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Abstract

Hybrid-thinking language models expose explicit /think and /no_think
modes, but current designs do not separate them cleanly. Even in /no_think
mode, models often emit long and self-reflective responses, causing reason-
ing leakage. Existing work reduces this issue through better data curation
and multi-stage training, yet leakage remains because both modes are still
encoded in the same feed-forward parameters. We propose Path-Lock
Expert (PLE), an architecture-level solution that replaces the single MLP in
each decoder layer with two semantically locked experts, one for /think
and one for /no_think, while keeping attention, embeddings, normaliza-
tion, and the language-model head shared. A deterministic control-token
router selects exactly one expert path for the entire sequence, so inference
preserves the dense model’s per-token computation pattern and each ex-
pert receives mode-pure updates during supervised fine-tuning. Across
math and science reasoning benchmarks, PLE maintains strong /think
performance while producing a substantially stronger mode separation—a
/no_think mode with higher accuracy and far less reasoning leakage. On
Qwen3-4B, for example, compared to the SFT-only baseline on AIME24,
PLE generates 17 x fewer reflective tokens (6.01 vs. 0.35 per answer) and
2x shorter outputs (8665 vs. 4101 tokens), and improves /no_think accu-
racy from 35.33% to 44.67%, while maintaining /think-mode performance
(61.33% vs. 60.00%). These results suggest that controllable hybrid thinking
is fundamentally an architectural problem, and separating mode-specific
feed-forward pathways is a simple and effective solution. The code is
available at: https://github.com/SR-A-W/path-lock-expert
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Figure 1: Motivating example of reasoning leakage. On an AIME24 problem, Qwen3-8B
in /no_think mode still emits self-reflective tokens (e.g., Wait) outside the empty <think>
block and arrives at an incorrect answer, while /think mode solves it correctly. This shows
that current hybrid-thinking models cannot fully separate the different reasoning modes.
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Table 1: Reasoning leakage in hybrid-thinking models. We compare Qwen2.5-7B-Instruct
(Instruct, a pure instruction-tuned model) with Qwen3-4B (Hybrid, a hybrid-thinking
model). We report accuracy (Acc.), average output length (Len.), and average reflective
tokens per response (#Refl./ Ans.). A denotes the difference between each model’s /no_think
performance and the Instruct baseline. The hybrid model’s /no_think mode stays markedly
longer and more reflective than a genuine direct-answer mode.

Model \ Acc. (%) \ Len. \ #Refl./ Ans.
| Think No-think A |Think No-think A | Think No-think A

MATH500

Instruct - 59.94 - 703 - 0

Hybrid 92.82 82.60 +22.66 | 4384 1583 +880 | 16.74 0.04 +0.04
AIME?24

Instruct - 6.67 - 1729 - 0

Hybrid | 68.00 23.33  +16.66 | 16466 12506 +10777 | 98.35 0.17 +0.17

GPQA
Instruct - 30.15 - 775 - 0
Hybrid | 51.01 4697 +16.82| 11371 2679 +1904 | 188.59 0.05 +0.05

1 Introduction

Hybrid-thinking language models are only useful if their control tokens actually control
behavior. In principle, /think should invoke deliberate reasoning when a problem requires
it, while /no_think should return a direct answer when extended reasoning is unneces-
sary (Yang et al., 2025; Comanici et al., 2025; Agarwal et al., 2025). This distinction matters
because long reasoning traces come with an associated cost: they increase latency, consume
token budget, and occupy context-window space (Sui et al., 2025; Chen et al., 2024; Zhang
et al.,, 2025a). A practical /no_think mode therefore must not be a weakened version of
/think; it must operate as a genuine direct-answer mode.

In current hybrid-thinking systems, this separation is weak. Even under explicit /no_think
instructions, models often continue to emit signs of deliberation: responses become unnec-
essarily long, reflective markers such as wait or hmm appear, and outputs drift toward partial
chain-of-thought generation. Prior literature defined this failure mode as reasoning leakage.
Under this failure mode, /no_think becomes an unstable halfway mode between direct
answering and explicit reasoning, thereby the interface no longer delivers the efficiency,
predictability, and behavioral control that motivate hybrid thinking in the first place.

Most existing attempts to fix leakage operate through training alone. Prior work shows that
changing data scale, /think vs. /no_think ratios, and multi-stage training schedules can
reduce leakage substantially (Wang et al., 2025). However, lower leakage alone does not
guarantee a strong /no_think mode: answers may remain verbose, partially reflective, or
weaker in accuracy. This suggests that the limitation is not only in data or optimization. A
single dense decoder is being asked to realize two competing output behaviors with the
same feed-forward parameters; one mode should externalize reasoning, while the other
should suppress it. We therefore hypothesize that weak mode separation is partly an
architectural interference problem.

