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Abstract
Reinforcement learning has become a standard post-training recipe for large language models, but
dense full-parameter updates create two deployment-relevant bottlenecks: suppressed reasoning
performance, often reflected by premature saturation of test-time scaling, and interference when
consolidating multiple capabilities through multi-domain training or model merging. We show
that the reasoning-effective component of these updates is largely concentrated in the base model’s
spectral space, motivating Subspace-Aligned Rewiring (SAR), a post-hoc editing method that
retains this spectral core while removing orthogonal components. SAR therefore preserves reasoning
gains and filters residual update directions that suppress performance or amplify cross-domain
interference. Across several model families and scales, SAR extracts compact reasoning cores
using as little as ∼0.58% of total parameters: it preserves over 99% of post-training performance
and improves high-k exploration in mathematical reasoning, and generalizes to agentic coding by
improving six of seven open benchmarks on an in-house model. SAR also purifies mixed-domain
training updates by releasing suppressed coding capability while maintaining math reasoning and
instruction following. It further enables model merging across experts, yielding cross-domain
generalization that surpasses previous merging baselines and even the best single-domain experts.
Overall, SAR shows that extracting reasoning-effective updates from parameter geometry can serve
as a training-free mechanism to improve reasoning and multi-domain performance.

1 Introduction
Reinforcement learning has become a central post-training paradigm for improving large language models.
By optimizing models against task-level feedback–such as mathematical answers, code execution results, and
success signals in agentic workflows–recent systems can improve capabilities in mathematics, coding, and
broader interactive settings [1–4].

Despite its empirical success, the “black-box” nature of full-parameter RL post-training offers limited control
over the induced parameter update, creating two practical bottlenecks for large-scale reasoning models. First,
it can induce suppressed reasoning performance, often visible as saturation of test-time scaling: reward
optimization may concentrate the policy around a narrow set of high-reward trajectories, reducing the diversity
of candidate solutions and limiting the ability to solve harder instances [5–8]. Second, it can induce cross-
domain interference during capability consolidation: updates from multiple domains, such as mathematics,
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Figure 1 Overview of Subspace-Aligned Rewiring (SAR). SAR identifies a compact reasoning core by projecting
reinforcement learning updates back onto the pretrained model’s spectral manifold. This alignment preserves the
intrinsic reasoning basis of the base model while removing off-manifold update components introduced by full RL.
The resulting spectral update retains Pass@1 performance, improves large-k exploration, and transfers more robustly
across domains, including Mix-RL and expert merging.

competitive programming, and instruction following, may occupy incompatible directions in parameter space,
so joint RL or weight-space merging can improve one capability while suppressing another [9–11]. This
motivates a key question: can we identify a coordinate system that separates reasoning-effective update
components from residual directions, thereby recovering suppressed reasoning performance and improving
multi-domain generalization?

We propose a coordinate system for studying reasoning updates from a geometric perspective. Outcome-reward
RL often elicits knowledge and skills that already exist in the base model, so the base model and the RL
model should remain closely related in an appropriate geometric manifold. We propose that this manifold is
given by the base model’s SVD coordinates. In this view, the singular vectors of the base weights represent
pretrained “atomic skills,” while the diagonal singular-value matrix specifies how these skills are originally
connected. RL keeps this pretrained basis largely fixed, but changes the middle matrix from a diagonal map
into a non-diagonal rewiring matrix. This rewiring reconnects atomic skills that were previously isolated,
allowing the model to compose existing knowledge into new reasoning circuits.

This perspective leads to Subspace-Aligned Rewiring (SAR), a post-hoc model editing method that projects a
dense reasoning update onto the pretrained spectral manifold. The resulting spectral update supports three
application-facing uses. Extraction: SAR isolates a compact reasoning-effective component that preserves
post-training performance across 1.5B–32B public models, improves high-k exploration, and improves open
agentic coding benchmarks on an in-house model. Purification: SAR filters residual directions in Mix-RL
updates, reducing domain conflict and releasing suppressed cross-domain capability. Merging: SAR places
expert updates in a common pretrained coordinate system, improving multi-domain model merging beyond
previous baselines and even the best single-domain experts. Our contributions are organized as four takeaways:

• Compact Spectral Rewiring Extracts Effective Post-Training Signal. Across 1.5B–32B reasoning models,
SAR preserves full-RL-level math performance with as little as ∼0.58% of total parameters and more
than 99%of peakPass@1preserved. Beyond math, the same top-1% spectral projection improves six of
seven open agentic coding benchmarks on an in-house model, with a +2.52% improvement on average.

• Spectral Projection Restores Useful Exploration. SAR improves exploration beyond the base model
and surpasses unconstrained full-parameter RL baselines in Pass@k scaling, crossing the full-RL curve
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at small k and expanding the set of AIME problems reachable through repeated sampling.

• Spectral Projection ImprovesMix-RL. In Mix-RL, SAR reveals suppressed cross-domain capability.
On OLMo-3.1-32B-Think, SAR improves competitive coding (+1.48% on LiveCodeBench v5 and +0.95%
on v6), improves mathematical exploration (AIME 25 Pass@16 from 88.33% to 91.71%), and maintains
strong instruction-following performance.

• Expert Merging Surpasses Domain Experts. In math-code expert merging, SAR produces merged
models that surpass the best single-domain experts at both 1.5B and 14B scales, improving AIME
and LiveCodeBench simultaneously.

