starting from the SFT+DPO checkpoint, we
perform systematic component transfer by replac-
ing corresponding parameters with those from the
Tulu3 checkpoint while keeping all other param-
eters frozen. This procedure yields eight transfer
configurations: (1) baseline (no transfer), (2-4) in-
dividual component transfers (router only, attention
only, or experts only), (5-7) pairwise combinations
(router + attention, router + experts, or attention +
experts), and (8) full transfer (router + attention +
experts). We additionally evaluate the Tulu3 check-
point (9) as the target performance ceiling.

3.3 Evaluation
Tasks. We evaluate component transfer across
three diverse tasks: (1) GSM8K (Cobbe et al.,

2021), a mathematical reasoning dataset requiring
multi-step arithmetic problem solving; (2) BoolQ
(Clark et al., 2019), a reading comprehension task
requiring yes/no answers to questions about pas-
sages; and (3) ARC-Challenge (Clark et al., 2018),
a science reasoning benchmark containing grade-
school level science questions. These tasks span
different reasoning complexities, from simple clas-
sification to complex multi-step reasoning.

Prompting strategies. We employ chain-of-
thought prompting (Wei et al., 2022) for GSM8K,
where we prepend "Let’s think step by step" to
elicit explicit reasoning traces. For BoolQ and
ARC-Challenge, we use zero-shot prompting with
direct question-answer formatting. Additionally,
we evaluate ARC-Challenge under 5-shot prompt-
ing, where we provide five task examples before
the test question. This design enables us to assess
how prompting strategy modulates component ef-
fectiveness.

Evaluation protocol. We use exact match eval-
uation for all tasks. To balance computational con-
straints with reliable measurement, we evaluate
all nine component transfer configurations on 500
randomly sampled test instances per task. To vali-
date this approach, we perform full evaluation on
three key configurations per task—the SFT+DPO
checkpoint, the Tulu3 checkpoint, and the highest-
performing component combination—comparing
500-sample results. Statistical significance is as-
sessed using two-proportion z-tests, and we report
95% confidence intervals computed via bootstrap
resampling with 10,000 samples.

4 Empirical Results

4.1 Component Transfer Can Match or
Exceed Source Models

Table 1 presents full evaluation results on key con-
figurations across all tasks. Strikingly, component
transfer can exceed both source models: on BoolQ,
transferring attention and experts achieves 79.2%
± 1.4%, significantly outperforming both the Tulu3
checkpoint (75.4% ± 1.5%, p < 0.001) and the
SFT+DPO checkpoint (78.0% ± 1.4%, p = 0.013).
Similarly, on ARC-Challenge few-shot, transfer-
ring experts alone achieves 62.5% ± 2.8%, outper-
forming both the Tulu3 checkpoint (60.9% ± 2.9%)
and the SFT+DPO checkpoint (60.4% ± 2.8%).
These results suggest that principled component
composition can in some cases match or outper-
form source models without additional training.
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Configuration BoolQ GSM8K ARC-C ARC-C
Zero shot CoT Zero shot 5 shot

SFT+DPO checkpoint 78.0 ± 1.4* 38.3 ± 2.6*** 61.3 ± 2.8 60.4 ± 2.8
Tulu3 checkpoint 75.4 ± 1.5 68.5 ± 2.5 58.7 ± 2.9 60.9 ± 2.9
Attention only – – 60.9 ± 2.8 –
Experts only – – – 62.5 ± 2.8
Attn + Exp 79.2 ± 1.4*** 67.6 ± 2.5 – –

Table 1: Full evaluation results on key configurations.
Accuracies shown with 95% confidence intervals (boot-
strap, 10K resamples). Significance vs Tulu3 checkpoint
(Tulu 3): *p<0.05, **p<0.01, ***p<0.001.

Configuration BoolQ GSM8K ARC-C ARC-C
Zero shot CoT Zero shot 5 shot

SFT+DPO checkpoint 76.6 ± 3.7 40.0 ± 4.3*** 63.4 ± 4.2 60.0 ± 4.3
Tulu3 checkpoint 74.6 ± 3.8 68.0 ± 4.1 58.2 ± 4.3 63.6 ± 4.3
Router only 76.6 ± 3.7 36.6 ± 4.2*** 63.2 ± 4.2 60.2 ± 4.3
Attention only 78.2 ± 3.6 43.0 ± 4.3*** 63.4 ± 4.2 58.4 ± 4.4
Experts only 73.8 ± 3.8 60.2 ± 4.3* 56.0 ± 4.4 64.6 ± 4.2
Router + Attn 78.4 ± 3.5 44.4 ± 4.4*** 61.8 ± 4.2 63.6 ± 4.1
Router + Exp 70.6 ± 4.0 60.6 ± 4.3* 56.0 ± 4.4 64.0 ± 4.2
Attn + Exp 78.6 ± 3.7 68.6 ± 4.1 55.0 ± 4.4 59.4 ± 4.4
Full transfer 77.2 ± 3.7 69.2 ± 4.1 57.6 ± 4.3 63.6 ± 4.2