We address this with Path-Lock Expert (PLE), a minimal architecture that makes the
mode choice part of the architecture itself. PLE replaces each decoder MLP with two
semantically locked experts, one dedicated to /think and one dedicated to /no_think, and
uses deterministic control-token routing to activate exactly one expert path for the entire
sequence. Attention, embeddings, normalization, and the language-model head remain
shared. This design separates the parameters most directly tied to generation behavior while
preserving a shared representational backbone, and it does so without a learned router,
auxiliary balancing losses, or a complex RL-based training pipeline.
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Across mathematical and scientific reasoning benchmarks, PLE yields a substantially
stronger /no_think mode than dense baselines and prior training-only hybrid approaches:
no-think outputs are shorter, exhibit far less reasoning leakage, and achieve better no-think
accuracy in our primary evaluations. At the same time, PLE maintains strong /think-mode
performance. Our claim is intentionally specific: we do not argue that PLE solves hy-
brid thinking in general or establishes a new overall state of the art; rather, we show that
architecture-level mode separation can materially improve the usefulness of the /no_think
mode while preserving the value of /think. Our contributions are as follows:

¢ We motivate an architectural view of reasoning leakage in hybrid-thinking models,
arguing that training heuristics alone may be insufficient because shared feed-forward
parameters interfere with clean mode separation.

* We introduce PLE, a deterministic dual-expert decoder architecture that separates
/think and /no_think behavior at the MLP level while preserving a shared Transformer
backbone and dense-model-like per-token inference computation.

* We show that, across our evaluated settings, PLE strengthens the /no_think mode
through lower leakage, shorter outputs, and improved no-think accuracy in the primary
evaluations, while maintaining strong /think performance.

2 Motivation

We define hybrid thinking as an interface in which a single model exposes two response
behaviors—an extended chain-of-thought reasoning mode (/think) and a concise direct-
answer mode (/no_think), termed the thinking and non-thinking modes in the Qwen3 Techni-
cal Report (Yang et al., 2025)—selected by a user-supplied control token appended to the
query, following that report and Wang et al. (2025). This explicit, user-directed setting is
distinct from implicit-routing variants, where the model decides internally. Our problem
statement follows the explicit setting: can a hybrid-thinking model truly switch between /think
and /no_think modes—in particular, given that the user has selected /no_think, can the model
reliably yield a short and direct answer?

We use a simple empirical comparison: we compare a pure instruction-tuned model, an
off-the-shelf hybrid-thinking model, and the strongest prior training-level mitigation, and
ask whether /no_think behaves like a genuine direct-answer mode. First, /no_think should
suppress explicit reasoning artifacts such as long deliberative outputs and reflective phrases.
Second, it should preserve the behavioral character of direct answering rather than merely
producing a weaker version of /think.

Off-the-shelf hybrid thinking leaks by default. Table 1 shows that released hybrid-
thinking models do learn to respond differently under /think and /no_think prompts, but
the separation is incomplete. Relative to the pure Instruct baseline, the hybrid model’s
/no_think outputs remain longer and contain nonzero reflective-token counts across bench-
marks. This means the issue is not that hybrid models fail to react to the control token at all;
rather, they react only partially. /no_think behaves like a softened form of thinking, not like
a truly distinct direct-answer mode.

Training-only fixes help, but they stop short of true separation. Wang et al. (2025) sys-
tematically explored the most natural mitigation strategies: scaling training data, changing
the think /no-think ratio, and applying multi-stage training. Their best recipe significantly
reduces leakage, confirming that data and optimization matter. However, it still does not
match the behavioral target defined above. Reflective tokens remain nonzero, and the
resulting /no_think behavior does not consistently recover the direct-answer profile of the
pure Instruct model across benchmarks. This is the key empirical observation: even after
substantial recipe engineering, the model remains only partially controllable.
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Figure 2: Path-Lock Expert replaces the single MLP in each decoder layer with two mode-
specific experts while keeping the attention backbone shared. A single routing decision is
made from the control tokens and reused across all layers and all decoding steps.

3 Method: Path-Lock Expert

Path-Lock Expert (PLE) aims to achieve three primary objectives in hybrid-thinking lan-
guage models: 1) better reasoning mode separation than conventional hybrid-thinking
architectures; 2) performance preservation, ensuring the model’s core reasoning capabilities
are not degraded; and 3) parameter efficiency, avoiding the prohibitive cost of training or
deploying two independent models. PLE achieves these with a minimal modification to a
standard decoder-only Transformer, described below.

Path-locked dual-expert decoder. In every layer, the single MLP is replaced by two struc-
turally identical copies—one for /think and one for /no_think. All other components
(self-attention, positional encoding, normalization, embeddings, LM head) remain shared.
Because exactly one expert is active per response, per-token computation is unchanged. By
replicating only the MLP rather than duplicating the full model, PLE saves approximately
33% of total parameters relative to deploying two independent copies of the backbone.

Deterministic control-token routing. The active expert is selected by the last /think or
/no_think token appearing in the input; the choice is resolved once and locked for all layers
and all decoding steps. No learned router or balancing loss is involved. This one-time,
all-layer lock is what motivates the name Path-Lock Expert: swapping the control token flips
a single routing index and activates the other expert, leaving attention, embeddings, norms,
and the LM head unchanged. We formalize the detection procedure, its string-level fallback,
and edge-case handling, and also reported detailed validation tests in Appendix A.6.

Routing-conditioned fine-tuning. PLE is fine-tuned with standard causal LM loss on chat
examples tagged with either mode. The inactive expert receives zero gradient; the shared
backbone is updated by both modes. This removes direct parameter coupling between the
two MLP pathways while preserving a common representational substrate. We provide a
rigorous definition in Appendix B.