2 The Geometric Framework of Reasoning Elicitation
In this section, we construct a first-principles geometric framework to formalize how outcome-reward RL elicits
reasoning capabilities from a pretrained model. We first establish the spectral subspace of the base model as
a functional basis for reasoning. We then introduce Subspace-Aligned Rewiring (SAR), a projection-based
algorithm designed to extract reasoning-effective updates geometrically. Finally, we provide a mechanistic
analysis of how reasoning can emerge through spectral rewiring.

2.1 The Functional Basis: SVD in Forward Propagation
Consider a linear layer within a pretrained base model, parameterized by a weight matrix W0 ∈ Rdout×din .
The forward propagation for an input representation x is defined as ybase = W0x. To geometrically dissect
this transformation, we apply singular value decomposition (SVD) to the weight matrix:

ybase = W0x = UΣV ⊤x =

r∑
i=1

σiui(v
⊤
i x) (1)

where r denotes the rank, while V = [v1, . . . , vr] and U = [u1, . . . , ur] represent the right and left singular
vectors of W0, respectively.

As shown in Equation 1, the transformation decomposes into two phases: (1) Information Read-in: the right
singular vectors vi act as principal feature detectors, extracting activation scores (v⊤i x) from the input; and
(2) Information Read-out: the left singular vectors ui define the principal output directions, weighted by the
singular values σi and (v⊤i x).

Based on this analysis, these singular vectors constitute the latent skills inherent in the base model, functioning
as the geometric basis to encode input signals and decode output representations. Furthermore, extensive
literature in model compression and spectral analysis [12–14] suggests that the vast majority of a pretrained
model’s functional capacity is bottlenecked within this principal spectral subspace. Consequently, we define
the pretrained spectral manifold of a matrix space spanned by this coordinate system:

Sr(W0) = span(U ⊗ V ), (2)

where Ur, Vr are the singular vectors of W0 with r = min(dout, din). This subspace provides a compact
coordinate system for the model’s functional library. In the following section, we leverage this geometric
foundation to introduce our core insights into the mechanisms of reasoning elicitation.

2.2 The Geometric Principle of Reasoning and Spectral Projection
We propose a first-principles geometric hypothesis for reasoning elicited by outcome-reward RL: the
reasoning-effective component of a full reasoning update should be recoverable within the pre-existing
spectral subspace of the basemodel.

Let WRL denote a model obtained by full-parameter outcome-reward RL and define the empirical update

∆W = WRL −W0. (3)
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The update ∆W is trained without geometric constraints, so it can be orthogonally decomposed into two
components:

∆W = ∆W ∗ +∆W⊥, (4)

where ∆W ∗ ∈ Sk(W0) is the subspace-aligned update associated with measured reasoning gains, and ∆W⊥ is
the residual outside the pretrained spectral manifold.

Using the projection operators PU = UU⊤ and PV = V V ⊤, we formalize the extraction of the reasoning
component as:

∆W ∗ = PU∆WPV

= (UU⊤)∆W (V V ⊤)

= U(U⊤∆WV )V ⊤

= UMV ⊤

(5)

where
M = U⊤∆WV ∈ Rr×r

is the RewiringMatrix. Unlike the diagonal matrix Σ, M is generically dense, capturing the cross-dimensional
interactions between pretrained singular vectors.

This process, summarized in Algorithm 1, extracts a compact reasoning-effective representation ∆W ∗ while
discarding the residual component ∆W⊥. In practice, we first extract the top-k low-rank component of
∆W and then project it onto the pretrained SVD subspace, thereby combining parameter compression with
spectral alignment to identify the compact geometry responsible for reasoning. Appendix C specifies the exact
parameter groups, precision settings, and evaluation configuration used in our implementation.

Algorithm 1 Subspace-Aligned Rewiring (SAR)

Input: Base model W0, RL model WRL, target rank k
Output: Projected reasoning model WSAR

1: Spectral Extraction: Compute top-k SVD of W0 = UΣV ⊤

2: Isolate Update: ∆W ←WRL −W0

3: Low-Rank Extraction: Extract the top-k component ∆Wk from ∆W
4: Geometric Projection: Extract rewiring matrix M ← U⊤∆WkV
5: Reconstruction: ∆W ∗ ← UMV ⊤ {Aligns the compact update with the pretrained spectral subspace}
6: return WSAR ←W0 +∆W ∗

2.3 Mechanistic View: Reasoning as Rewiring
To analyze how the extracted rewiring matrix M can capture complex reasoning behavior, we examine the
forward propagation of the SAR-projected model:

W ∗ = W0 +∆W ∗ = U(Σ +M)V ⊤

For an input x, the rewired forward pass is:

yrewired = U(Σ +M)V ⊤x

=

r∑
i=1

(σi +Mii)(v
⊤
i x)︸ ︷︷ ︸

Rescaling

+
∑
j ̸=i

Mij(v
⊤
j x)︸ ︷︷ ︸

Rewiring

ui

(6)

Equation 6 reveals the dual nature of RL updates within the spectral subspace:
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• Diagonal Elements (Mii): These represent the rescaling of isolated, pre-existing capabilities. While they
amplify certain skills, they do not establish new logical connections.

• Off-Diagonal Elements (Mij): These provide a geometric mechanism for reasoning. They enable an
output direction ui to be synthesized by multiple, distinct input features vj (j ≠ i). This transition
from one-to-one associativemapping tomany-to-one logical synthesis allows the model to perform
multi-conditional deductions.

The algebraic distinction between diagonal and off-diagonal dynamics in M provides a structural analogy to
relational reasoning [15–17]. Diagonal scaling Mii resembles unary associative memory: a single latent cue
v⊤i x activates an isolated output concept along ui. Off-diagonal entries Mij , by contrast, instantiate cross-
component integration, routing evidence from one latent premise direction vj toward a different conclusion
direction ui. When multiple such terms are active, the network no longer performs simple point-to-point
retrieval; it composes independent latent premises into a shared output representation. This offers a
mechanistic interpretation of why off-diagonal spectral rewiring can support reasoning elicitation: ∆W ∗

preserves the geometric structure associated with relational integration, while removing update components
outside this spectral computation. Appendix B provides an illustrative example.