Table 2: Component transfer results on 500-sample eval-
uation with 95% confidence intervals. Significance vs
Tulu 3: *p<0.05, **p<0.01, ***p<0.001. Full evalua-
tion on selected configurations validates these patterns
(Table 1).

4.2 Component Effects Vary by Task and
Prompting Strategy

Table 2 presents comprehensive component transfer
analysis on 500-sample evaluation. We observe
striking task- and prompt-dependent patterns that
challenge the assumption of universal post-training
improvements.

Mathematical reasoning (GSM8K). On
GSM8K, Tulu3 checkpoint substantially outper-
forms the earlier recipe (68% vs 40%). Component
transfer reveals that experts drive this improvement:
transferring only experts recovers 72% of the
28-point gap (+20 points on 500 samples), while
attention contributes only 10% (+3.0 points).
Router transfer actively harms performance (-3.4
points), indicating router-expert co-adaptation
during post-training. Full evaluation confirms that
combining attention and experts (67.6% ± 2.5%)
performs equivalently to Tulu3 checkpoint (68.5%
± 2.5%, p = 0.59), demonstrating that selective
component transfer can match the full model
without complete replacement.

Reading comprehension (BoolQ). The pattern
reverses on BoolQ: the earlier model outperforms
Tulu 3 on both 500-sample (76.6% vs 74.6%) and
full evaluation (78.0% vs 75.4%). Transferring
Tulu3 checkpoint experts harms performance (-2.8
points), while attention provides modest benefits
(+1.6 points). Critically, full evaluation reveals that

attention-expert transfer achieves 79.2% ± 1.4%,
significantly exceeding both Tulu3 checkpoint (p <
0.001) and the SFT+DPO checkpoint baseline (p
= 0.013). This 3.8-point improvement over Tulu
3 demonstrates that component composition can
outperform either source model by combining com-
plementary strengths.

Science reasoning depends on prompting.
ARC-Challenge exhibits prompting-dependent re-
versal. Under zero-shot prompting, the SFT+DPO
checkpoint excels on both 500-sample (63.4% vs
58.2%) and full evaluation (61.3% vs 58.7%), with
expert transfer causing severe degradation (-7.4
points on 500 samples). Attention-only transfer
achieves 60.9% ± 2.8% on full evaluation, recover-
ing 85% of the baseline advantage without signifi-
cance (p = 0.27). However, with 5-shot prompting,
expert transfer now helps (+4.6 points on 500 sam-
ples), achieving 62.5% ± 2.8% on full evaluation
compared to Tulu3 checkpoint’s 60.9% ± 2.9% (p
= 0.42). This 12-point swing in expert effective-
ness (+4.6 vs -7.4) demonstrates that post-training
specialization depends critically on prompting strat-
egy.

4.3 Validation of 500-Sample Methodology
To validate our 500-sample evaluation approach,
we performed full evaluation on the three strongest
configurations per task. Results show strong agree-
ment: on BoolQ, attention-expert transfer achieved
78.6% on 500 samples versus 79.2% on full eval-
uation (difference of 0.6 percentage points); on
GSM8K, 68.6% versus 67.6% (difference of 1.0
points). This consistency confirms that our 500-
sample evaluations provide reliable relative com-
parisons across the 36 architectural configurations
tested (9 per task × 4 conditions), despite reduced
precision compared to full benchmarks. Confi-
dence intervals appropriately reflect this precision
difference: ±3.6-4.4% margins on 500 samples ver-
sus ±1.4-2.9% on full evaluation.