Relation to Mixture-of-Experts. While previous work such as Metis-HOME (Lan et al.,
2025) has explored using a two-expert MoE for mode separation, their approach still relies on
the conventional MoE framework with learned, token-level routers. In contrast, PLE shifts
from token-level competition to deterministic, sequence-level routing. By tying expert
identity directly to the /think or /no_think interface via control tokens, PLE eliminates the
need for router parameters, balancing losses, or complex dispatch decisions. This ensures a
“locked” path that is structurally stable and specifically designed for behavioral control.
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Figure 3: Accuracy, average output length, and per-answer reflective token count on AIME24
for two PLE instantiations (Qwen2.5-7B, top; Qwen3-4B, bottom) compared with baselines.
“Ours” denotes PLE models built on each backbone; “SFT-only” is an SFT-only baseline
in previous studies (Wang et al., 2025); “Instruct” is the off-the-shelf instruction-tuned
backbone, shown under its single default-mode response. On Qwen2.5-7B, PLE matches
the near-zero reflective token count of the SFT-only baseline despite much higher /no_think
accuracy. On Qwen3-4B, PLE achieves substantially stronger mode separation than SFT-
only: reasoning leakage drops by 17x and /no_think accuracy improves by +9.3 points,
while /think-mode performance is maintained.

4 Experiments

In this section, we evaluate the effectiveness of PLE in achieving architectural mode sepa-
ration. Our experiments are designed to verify whether physical parameter isolation can
improve mode separation by addressing three key questions: 1) Leakage Reduction: Does
PLE significantly reduce reasoning leakage (reflective tokens) in /no_think mode compared
to dense baselines? 2) Mode Performance: Does PLE improve the performance of the
/no_think mode by reducing gradient interference? 3) Reasoning Preservation: Does the
architectural separation maintain the original /think performance without degradation?

4.1 Experimental setup

Dataset Construction We build our training corpus from the Superior-Reasoning(Yan et al.,
2026) problem set, pairing its reasoning traces with /no_think targets synthesized by Qwen3-
235B in /no_think mode and retained only if they match the ground-truth answer, respect
domain-specific length limits, and contain no reflective tokens. The corpus holds 54k
examples: 27k /think traces and 27k direct answers, a 1:1 ratio. Because the /no_think
targets are distilled from a stronger teacher, one might ask whether PLE’s gains reflect
teacher-style imitation rather than architecture; PLE and its dense baselines train on identical
data, so any such bias acts on both equally, and Appendix A.11 rules it out with a controlled
data-construction ablation.

Backbone weights. We evaluate PLE across two representative model families to demon-
strate its generalizability. For both families we initialize from the corresponding Instruct
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checkpoint, keeping the two families structurally symmetric: Qwen2.5-7B-Instruct for the
Qwen2.5 family, and Qwen3-4B-Instruct for the Qwen3 family. For each backbone, we
initialize the PLE architecture by cloning their MLP weights, and fine-tune on our training
corpus constructed from the Superior-Reasoning dataset (Yan et al., 2026).

Baselines. We compare PLE (Ours) against two baselines per family: (1) Instruct, the off-the-
shelf backbone; and (2) SFT-only, the SFT-only recipe (Wang et al., 2025). All three models
start from the same Instruct checkpoint. Results with additional backbone initializations
(Qwen3-4B and Quwen3-4B-Base) are presented in Appendix A.2 and Appendix A.7.1.

Benchmarks and Metrics. We evaluate all models in both /think and /no_think modes
across four reasoning benchmarks: MATHS500 (Lightman et al., 2023), AIME24 (Mathe-
matical Association of America, 2024), MMLU-STEM (Hendrycks et al., 2021), and GPQA-
Diamond (Rein et al., 2024). To measure performance and mode separation, we report: (1)
Accuracy (%) for task proficiency; (2) Average output length to monitor verbosity; and (3)
Reflective tokens per answer (#Refl./Ans.)—the mean count of self-reflective markers (e.g., wait,
hmm, alternatively). As our two metric for reasoning leakage, average output length and
#Refl./ Ans. are complementary rather than redundant: average output length measures
verbosity, while #Refl./ Ans. measures whether reflective-reasoning tokens are specifically
present. We validate these metrics track genuine semantic leakage rather than incidental
token counts using a model-based judge (GPT-OSS-20B) applied to off-the-shelf hybrid-
thinking baselines across three model sizes and three benchmarks (Appendix A.4): judge
verdicts agree with #Refl./ Ans. in 92-100% of cases in both directions.

4.2 Main Results

We present a comprehensive evaluation of PLE across two model families to verify its
effectiveness in mitigating reasoning leakage while maintaining task performance. Overall,
our results demonstrate that PLE provides a superior Pareto frontier for hybrid thinking:
it delivers a /no_think mode that is cleaner and more proficient than prior training-level
recipes, while simultaneously safeguarding (or even enhancing) the model’s capacity for
deep, multi-step reasoning. Our primary analysis focuses on the challenging AIME24
benchmark (Figure 3), which serves as a stress test for hybrid thinking due to its requirement
for deep deliberation; results for MATH500 are consistent with these findings and are
provided in Figure 6 (with additional details in Appendix A.1).