Takeaway.

• The pretrained SVD basis provides a functional coordinate system for reasoning updates, turning a
dense weight change into an editable spectral object.

• In this coordinate system, post-training can be viewed as changing how pretrained skill directions
are connected, rather than replacing the model’s learned basis.

• This perspective gives a practical interface for downstream operations: compression, filtering, and
merging can be applied to the rewiring matrix instead of the full parameter update.

In the subsequent sections, we empirically validate these theoretical insights through extensive experiments,
demonstrating that SAR preserves peak reasoning performance, improves useful exploration and open agentic
coding performance on an in-house model, and strengthens cross-domain generalization.

3 Extracting the Reasoning Core: Single-Domain Validation
In this section, we demonstrate that SAR can extract a compact spectral update that preserves full post-
training performance on mathematical reasoning tasks, improves high-k exploration, and boosts open agentic
coding benchmark performance on an in-house model. Together, these results show that extraction is not
merely a compression result, but a practical post-hoc editing operation for improving downstream utility.

3.1 Spectral Rewiring Preserves Reasoning Gains
To assess the compactness of spectral rewiring, we apply SAR to extract the reasoning-effective component
∆W ∗ from open-source RL models and compare the projected models with their full RL counterparts. We
perform a rank sweep and report the smallest retained spectral rank that preserves full-RL performance within
evaluation variance. Appendix E and Appendix F further compare SAR with no-projection and alternative
projection controls.

Experimental Setup. We evaluate a diverse set of model families and scales, ranging from 1.5B to 32B
parameters. Specifically, we consider DeepScaleR (1.5B) [18], POLARIS (4B) [19], and OLMo-3.1-32B-Think
[20] as representative strong RL reasoning models. We also evaluate OLMo-3-7B-Base and its RL-trained
counterpart to study reasoning elicitation from a base model not explicitly specialized for mathematical
reasoning [20]. We use AIME 2024 and AIME 2025 as challenging mathematical reasoning benchmarks,
following common practice in recent reasoning-model evaluations [2, 18, 21]. For each prompt, we sample 32
responses and report AVG@32 and Pass@32 [22]. Additional evaluation details are provided in Appendix C.
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Table 1 Reasoning performance on AIME 2024 and AIME 2025 across different model scales and training recipes.
SAR reports the smallest retained spectral rank found by rank sweep that preserves full-RL-level performance within
evaluation variance.

Model Size Method
AIME 24 AIME 25

AVG@32 Pass@32 AVG@32 Pass@32

The SOTA Training Recipes

Base: Deepseek-distill-qwen2.5 31.67% 80.00% 23.96% 53.33%

RL: DeepscaleR 40.31% 76.67% 29.58% 60.00%1.5B

Projected (Ours): 1% 40.21% 76.67% 28.96% 60.00%

Base: Qwen3 4B 72.50% 90.00% 63.44% 86.67%

RL: Polaris 78.75% 93.33% 75.21% 90.00%4B

Projected (Ours): 10% 78.02% 93.33% 72.21% 93.33%

Base: OLMo3-32B-think-dpo 74.48% 93.33% 70.83% 90.00%

RL: OLMo-3.1-32B-Think 79.56% 93.33% 75.76% 90.00%32B

Projected (Ours): 1% 78.88% 93.33% 75.12% 93.33%

Emergent Reasoning Ability from the Base Model

Base: OLMo3-7B-Base 22.08% 70.00% 19.58% 60.00%

RL: OLMo-3.1-7B-RL-Zero-Math 50.21% 76.67% 36.88% 76.67%7B

Projected (Ours): 30% 49.02% 80.00% 36.56% 76.67%

Results. As detailed in Table 1, SAR preserves nearly all of the measured reasoning gains obtained by
full RL across model families and scales. Across AIME 2024 and AIME 2025, the projected models match
their corresponding full RL models within a small margin under AVG@32, while often matching or slightly
improving Pass@32. These results suggest that the evaluated RL-induced reasoning improvements are largely
concentrated in the pretrained spectral subspace, rather than requiring the full unconstrained parameter
update. The required rank also reflects the role of the starting model: strong post-trained or distilled reasoning
recipes require only a small retained rank, whereas eliciting reasoning directly from OLMo3-7B-Base requires
a larger 30% rank, suggesting that RL must modify a broader portion of the pretrained spectral coordinates
when the starting model is less specialized for reasoning.

The Density of Reasoning-Effective Parameters. The rank sweep identifies a small saturation point for the
strong reasoning recipes: retaining only 1% to 10% of the pretrained spectral rank recovers full-RL-level
reasoning performance for the evaluated models. As shown in Table 2, the corresponding rewiring matrix M
is much smaller than both the full model and the reconstructed update ∆W ∗, with storage ratios as low as
∼0.58% and ∼0.64% of total parameters for the 1.5B and 32B models, respectively. This indicates that the
reasoning-effective part of the RL update is highly concentrated in a compact spectral representation. Rather
than suggesting that all discarded parameters are useless in general, these results show that a large fraction of
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the unconstrained RL update is unnecessary for preserving the measured AIME reasoning gains.

Table 2 Parameter efficiency and compression ratios of SAR across different model scales. The intrinsic rewiring
matrix M is highly compact relative to the total parameter count.