4.4 Post-Training Creates Task-Prompt
Specialization

Our results suggest that the Tulu3 post-training
recipe induces task- and prompt-specific compo-
nent specialization rather than uniform improve-
ments across tasks. (1) Expert specialization:
Tulu3 checkpoint experts excel at math reasoning
(+21.9 points) and few-shot science (+4.6 points)
but fail at simple classification (-2.8 points) and
zero-shot science (-7.4 points). (2) Attention gen-
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Figure 1: Individual component transfer effects from
SFT+DPO checkpoint baseline across tasks and prompt-
ing strategies. Expert networks exhibit dramatic task-
dependent variation (range: -7.4 to +20 points), while
attention shows more consistent but modest effects.

eralization: Unlike experts, attention improve-
ments are more consistent: positive on math (+3.0)
and reading (+1.6), neutral on zero-shot science
(0.0), with only modest harm on few-shot science
(-1.6). (3) Component superiority: Selective com-
position can exceed both source models, as demon-
strated on BoolQ where attention-expert transfer
outperforms Tulu 3 by 3.8 percentage points (p <
0.001).

Figure 1 visualizes these patterns, highlighting
the stark contrast between expert specialization
(which varies dramatically by task) and attention
consistency (which shows modest but stable effects
across conditions).

These patterns suggest that Tulu3 post-training
optimized experts specifically for complex reason-
ing with chain-of-thought prompting, creating spe-
cialized modules that over-complicate simple tasks
but excel at multi-step reasoning. These findings
suggest that post-trained models with stronger ag-
gregate benchmark performance may not be uni-
formly superior across all tasks and prompting set-
tings.

5 Implications for Model Merging and
Composition

Our results suggest that component-level transfer
offers a principled approach to model merging that
goes beyond existing techniques. While prior work
on model merging (Wortsman et al., 2022) typi-
cally operates on full model weights, our findings
demonstrate that selective component merging can
exploit task-specific specialization to exceed either
source model.

Task-adaptive merging. Our results reveal a
clear pattern for task-adaptive composition: ex-
pert networks from the Tulu3 checkpoint should
be preferred for complex reasoning tasks requiring
chain-of-thought prompting, while the SFT+DPO
checkpoint’s experts are better suited for simple
classification tasks. Attention mechanisms from
the Tulu3 checkpoint consistently provide modest
but reliable improvements across most conditions,
suggesting they serve as a robust default compo-
nent for merging strategies. Router transfer, how-
ever, introduces instability due to router-expert co-
adaptation, and should be retained from the source
model when merging expert networks.

Towards principled component selection.
Based on our findings, we propose a simple heuris-
tic for practitioners merging post-trained MoE
checkpoints:

Task Type Experts Attention
Complex reasoning Tulu3 Tulu3
Simple classification SFT+DPO Tulu3
Science (zero-shot) SFT+DPO Either
Science (few-shot) Tulu3 SFT+DPO

Table 3: Proposed component selection heuristic based
on empirical results.

This heuristic is directly motivated by our empir-
ical observations and validated by our results: fol-
lowing these guidelines selects the best-performing
configuration on 3 out of 4 evaluated conditions.
These findings motivate future work on automated
component selection methods that generalize be-
yond the specific checkpoints studied here.

6 Conclusion and Future Work

We present the first systematic component-level
analysis of post-training in Mixture-of-Experts
models, revealing that post-training creates task-
and prompt-specific specialization rather than uni-
versal improvements. Through controlled transfer
experiments, we demonstrate that expert networks
drive gains on complex reasoning but harm simple
classification, prompting strategy critically modu-
lates component effectiveness, and selective com-
ponent composition can in some cases match or
exceed source model performance.

These findings challenge the assumption that
post-trained models with stronger aggregate bench-
mark performance are universally superior across
tasks and prompting settings. Our work estab-
lishes component-level evaluation as a valuable
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methodology for understanding post-training ef-
fects and motivates future research on automated
component selection, mechanistic analysis of spe-
cialization patterns, and principled techniques for
task-adaptive model composition. In particular, fu-
ture work should investigate the extent to which
these findings generalize across different MoE ar-
chitectures, model scales, and post-training recipes.
Another important direction is developing mecha-
nistic understanding of component specialization
through analyses of routing behavior, expert ac-
tivation patterns, and router-expert co-adaptation
during post-training.

Limitations

Our study has two main limitations. First, due
to computational constraints, we evaluate most
configurations on 500 randomly sampled test in-
stances, with full evaluation reserved for key con-
figurations. While strong agreement between sam-
pling approaches validates our methodology (e.g.,
BoolQ: 78.6% vs 79.2%), this limits precision of
absolute accuracy estimates. Second, our experi-
ments are limited to one model family (OLMoE-
1B-7B) and focus on behavioral transfer rather than
mechanistic understanding of how post-training af-
fects individual components. Future work should
validate these findings across different MoE archi-
tectures, model scales, and investigate the underly-
ing mechanisms driving component specialization.
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