Effective Mode Separation with Minimal Leakage. Table 2 reports /no_think-mode
behavior for every model; we begin with mode separation. On Qwen3-4B, PLE cuts
reasoning leakage 17x below the SFT-only baseline (6.01 to 0.35 reflective tokens per
answer) and raises /no_think accuracy by +9.3 points (35.33% to 44.67%), while /think-
mode performance is maintained (61.33% vs. 60.00%). SFT-only is only partially effective: it
halves output length between modes (19,799 to 8,665 tokens) but leaves reflective content
untouched (6.91 to 6.01), whereas PLE halves length to 4,101 tokens and removes the
reflective content (Figure 3).

Significant Enhancement of /no_think Proficiency. PLE’s /no_think mode is not merely
cleaner but more capable, consistently across both families. On Qwen3-4B it answers at
44.67%—+9.3 points over the SFT-only recipe—in 4,101 tokens at 0.35 reflective tokens, and
the margin is larger on Qwen2.5-7B (26.00% vs. 3.33%, +22.7 points) at 0.02 reflective tokens
(Table 2). These gains are not won on easy ground: despite its name, Qwen3-4B-Instruct is a
non-thinking release of a hybrid-thinking base (Yang et al., 2025; Team, 2025b), reasoning at
length with no direct-answer path (Appendix A.8). From that the SFT-only recipe supplies a
path but leaks through it (8,665 tokens at 6.01); PLE makes it short and accurate.

Preservation and Synergy of Reasoning Capabilities. A vital requirement for PLE is that
architectural isolation must not degrade the model’s core reasoning power. Our results
confirm that the /think mode’s performance remains robust across both model families.
Interestingly, we observe a synergistic effect in the Qwen2.5-7B-Instruct family: the /think
mode of PLE actually outperforms the original model on AIME24 accuracy (Figure 3).
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Table 2: Reasoning leakage and accuracy in the /no_think (direct-answer) mode.
#Refl./ Ans.: mean reflective token count per response (e.g., wait, hmm). Bold marks PLE
(Ours). Hybrid and Instruct report each off-the-shelf model’s own default//no_think behav-
ior; coming from different post-training lineages, their accuracies are not directly comparable
across lineages—the controlled comparison is between SFT-only and PLE (Ours), both ini-
tialized from the same Instruct checkpoint. SFT-only: the two-phase SFT recipe of Wang et al.
(2025) on the same backbone. /think-mode performance is preserved (Figures 3, 6, 8 and 9).

Mod AIME24 MATH500
odel Type
Acc. Len. #Refl./Ans. Acc. Len. #Refl./ Ans.
Hybrid 23.33 12506 0.17 82.60 1583 0.04
Qwen3-4B Instruct 63.33 9932 2.06 9452 1812.55 0.36
SFT-only 35.33 8665 6.01 83.28 1040.37 0.15
PLE (Ours) 44.67 4101 0.35 8236 702.23 0.05
Instruct 6.67 1729 0 5994 703.11 0
Qwen2.5-7B SFT-only 3.33 1037 0.00 63.56  593.09 0.31
PLE (Ours) 26.00 1329 0.02 83.20 614.46 0.01
Model Type GPQA-Diamond MMLU-STEM
Acc. Len. #Refl./Ans. Acc. Len. #Refl./Ans.
Hybrid 46.97 2679 0.05 85.95 483.79 0.01
Qwen3-4B Instruct 42.32  445.08 0.14 87.54 295.95 0.05
SFT-only 4596 2513.78 5.34 86.71 263.92 0.06
PLE (Ours) 45.86 736.34 0.23 86.61 180.19 0.02
Instruct 30.15 775 0 62.00 211 0
Qwen2.5-7B SFT-only  30.00 2910 3.22 59.44 774 0.83
PLE (Ours) 30.00 3857 0.00 92.22 139 0.00

This indicates that sharing the attention backbone preserves the underlying logic while the
dual-expert MLP structure lets the /think mode focus on deliberation.

Generalization Beyond Qwen and Math/STEM. To test whether PLE’s mode separation
is specific to the Qwen family or to mathematical reasoning, we extend our evaluation
to a structurally different model family, Llama-3.1-8B, and to a broad general-knowledge
benchmark, full MMLU. Mode separation holds throughout—on Llama-3.1-8B, PLE’s
/no_think mode is the most accurate no-think model on all four benchmarks tested, most
strikingly on MMLU-STEM (76.7% vs. 53.0-53.4%)—so PLE spans three model families and
five benchmark types; see Appendix A.10 for full results.

5 Ablation Studies

Beyond the main evaluations in Section 4, we conduct a series of ablation studies to dissect
the impact of various design choices on PLE’s performance and mode separation behavior.
Our analysis reveals that two primary factors significantly dictate the model’s efficacy: the
selection of backbone weights for initialization and the composition of the training dataset.
In the following subsections, we explore how these factors influence the delicate balance
between reasoning power and leakage mitigation.

5.1 Effect of backbone initialization

The choice of which pretrained model to use as the backbone for PLE is a critical design
decision. We compare four backbones: 1) Qwen2.5-7B-Instruct, 2) Qwen3-4B-Instruct, the
backbone used for our main-text Qwen3 results (Section 4), 3) Qwen3-4B, and 4) Qwen3-4B-
Base (the pretrained model without any post-training).
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Figure 4: Ablation on backbone choice (AIME24). PLE is initialized from “Qwen2.5-7B
Instruct” (pure instruction-tuned weights), “Qwen3-4B Instruct”, “Qwen3-4B Base” (raw
pretrained weights), or “Qwen3-4B” (hybrid-thinking weights). Residual /no_think leakage
orders monotonically with each initialization’s own reasoning behavior on both dimensions
(reflective tokens/answer 0.02 < 0.35 < 0.39, with /no_think output length in the same
order), at some cost in accuracy. The pretrained base collapses on this high-difficulty task,
confirming that PLE requires a backbone with existing instruction-following capabilities.