Model Name Total Projected Parameter Update RewiringMatrix Compression Ratio
Params Rank (∆W ∗) (M) (M / Total)

DeepScaleR 1.54B 1% 16.1M 9.0M ∼0.58%
POLARIS 4.00B 10% 552.0M 310.0M ∼7.75%
OLMo-3.1-32B-Think 32.00B 1% 311.0M 204.0M ∼0.64%

3.2 Spectral Rewiring Improves High-k Exploration
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Figure 2 Pass@k scaling curves on AIME 2024. Unconstrained RL baselines exhibit early saturation. In contrast,
SAR models extract a compact reasoning-effective update, improving useful exploration and scaling momentum.

RL post-training often improves Pass@1 but can saturate under larger sampling budgets, limiting the benefit
of test-time scaling. Under our spectral view, this suggests that the full RL update may contain both
reasoning-effective directions and residual directions that narrow useful exploration. SAR tests this hypothesis
by retaining the compact spectral rewiring component while removing the orthogonal residual update.

Experimental Setup. We evaluate this effect on two model families: DeepScaleR (1.5B) and OLMo-3.1-32B-
Think. For each AIME 2024 problem, we generate 256 rollouts and compute Pass@k for k ∈ [1, 128] using the
same decoding configuration across all compared models [7, 22]. To complement the Pass@k curves, we also
report a coverage-based metric following prior reasoning-RL analyses: a problem is counted as covered if at
least one rollout among a fixed sampling budget produces the correct final answer. This metric measures
useful exploration, since it counts only diversity that leads to a verified solution [23].

Results. Figure 2 shows the Pass@k scaling curves on AIME 2024. The full RL baselines exhibit early
saturation: their performance improves at small k but gains diminish at larger sampling budgets. In contrast,
SAR-projected models continue to benefit from additional samples and overtake the corresponding full RL
baselines at small-to-moderate k values. For DeepScaleR and OLMo-3.1-32B-Think, SAR crosses the full RL
curve at k = 2 and k = 4, respectively, and remains better at larger k.

Importantly, SAR preserves the average reasoning gains of RL while achieving stronger large-k scaling.
The same trend appears at the problem-coverage level: with 256 rollouts on AIME 2024, SAR covers 26/30
problems, compared with 25/30 for the full RL model (Appendix Table 5). Diagnostic controls further show
that this gain is not explained by low-rank extraction alone, as no-projection, random, diagonal-only, and
off-diagonal-only variants perform worse than SAR (Appendix E and Appendix F).
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3.3 Additional In-House Agentic Coding Validation
To evaluate SAR as an application-oriented editing method beyond public mathematical reasoning benchmarks,
we further test it on the in-house model using open agentic coding benchmarks, as shown in Table 3. Starting
from the same coding post-training delta, the top-1% spectral-rank projection improves six of seven open
agentic coding benchmarks, with a +2.52% improvement on average and gains up to 25.10%. This result
shows that spectral rewiring can extract useful post-training signal and transfer to applied coding workflows.

Table 3 Additional single-domain validation on the in-house model using open agentic coding benchmarks. SAR uses
a top-1% spectral-rank projection of the coding post-training delta.

Benchmark Agent Baseline (In-house) SAR (1% Rank) Relative Change

SWE-Bench-Pro[24] CodeAct[25] 0.297 0.327 +10.21%
SWE-Bench[26] ClaudeCode 0.580 0.590 +1.72%
SWE-Bench[26] CodeAct[25] 0.566 0.574 +1.41%
MSWE-Bench[27] ClaudeCode 0.255 0.313 +22.86%
MSWE-Bench[27] CodeAct[25] 0.271 0.270 -0.33%
TerminalBench 2.0[28] Terminus[28] 0.194 0.243 +25.10%
TerminalBench 1.0[28] Terminus[28] 0.323 0.344 +6.73%

Takeaway.

• SAR preserves full-RL-level math reasoning across model scales using a highly compact spectral
update, showing that the reasoning-effective component of RL is strongly concentrated in the
pretrained spectral geometry.

• The same compact update also improves high-k reasoning behavior without retraining the model,
changing the reward objective, or adding new rollouts.

• The validation on the in-house model shows that SAR can also improve applied coding performance
beyond public math benchmarks.

• The main results and ablations show that the reasoning-effective parameters primarily rewire
the pretrained spectral space, providing parameter-level geometric evidence that RL incentivizes
capabilities already latent in the base model.

• These results suggest a training-free route to improve useful exploration after RL, and point toward
future training recipes that optimize directly within the reasoning-effective spectral geometry.

4 Cross-Domain Generalization via Spectral Reasoning Rewiring
Having shown that SAR preserves single-domain reasoning gains and improves large-k exploration, we next
study cross-domain generalization. Training or merging models across mathematics, coding, and instruction
following can introduce domain-specific update components that interfere with each other. Under our geometric
view, the fundamental reasoning component should lie in the base spectral manifold; SAR therefore projects
reasoning updates onto this manifold to retain shared structure and filter incompatible residual directions. We
evaluate this principle in two settings: jointly trained multi-domain RL models (§4.1) and post-hoc merging
of independently trained domain experts (§4.2).

4.1 Purification: Reducing Domain Interference inMix-RL
We first evaluate this projection principle in a jointly trained Mix-RL model, where multiple capabilities are
optimized within the same full-parameter update.
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Figure3 Cross-domain performance evaluation on the OLMo-3-32B scale. By extracting reasoning-effective parameters,
SAR reduces cross-domain interference, improves LiveCodeBench v5/v6, maintains instruction following (IFEval) and
math reasoning (AIME 24), and enhances exploration capability.