All variants are trained with identical hyperparameters to isolate the effect of backbone
weights. Figure 4 provides the results on the AIME?24 task; more comprehensive experimen-
tal results are provided in Appendix A.7.1.

Comparison between Three Backbones: Effect of Retained Latent Reasoning Behav-
ior. Comparing Qwen3-4B (a hybrid-thinking model) with Qwen2.5-7B-Instruct (a pure
instruction-tuned model) reveals a clear divergence in behavior. We find that using a pure
Instruct model as the base generally yields superior mode separation, characterized by
a “cleaner” /no_think mode with virtually zero leakage. In contrast, using the hybrid
Quwen3-4B leads to higher absolute performance (accuracy) but carries a persistent residue
of reasoning artifacts.

We hypothesize that hybrid-thinking models carry reasoning-heavy patterns from their
intensive post-training. This residual reasoning behavior is deeply embedded in the shared
attention representations, making it difficult to fully extinguish reflective behaviors in
the /no_think mode, even with architectural isolation. However, because the hybrid base
already possesses a stronger foundation for the /think mode, it ultimately achieves higher
task scores, suggesting that the initial “reasoning literacy” of the weights sets a higher
ceiling for performance. Not every instruction-tuned checkpoint is equally free of these
patterns: Quwen3-4B-Instruct is derived from a hybrid-thinking base and released as a
non-thinking update within the same family (Yang et al., 2025; Team, 2025b). Accordingly,
residual /no_think leakage after PLE fine-tuning orders with each backbone’s own reasoning
behavior on both dimensions: reflective tokens per answer run 0.02 < 0.35 < 0.39, and
AIME?24 /no_think length follows the same order, 1,329 < 4,101 < 5,597 tokens.

The Necessity of Post-training: Qwen3-4B vs. Qwen3-Base. To isolate the impact of
post-training, we evaluated Quwen3-4B-Base (the raw pretrained weights). While this base
shows reasonable performance on simpler benchmarks like MATHS500, its performance
collapses on the high-difficulty AIME24 tasks. In many cases, the base-initialized PLE fails
to converge on a coherent reasoning strategy, often exceeding token limits without reaching
a solution. This result underscores that PLE requires a backbone that has already acquired
basic instruction-following and logical structuring capabilities. Relying solely on the PLE to
“learn” reasoning from scratch is insufficient for complex domains.

5.2 Effect of training dataset

We investigate the impact of dataset quality and composition on PLE training. Specifically,
we compare the OpenR1 dataset used in Wang et al. (2025), constructed from OpenR1-
Math (Hugging Face, 2025) and Superior-reasoning: our improved dataset featuring harder
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Figure 5: Ablation on training dataset (AIME24) for two backbones: Qwen3-4B-Instruct (top)
and Qwen2.5-7B-Instruct (bottom). “Superior”: PLE trained on our high-difficulty dataset
with longer CoT traces; “OpenR1”: on simpler data. On Qwen3-4B-Instruct, Superior wins
in both modes (61.33% vs. 48.00% /think; 44.67% vs. 14.00% /no_think) and reasons more
efficiently (5.46 vs. 34.46 reflective tokens in /think). On Qwen2.5-7B, OpenR1 remains
competitive—dataset difficulty must match backbone capacity.

reasoning questions and higher-quality responses. Our findings are summarized in Figure 5
and Table 24 (Appendix A.12), and point to a trade-off between proficiency and mode purity.

We investigate the impact of dataset quality and difficulty on PLE training by comparing
two distinct sources: the OpenR1 dataset (a relatively simpler collection) and our Superior-
reasoning dataset (higher difficulty and longer reasoning chains). Our analysis, supported
by Table 24 and Figure 5, reveals how data composition interacts with architectural experts.

Difficulty-Capacity Alignment. A key observation from our ablation is that the effectiveness
of a dataset is closely tied to the inherent capability of the backbone. As shown in Table 24,
the simpler OpenR1 dataset yields better relative gains when paired with the Qwen2.5-7B-
Instruct backbone. Conversely, the more challenging Superior-reasoning dataset excels when
paired with the more capable Qwen3-4B model.

For the Qwen3-4B backbone, the advantage of the superior dataset is particularly pro-
nounced in the /no_think mode, where it significantly outperforms the OpenR1 baseline
in accuracy. This suggests that as backbones become more proficient, they require higher-
quality, “harder” data to fully specialize their dual experts. We conclude that dataset
“difficulty” must be aligned with the backbone’s capacity to achieve optimal results.

The Leakage-Performance Trade-off. While the Superior-reasoning dataset provides clear per-
formance benefits, it also induces more noticeable reasoning leakage compared to OpenR1.
We attribute this to the nature of the data: the superior dataset contains significantly longer
and more complex chain-of-thought (CoT) traces. These high-intensity reasoning patterns
appear to be more “contagious,” exerting greater pressure on the architectural separation
and making the /no_think expert more prone to emitting reflective artifacts.

This represents a fundamental trade-off in hybrid thinking: achieving the highest levels of
reasoning proficiency often requires sacrificing a degree of mode-control purity. In most
practical scenarios, we argue that this trade-off is acceptable, as the gains in /no_think
accuracy and /think depth outweigh the presence of minor leakage artifacts.
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5.3 Isolating the architectural contribution from added parameters

Do PLE’s gains come from deterministic routing, or merely from extra parameters? From
an identical Qwen3-4B-Base checkpoint we train a think-only and a no_think-only specialist
on matched data, and compare both against Base-PLE trained on the combined data and
against a naive weight-merge of the two specialists. Across MATH500, AIME24, and GPQA-
Diamond, Base-PLE matches or exceeds both dedicated specialists within one model, while
the weight-merge collapses accuracy on AIME24 and MATHS500 and still leaks reasoning in
/no_think mode (Table 13; full tables in Appendix A.9).

An initialization-equivalence test confirms the source: before fine-tuning, PLE is token-
for-token identical to the backbone on 12/12 prompt-mode pairs and all 108/108 tensors
match numerically, so the extra expert contributes nothing until training decouples the
two objectives. Relative to deploying two independent models, PLE saves up to 33% of
a single model’s parameters (~1.67 x one model in total), at single-dense-model inference
cost (Table 11). Appendix A.11 separately rules out teacher-style bias from the distilled
/no_think targets.

6 Related Work

LLM Reasoning. Reasoning in LLMs has been advanced through RL (Guo et al., 2025;
Jaech et al., 2024; Team et al., 2025; Shao et al., 2024; Xie et al., 2025; Zeng et al., 2025) and
SFT (Li et al., 2025a; Muennighoff et al., 2025; Ye et al., 2025; Ji et al., 2025). Our work is
orthogonal: rather than improving reasoning quality, we focus on controlling when reasoning
occurs through architectural design.

Hybrid Thinking and Efficient Reasoning. Hybrid thinking (Sui et al., 2025) lets mod-
els switch between chain-of-thought and direct answering via control tokens, and has
been adopted by several recent systems (Comanici et al., 2025; Yang et al., 2025; Agarwal
et al., 2025; DeepSeek-Al, 2025). However, reasoning behaviors still leak into /no_think
mode. Wang et al. (2025) showed that training-level interventions—data scale, ratio tuning,
multi-stage schedules—reduce but cannot eliminate this leakage. Other efficiency-oriented
approaches include CoT compression (Xia et al., 2025; Zhang et al., 2025a; Xu et al., 2025;
Aytes et al., 2025), early stopping (Fu et al., 2024), and preference optimization (Team, 2025a).
Unlike all of these, we address leakage at the architectural level.

Mixture-of-Experts. MoE architectures (Shazeer et al., 2017; Fedus et al., 2022; Lepikhin
et al., 2020; Jiang et al., 2024; Dai et al., 2024) use learned token-level routers for condi-
tional computation, but face challenges including load imbalance, training instability, and
the need for auxiliary balancing losses. Most relevant to our setting, Metis-HOME (Lan
et al., 2025) applies a two-expert MoE with a learned router to hybrid thinking, differing
from PLE in routing (a trainable gate vs. our parameter-free control-token lookup) and
in modality (vision-language vs. text-only). Substituting a learned router into our setting
would change the research question from “can deterministic routing achieve clean mode
separation?” to “which router design wins?”—a different paper. We compare the design
space in Appendix A.5 (Table 8).

7 Conclusion

In this paper, we argued that reasoning leakage in hybrid-thinking models is partly an
architectural problem. We introduced Path-Lock Expert (PLE), a minimal modification that
replaces each decoder MLP with two semantically locked experts routed deterministically
by control tokens. Across math and science benchmarks on two model families, PLE sub-
stantially strengthens the /no_think mode—reducing reflective tokens, shortening outputs,
and improving accuracy—while preserving /think performance. Our ablations further
show that PLE’s effectiveness depends on backbone initialization and dataset-capacity
alignment. These results demonstrate that separating mode-specific feed-forward pathways
is a straightforward and effective complement to training-level interventions for achieving
more controllable hybrid thinking models.

10
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A Appendix

LLM Usage Statement

The authors used LLM-based assistants to help with LaTeX editing, polishing writing,
proofreading, and code implementation; all content was reviewed and verified by the

authors.

A.1 Supplemental Results for Main Experiment Results
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Figure 6: Accuracy, average output length, and per-answer reflective token count on
MATHS500 for two PLE instantiations (Qwen2.5-7B, top; Qwen3-4B, bottom) compared
with baselines, in the same format as Figure 3. “Instruct” is shown under its single default-
mode response (no control-token suffix appended).

Table 3: Reasoning leakage comparison on MMLU-STEM and MMLU-full. Same setup

and notation as Table 2.