Experimental Setup. We evaluate the OLMo-3-32B series, which achieves state-of-the-art open-source
performance. We use OLMo-3-32B-DPO as the base model and OLMo-3.1-32B-Think as the Mix-RL baseline,
which is jointly trained on math, coding, instruction following, and chat. We apply SAR with the same
top-1% spectral-rank setting used in the single-domain experiments. Evaluation spans rigorous mathematical
reasoning (AIME 24/25), algorithmic coding (LiveCodeBench v5/v6) [29], and general instruction following
(IFEval) [30].

Results. As illustrated in Figure 3, extracting the reasoning-effective parameters via SAR improves perfor-
mance on competitive coding while maintaining capacity in math and instruction following.

• Coding: The projected model outperforms the full RL baseline on LCB v5 (from 67.61% to 69.09%)
and v6 (from 64.30% to 65.25%). We observe consistent improvements in Pass@k on LCB v5 and v6;
Appendix E provides an additional multi-domain control on LCB v5.

• Math: The peak math reasoning performance is preserved with a marginal variance of less than 1% in
AVG@32, while exploration capability is significantly improved (e.g., from 88.33% to 91.71% on AIME
25 Pass@16).

• Instruction Following: General instruction-following capability is also retained, with IFEval changed
only slightly from 92.42% to 92.05%.

With less than 1% of the model parameters represented in the rewiring matrix M , SAR improves Live-
CodeBench, an execution-sensitive coding benchmark, while preserving instruction following and mathematical
reasoning. SAR also improves math and coding Pass@k at larger sampling budgets, indicating that the
projected model retains the accuracy gains of RL while recovering additional exploration capacity. These
improvements are difficult to explain as lossy compression alone: reducing the update would typically be
expected to preserve or degrade downstream performance, rather than improve a challenging held-out domain.
We therefore interpret the LiveCodeBench gain as evidence that the full Mix-RL update contains domain-
specific residual directions that interfere across tasks, while SAR exposes a compact spectral rewiring that is
more compatible across domains.
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4.2 Merging: Improving Cross-Domain Expert Merging
We next evaluate whether spectral rewiring can improve cross-domain model merging, focusing on math and
code experts. Directly merging independently trained domain experts often degrades performance because
their raw task deltas contain incompatible residual directions. SAR instead filters one expert through the
pretrained spectral geometry before merging it with another.

Experimental Setup. We consider a scenario involving two domain experts independently derived via RL from
the same base model. At the 1.5B scale (Base: DeepSeek-Distill-Qwen-1.5B) [31, 32], we use DeepScaleR (Math)
and Archer-Code (Code) [33]. At the 14B scale (Base: DeepSeek-Distill-Qwen-14B), we pair OpenReasoner
(Math) [21] with DeepCoder (Code) [34]. We use SAR to extract a compact mathematical reasoning rewiring
from the math expert and merge these reasoning-effective parameters with the code expert. We benchmark
against established weight interpolation methods including Task Arithmetic (TA), TIES, and DARE+TIES.

Results. Table 4 reports zero-shot math-code merging results. Task Arithmetic directly averages the full
math and code RL updates, and therefore serves as a simple averaging baseline. Its degradation, especially on
the reasoning metric, suggests that naively merging full RL updates can introduce cross-domain interference.

At both 1.5B and 14B scales, SAR produces merged models that exceed the best single-domain experts
on the primary math and code AVG metrics. At 1.5B, SAR improves AIME AVG@32 to 43.44% and LCB
AVG@8 to 32.25%, surpassing the best math expert (40.31%) and code expert (31.80%) simultaneously. At
14B, SAR again surpasses the best math expert on AIME AVG@32 (74.38% vs. 74.27%) and improves beyond
the code expert on LCB AVG@8 (63.40% vs. 61.00%), while matching the best AIME Pass@32. Although
DARE+TIES obtains a slightly higher LCB score, SAR provides stronger balanced transfer in this setting by
improving coding performance while preserving the math expert’s advantage.

These results indicate that the reasoning rewiring extracted by SAR is more compatible for merging than
the full RL update. In contrast to magnitude-based merging methods, SAR filters the update through the
pretrained spectral geometry before merging, reducing interference with the code expert.

Takeaway.

• In Mix-RL, SAR releases suppressed cross-domain capability, improving coding and large-k explo-
ration while preserving math reasoning and instruction following.

• In expert merging, SAR produces merged models that surpass the best single-domain experts on
the primary math and code AVG metrics at both 1.5B and 14B scales.

• These gains are consistent with our core view: the transferable reasoning component is concentrated
in the pretrained spectral manifold, while residual directions outside this geometry can amplify
domain interference.

• Spectral projection therefore makes reasoning updates more compatible across domains by retaining
the shared rewiring component and filtering less compatible task-specific directions.

• This suggests a practical path for building stronger multi-domain reasoning models: post-training
updates can be purified before deployment or merged across experts without directly combining all
dense task deltas.

5 Discussion
Across single-domain extraction, Mix-RL purification, and expert merging, SAR preserves or improves key
downstream performance after projecting dense RL updates into the pretrained spectral coordinates. These
results support our central insight: a large part of the reasoning-effective change induced by RL is not arbitrary
parameter drift, but compact rewiring of capabilities already represented in the reference model’s spectral
geometry. This insight also defines the scope of the method. SAR is expected to be most effective when the
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Table 4 Cross-Domain Generalization via Model Merging. By extracting and integrating compact reasoning-effective
parameters, SAR outperforms naive interpolation and improves cross-domain transfer.