Model Type Mode MMLU-STEM MMLU-full
Acc. Len. #Refl./Ans.  Acc. Len. #Refl./Ans.
Instruct Think N/A N/A N/A N/A N/A N/A
No-think  62.00 211 0 73.82 275.01 0.0000
Qwen2.5-7B 3 Think 85.82 3100 24.74 — - -
SFT-only  Njo-think 5944 774 0.83 - - -
Ours Think 88.89 429 0 - - -
No-think 92.22 139 0.00 76.28 357.27 0.0000
Instruct Think N/A N/A N/A N/A N/A N/A
No-think 87.54 295.95 0.05 79.79  264.88 0.02
Qwen3-4B SFT-onl Think 9096 1491.51 0.22 7843 2777.88 2.69
Y No-think 8671 263.92 0.06 75.58 188.76 0.16
Ours Think 91.06 1606.65 0.49 78.17 3175.23 2.85
No-think 86.61 180.19 0.02 7560 117.18 0.00
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A.2 Results with the Native Hybrid Qwen3-4B Backbone

These tables report PLE initialized from the native hybrid-thinking Qwen3-4B checkpoint,
rather than from the Qwen3-4B-Instruct checkpoint used for the Qwen3 family in the main
text (Section 4.1). Initializing both families from an Instruct checkpoint keeps the main-
text comparison structurally symmetric; the hybrid-initialized variant is reported here for
reference.

Table 4: Results with the native hybrid-thinking Qwen3-4B backbone on MATH500 and
AIME24. “Hybrid” is the off-the-shelf checkpoint; “Ours” is PLE initialized from it. No
SFT-only baseline was run on this backbone.

MATH500 AIME24
Acc. Len. #Relf./Ans. Acc. Len. #Relf./ Ans.
Think 92.02 4679.54 19.60 61.67 11595.51 45.85

Type Mode

Hybrid (o think 8222 100413 012 2067 463637 2.54
oure _Think 948 605045 356 60.00 3173318 7.02
No-think 80.80  676.78 0.13 100  5597.0 0.39

Table 5: Results with the native hybrid-thinking Qwen3-4B backbone on MMLU-STEM and
GPQA-Diamond. Same setup as Table 4.

T MMLU-STEM GPQA-Diamond
ype Mode
Acc. Len. #Refl./Ans. Acc. Len. #Refl./Ans.
Hvbrid Think 90.26 2338 16.82 53.13 7615 67.01
y No-think 8449 612 0.01 42.83 1504 0.08
Ours Think 92.22 1041 0 48.00 25741 5.14
No-think 83.70 253 0.01 40.00 402 0.00

A.3 Additional Main-Results Figures

Composite accuracy/length/reflective-token figures for the remaining three benchmarks
not already shown in Figure 3 (AIME24, main text) or Figure 6 (MATHS500, above), in the
same format. “Instruct” rows in all three figures show each model’s single mode response
(no control-token suffix appended).

A.4 Model-Based Judge Validation of the #Refl./Ans. Metric

To confirm that #Refl. / Ans.—a keyword-count metric—captures genuine implicit reasoning
rather than surface token matches, we apply an external LLM judge (GPT-OSS-20B) to
off-the-shelf hybrid-thinking baselines (not PLE, to avoid circularity) across three model
sizes (Qwen3-4B, Qwen3-8B, Qwen3-14B) and three benchmarks. The judge classifies each
response three-way (no / implicit / explicit reasoning). Table 6 reports agreement between
the judge’s verdict and #Refl./ Ans.: /no_think outputs flagged as leaking by #Refl./Ans.
are independently judged as containing implicit reasoning in 92-100% of cases, and /think
outputs with high #Refl. / Ans. are judged as explicit reasoning in 94-100% of cases. Table 7
further reports a true-negative control: a genuinely non-hybrid model (Qwen2.5-7B-Instruct)
shows #Refl. = 0 on every benchmark, and the judge independently and consistently returns
“no reasoning,” confirming the metric does not fire on outputs that are already direct.
Because this validation uses independent off-the-shelf baselines rather than PLE itself, it
establishes that #Refl./ Ans. is a valid leakage signal in general, which then applies to our
own results without circularity.
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Figure 7: Ablation on training dataset (AIME24) with the native hybrid-thinking Qwen3-
4B backbone. “Superior”: PLE trained on our high-difficulty dataset with longer CoT
traces; “OpenR1”: trained on simpler data. Results for Qwen3-4B (top) and Qwen2.5-
7B (bottom). On the stronger Qwen3-4B backbone, Superior yields higher accuracy and
fewer /think reflective tokens (7.02 vs. 26), suggesting higher-quality data enables more
efficient reasoning. On the weaker Qwen2.5-7B, OpenR1 performs comparably, indicating
dataset difficulty must align with backbone capacity. Both maintain near-zero /no_think
leakage, though Superior produces slightly more reflective artifacts (0.39 vs. 0 on Qwen3-4B),

illustrating a leakage—performance trade-off.
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Figure 8: Accuracy, average output length, and per-answer reflective token count on GPQA-
Diamond for two PLE instantiations (Qwen2.5-7B, top; Qwen3-4B, bottom) compared with
baselines, in the same format as Figure 3. “Instruct” is shown under its single default-mode
response (no control-token suffix appended).

A.5 Extended Related-Work Discussion: Positioning Against Learned-Router and
Parameter-Adaptation Methods

PLE is one instance of a broader family of mode-specific parameter separation designs, which

also includes adapter/LoRA-based approaches and learned or soft-routing Mixture-of-
Experts (MoE) methods. We expand here on how PLE differs from each.
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baselines, in the same format as Figure 3. “Instruct” is shown under its single default-mode
response (no control-token suffix appended).
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Figure 10: Accuracy, average output length, and per-answer reflective token count on full
MMLU for the Qwen3-4B PLE instantiation compared with baselines, in the same format
as Figure 3. “Instruct” is shown under its single default-mode response (no control-token

suffix appended).