Scale Model / Method Math (AIME 24) Code (LCB)

AVG@32 Pass@32 AVG@8

1.5B

Single-Domain References
Base: Distill-Qwen-1.5B 31.67% 76.67% 23.00%
Math Expert: DeepScaleR 40.31% 76.67% 27.20%
Code Expert: Archer-Code 39.48% 76.67% 31.80%

Best Single-Domain Expert 40.31% 76.67% 31.80%

Cross-Domain Merging
Task Arithmetic 36.25% 63.33% 31.80%
TIES Merging 42.08% 73.33% 31.40%
DARE + TIES 40.05% 73.33% 31.70%
Projected (Ours) 43.44% 76.67% 32.25%

14B

Single-Domain References
Base: Distill-Qwen-14B 67.71% 90.00% 54.20%
Math Expert: OR-Zero 74.27% 93.33% 56.70%
Code Expert: DeepCoder 71.04% 86.67% 61.00%

Best Single-Domain Expert 74.27% 93.33% 61.00%

Cross-Domain Merging
Task Arithmetic 71.04% 93.33% 54.60%
TIES Merging 73.54% 93.33% 63.30%
DARE + TIES 73.06% 90.00% 64.30%
Projected (Ours) 74.38% 93.33% 63.40%

reference model already contains the relevant reasoning ability or domain knowledge and RL primarily elicits
or reorganizes it.

The main boundary of SAR is projection compatibility: how much of an RL update can be represented as a
reorganization of knowledge already encoded in the reference model. Appendix D analyzes three representative
cases. In heavily optimized reasoning RL, projecting JustRL after more than 4000 training steps still recovers
a strong AIME 2024 score of about 43%, comparable to DeepScaleR-level reasoning, but does not match
the final RL model. This suggests that the spectral component captures substantial elicitation, while the
remaining gap may reflect task-specific rewriting outside the reference manifold. In code RL, direct RL from
a base model is less projection-compatible because the update may learn code formatting, tool-interface
behavior, and execution-oriented conventions, rather than only recombining existing knowledge and skills.
After code SFT establishes this domain knowledge, the subsequent RL update becomes more compatible
with spectral projection. PPO-style training with an external critic creates a related boundary: distribution
shift between the critic and actor can induce preferences that are not well aligned with the reference model’s
spectral manifold. Thus, projection compatibility provides a diagnostic for whether RL primarily reorganizes
latent capabilities within the reference manifold or acquires behavior beyond it.
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6 Conclusion
We presented a first-principles geometric view of RL post-training in large language models. By analyzing
updates in the pretrained singular-vector coordinates, we show that much of the reasoning-effective change
is captured by compact spectral rewiring, consistent with the view that RL reorganizes latent capabilities
already represented in the base model. Subspace-Aligned Rewiring (SAR) turns this insight into a post-hoc
editing method that preserves full-RL-level reasoning, improves high-k exploration, reduces multi-domain
interference, and strengthens expert model merging. These results position spectral rewiring as both a lens
for understanding post-training updates and a practical tool for improving their downstream utility.
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Appendix
A RelatedWork
Exploration and exploitation in outcome-reward RL. Recent work studies reasoning RL not only as a way
to improve Pass@1, but also as a process that reshapes the exploration–exploitation trade-off of reasoning
models [35]. A related line of methods redesigns the RL objective to better optimize Pass@k-style behavior or
test-time scaling efficiency [36–39]. These approaches treat exploration primarily as a training-time objective
design problem. SAR takes a different view: a completed RL update can already contain a compact high-k-
effective component, but this component is entangled with residual off-manifold drift. By separating them in
pretrained spectral coordinates, SAR improves Pass@k through post-hoc model editing, without changing the
RL objective, collecting new rollouts, or retraining the model.

LoRA and low-dimensional RL updates. Parameter-efficient adaptation and recent analyses of RL dynamics
both suggest that LLM adaptation can be highly low-dimensional [40–45]. These works use low dimensionality
as a training parameterization, compression principle, or predictability property. SAR instead identifies a
more specific mechanism: the reasoning-effective component of a full RL update is not merely low-rank, but
aligned with the pretrained model’s spectral coordinates and structured as a compact rewiring matrix among
pretrained components. This distinction enables post-hoc editing of a completed full-RL model and can
surpass the RL baseline in high-k exploration and multi-domain transfer, including at the 32B scale.

Model merging and interference. Model merging methods combine separately trained models by operating
on weight-space task deltas, typically using arithmetic, magnitude, sign, or sparsity-based rules to reduce
interference [9–11]. Recent analysis further shows that RL-trained models are more mergeable than SFT-
trained models, but merged models can still degrade relative to their corresponding experts [46]. These works
establish task conflict as a central obstacle in model composition. SAR addresses this conflict at a different
level: before composition, it filters each RL update through the pretrained spectral manifold, extracting
reasoning-effective rewiring while removing off-manifold residual drift. This enables positive-sum cross-domain
composition where the merged model can surpass the best single-domain experts.

B Illustrative Example of Spectral Rewiring
Triangle area calculation. Consider a geometric reasoning task that requires computing the area of a triangle
from two side lengths and the included angle. In the pretrained base model, the relevant capabilities may be
represented in separated spectral components: a right singular direction v1 detects side-length information,
another direction v2 detects angle information, and an output direction u3 corresponds to applying the
sine-area formula. Under the original diagonal mapping Σ, neither v1 nor v2 alone is sufficient to activate u3.
SAR isolates the RL-induced off-diagonal entries M3,1 and M3,2, which route both premise directions into the
same output direction. Thus, when the model detects both required premises, Equation 6 combines their
signals to activate the appropriate multi-condition deduction.

C Implementation Details
Algorithmic Scope. For each Transformer block, SAR is applied only to the attention linear weights
(Wq,Wk,Wv,Wo) and MLP linear weights (Wgate,Wup,Wdown). We do not modify biases, normalization
parameters, token embeddings, or the language-modeling head; these parameters are kept from the base model.
Empirically, projecting both attention and MLP weights is necessary to recover the full effect: projecting only
attention or only MLP degrades relative to the full-RL model, while using the base or RL versions of the
embeddings and lm_head has little effect on the final results.

Evaluation Configuration. Unless otherwise specified, we use the same decoding configuration for all reasoning
and coding evaluations. We sample with temperature T = 0.6, top-p = 0.95, and a maximum generation
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Figure 4 Illustration of spectral rewiring. The base model primarily performs point-to-point associations between
isolated spectral components. RL-induced rewiring introduces many-to-one routing, allowing multiple premise directions
to jointly activate an output direction associated with a compositional reasoning step.

Table 5 Coverage analysis on AIME 2024 with 256 rollouts. A problem is counted as covered if any rollout produces
the correct final answer.

Model Coverage@256 Solved / Total Gain

DeepScaleR full RL 83.33% 25 / 30 –
SAR, 1% rank 86.66% 26 / 30 +1 problem

length of 32,768 tokens. For POLARIS, we follow its longer-generation setting and use a maximum generation
length of 96,000 tokens. All compared models within the same experiment use identical sampling parameters
to ensure a fair comparison between the base model, full RL model, SAR-projected model, and no-projection
control.

Numerical Precision. All SVD decompositions and SAR projections are computed in FP32. Since the
reconstructed SAR update is compact and sensitive to rounding, directly storing the projected weights in
low precision can perturb the intended spectral geometry, especially for smaller models. We therefore store
and evaluate the 1.5B, 4B, and 7B models in FP16, which better preserves fine-grained updates than BF16.
For the 32B OLMo-3 models, we store the projected weights in FP16 and evaluate with BF16 computation,
as they are empirically less sensitive to floating-point perturbations. Unless otherwise stated, all compared
models within the same experiment use the same runtime precision.

Coverage analysis. We report a coverage-based view of the large-k improvement in Table 5. A problem is
counted as covered if any of 256 rollouts produces the correct final answer. Under this metric, SAR solves one
additional AIME 2024 problem beyond the full RL model, indicating that the projected model expands the
set of reachable correct solutions rather than merely changing single-sample accuracy.
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D Boundary Cases of Spectral Rewiring
SAR is most effective when RL remains in an elicitation regime, where sparse verifiable rewards and token-
averaged updates produce relatively small per-step changes that reorganize capabilities already encoded in
the reference model. We observe several boundary cases where this assumption does not fully hold.

Heavily trained reasoning RL. For reasoning models trained with many RL steps, the accumulated update
can move beyond compact spectral elicitation. In our JustRL case study, which is trained for over 4000 steps
[47], projecting the RL update into the base spectral space recovers a non-trivial AIME 2024 score of roughly
43%. This is comparable to the earlier DeepScaleR-level result, but remains below the final RL model (∼ 52%).
The result suggests that the base spectral manifold still contains meaningful recoverable reasoning capacity,
while the remaining gain may come from stronger task-specific parameter rewriting induced by extended
optimization. We therefore interpret this case as a boundary between elicitation and rewriting, rather than as
evidence that spectral structure is absent.

Direct code RL from a base model. Code RL introduces domain requirements beyond abstract reasoning.
The model must satisfy an execution protocol: syntactically valid code, function-completion or stdin/stdout
conventions, exact input-output formatting, unit-test behavior, and edge-case handling. These behaviors
can require adapting programming knowledge and interface behavior that are not sufficiently established
in the base model’s spectral geometry. Consistent with this interpretation, direct code RL from the base
model is less projection-compatible in our experiments, as in the DeepCoder case [34]. However, once code
SFT establishes the relevant programming interface, the subsequent RL update becomes more compatible
with spectral projection onto the SFT model’s spectral space. For example, projecting X-coder-RL onto
X-coder-SFT recovers the full RL performance [48]. Our OLMo-3 experiments further support this view: after
coding-oriented training establishes the relevant domain knowledge, RL primarily elicits reasoning capability
already present in the reference model.

Dense critic rewards and PPO-style training. PPO-style training with an external critic or dense reward
can also reduce projection compatibility. The key factor is not the PPO algorithm itself, but the effective
optimization strength: dense token-level rewards and critic-shaped objectives can produce larger and more
continuous parameter movement than sparse outcome-reward RL. This can push the update away from
compact rewiring in the reference spectral coordinates and toward broader behavioral rewriting. Thus, SAR
should be understood as most directly characterizing sparse outcome-reward elicitation, while dense-reward
RL may require either a different reference point, intermediate projection during training, or a richer spectral
basis.

Together, these cases delineate the scope of SAR. The method captures the component of RL that is aligned
with the reference model’s spectral manifold. When the reference model already contains the relevant reasoning
ability or domain knowledge, this component can account for the dominant effect of RL. When training
intensity or missing domain knowledge forces the model to acquire behavior outside that manifold, spectral
projection remains informative but becomes an incomplete reconstruction of the full RL update.

E Comparisonwith the No-Projection Control
To isolate the effect of spectral alignment, we compare SAR with a no-projection control. This control extracts
the same top-ranked low-rank component from the RL update ∆W , but directly adds it back to the base
model without projecting it onto the pretrained SVD subspace. Thus, both methods use the same rank budget,
and the only difference is whether the compact update is aligned with the base model’s spectral geometry.

Reasoning and Exploration. We first evaluate reasoning and exploration on AIME 2024 using the DeepScaleR
models. For each problem, we generate 256 rollouts and report the Pass@k scaling behavior in Figure 5.
SAR and the no-projection control achieve similar Pass@1 performance, showing that low-rank extraction
alone can preserve the single-sample reasoning gains of RL. However, their large-k behavior differs clearly:
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Figure 5 Pass@k scaling on AIME 24 among full RL, SAR, and the low-rank component without projection.

the no-projection control saturates earlier, while SAR continues to improve. At Pass@256, SAR solves one
additional problem that neither the full RL model nor the no-projection control solves within 256 attempts.
This indicates that the reasoning-effective update is not merely low-rank; aligning it with the base model’s
SVD space is important for recovering reasoning and exploration capability.

Multi-Domain RL. We then evaluate the same control in the multi-domain setting using the OLMo-3-32B
models on AIME 2025 and LiveCodeBench v5. Results are shown in Table 6. Consistent with the single-
domain results, the no-projection control retains part of the AIME performance, but fails to recover SAR’s
exploration benefit. On AIME 2025, the control reaches only 86.67% Pass@32, whereas SAR reaches 93.33%.
On LiveCodeBench, the control recovers part of the performance, suggesting that low-rank extraction can
remove some redundant update directions. Nevertheless, SAR achieves the strongest coding performance,
improving AVG@10 to 69.09%, compared with 68.24% for the control and 67.61% for full RL.

Cross-Domain Merging. We also evaluate a no-projection control for math-to-code expert merging. This
control extracts the same 1% low-rank component from the math RL update and merges it into the code expert,
but does not align the update with the pretrained spectral basis. As shown in Table 7, the no-projection
merge preserves the code-side gain, but substantially weakens math reasoning compared with SAR. This
indicates that low-rank extraction alone is insufficient for positive-sum composition; the spectral projection
step is what makes the math reasoning update compatible with the code expert.

Overall, this comparison supports our central insight: the reasoning-effective parameters are not only compact,
but are specifically expressed in the basemodel’s pretrained SVD space. Low-rank extraction explains part
of the parameter efficiency, but SAR’s spectral alignment is what yields stronger exploration and cross-domain
transfer. In several settings, SAR even outperforms the full RL model, indicating that extracting the compact
spectral reasoning core is not merely a compression technique, but a useful model-editing operation in its own
right.

F Method Ablations
We further ablate the structure of SAR on DeepScaleR-1.5B using the same 1% spectral budget on AIME
2024. Table 8 compares SAR with three controls: replacing the pretrained spectral basis with a random
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Table 6 Head-to-head comparison on AIME 2025 and LiveCodeBench v5. The no-projection control keeps the same
top-1% low-rank component but removes the projection onto the pretrained SVD subspace. SAR achieves the strongest
large-k reasoning coverage and coding performance.

Model / Method AIME 2025 LiveCodeBench v5

AVG@32 Pass@32 AVG@10 Pass@10

Base: OLMo3-32B-Think-DPO 70.83% 90.00% 64.81% 78.07%
Full RL: OLMo-3.1-32B-Think 75.76% 90.00% 67.61% 80.91%
No projection, 1% 75.50% 86.67% 68.24% 81.13%
SAR projection, 1% 75.16% 93.33% 69.09% 81.59%

Table 7 No-projection control for 1.5B math-code merging. The no-projection merge uses the same 1% low-rank math
update budget as SAR but skips alignment to the pretrained spectral basis. It preserves code performance but loses
much of the math gain, whereas SAR achieves positive-sum transfer.

Scale Model / Method Math (AIME 24) Code (LCB)

AVG@32 Pass@32 AVG@8

1.5B

Single-Domain References
Base: Distill-Qwen-1.5B 31.67% 76.67% 23.00%
Math Expert: DeepScaleR 40.31% 76.67% 27.20%
Code Expert: Archer-Code 39.48% 76.67% 31.80%

Best Single-Domain Expert 40.31% 76.67% 31.80%

Cross-Domain Merging
No Projection: 1% Math-to-Code 36.25% 63.33% 32.25%
Spectral ProjectionMerge (SAR) 43.44% 76.67% 32.25%

projection, retaining only the diagonal entries of the rewiring matrix M , and retaining only its off-diagonal
entries.

These ablations support three conclusions. First, the random projection baseline improves over the base
model in Pass@1 but remains clearly below SAR, showing that the pretrained singular-vector coordinates are
important rather than interchangeable with an arbitrary low-dimensional projection. Second, the diagonal-
only variant fails to recover the RL gain, suggesting that simply rescaling isolated pretrained components is
insufficient for reasoning elicitation. Third, the off-diagonal-only variant recovers most of the Pass@1 gain but
loses Pass@32 coverage, indicating that cross-component rewiring carries a large part of the reasoning signal
but works best together with the diagonal component. Overall, SAR’s effect comes from the combination
of pretrained spectral alignment and the full rewiring matrix, rather than from low-rank structure, random
projection, or either matrix component alone.
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Table 8 Method ablations on DeepScaleR-1.5B with a 1% update budget on AIME 2024. SAR preserves full-RL-level
Pass@1 while maintaining Pass@32, whereas random projection and partial rewiring controls lose reliability or coverage.

Method Pass@1 Pass@32

Base 31.67% 80.00%
Full RL 40.31% 76.67%
SAR, 1% 40.21% 76.67%

Random projection, 1% 36.67% 80.00%
Diagonal-only rewiring, 1% 30.73% 80.00%
Off-diagonal-only rewiring, 1% 38.54% 73.33%
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