Learned and soft-routing MoE. Token-level MoE architectures (Shazeer et al., 2017; Fedus
etal., 2022; Lepikhin et al., 2020; Jiang et al., 2024; Dai et al., 2024) learn a gating network that
selects experts per token, typically requiring auxiliary load-balancing losses and incurring
routing overhead at every layer. Metis-HOME (Lan et al., 2025) is the closest such system to
our setting: it applies a two-expert MoE with a learned router to hybrid thinking, trained
via a multi-stage RL+SFT pipeline. PLE differs on two axes simultaneously: (1) routing
mechanism—PLE uses a deterministic, parameter-free control-token lookup resolved once
per sequence, with no learnable gate, no routing supervision, and no balancing loss, whereas
Metis-HOME's router is trained; and (2) modality and scope—Metis-HOME operates on
cross-modal vision-language inputs, while PLE is text-only. These differences make a direct
head-to-head comparison uninformative: substituting a learned router into our architecture
would answer a different question (which router design is best?) than the one this paper asks
(is deterministic, parameter-free routing sufficient to achieve clean mode separation?). We therefore
position learned-router MoE methods, including Metis-HOME, as related work rather than
as baselines.

Adapters and LoRA-style methods. An alternative approach to mode-specific behavior
is to keep a single shared backbone and attach lightweight, mode-conditioned adapter or
LoRA modules that are switched in or out per mode. Such methods trade parameter cost
for a different failure mode: because the adapted capacity is small relative to the backbone,
they may be less able to fully decouple two competing generation objectives (extended
deliberation vs. concise direct answering) from the shared feed-forward pathway, which is
precisely the interference PLE targets by giving each mode a full, independent MLP. We
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Table 6: Model-based judge validation of #Refl./Ans. as a genuine (not surface-level)
leakage signal, on off-the-shelf Qwen3 hybrid baselines. Judge: GPT-OSS-20B, three-way
no/implicit/explicit verdict.

Benchmark Model Mode  OutputLen. #Refl. Judge verdict (agreement)
Qwen3-4B  No-think 969 210 Implicit reasoning (100%)
Qwen3-4B Think 4750 163160  Explicit reasoning (98%)
MATHS500 Qwen3-8B  No-think 1044 113 Implicit reasoning (92%)
Qwen3-8B Think 4419 154670  Explicit reasoning (98%)
Qwen3-14B  No-think 885 131 Implicit reasoning (98%)
Qwen3-14B  Think 4468 127342 Explicit reasoning (98%)
Qwen3-4B  No-think 5022 672 Implicit reasoning (94%)
Qwen3-4B Think 11410 21481  Explicit reasoning (94%)
AIME24 Qwen3-8B  No-think 4677 24 Implicit reasoning (98%)
Qwen3-8B Think 11578 23222 Explicit reasoning (96%)
Qwen3-14B  No-think 4013 74 Implicit reasoning (98%)
Qwen3-14B  Think 11341 18814  Explicit reasoning (98%)
Qwen3-4B  No-think 1504 150 Implicit reasoning (100%)
Qwen3-4B Think 7615 132680  Explicit reasoning (100%)
. Qwen3-8B  No-think 1245 196 Implicit reasoning (96%)
GPQA-Diamond 5,003 88 Think 7481 131701  Explicit reasoning (98%)
Qwen3-14B  No-think 1294 181 Implicit reasoning (98%)
Qwen3-14B  Think 7246 105493  Explicit reasoning (96%)

Table 7: True-negative control: a non-hybrid Instruct model shows zero reflective tokens
and is consistently judged “no reasoning,” confirming the metric does not fire on genuinely
direct outputs. Compare to the hybrid baseline (Qwen3-8B), which shows non-zero #Refl.
and is judged implicit reasoning on all three benchmarks.

Benchmark Model Output Len.  #Refl. Judge verdict
MATHS500 Qwen2.5-7B-Instruct 703 0 No reasoning
MATH500 Qwen3-8B (hybrid) 1044 113 Implicit reasoning
AIME24 Qwen2.5-7B-Instruct 1729 0 No reasoning
AIME24 Qwen3-8B (hybrid) 4677 24 Implicit reasoning
GPQA-Diamond Qwen2.5-7B-Instruct 775 0 No reasoning
GPQA-Diamond Qwen3-8B (hybrid) 1245 196  Implicit reasoning

view adapter-based mode separation as a complementary, more parameter-efficient point in
the same design space, and a natural direction for follow-up work rather than a claim this
paper makes.

General multi-task parameter separation. Beyond hybrid thinking specifically, multi-task
learning more broadly has explored task-specific sub-networks, mixture-of-adapters, and
conditional computation to reduce cross-task interference. PLE’s contribution within this
space is narrow and specific: a minimal, two-expert instantiation targeted at the think/no-
think mode boundary, using the control token already present in the hybrid-thinking
interface as a free, deterministic routing signal—requiring no additional supervision beyond
what standard hybrid-thinking SFT already provides.

Table 8 summarizes these design-space differences along structural properties only; it makes
no performance claims and reports no numbers, since we did not run these methods as
baselines (see main text above for why).

A.6 Routing Mechanism: Formal Description, Validation, and Worked Example
Each input sequence is assigned a single routing index r € {0,1} (r=0: /no_think — expert

0; r=1: /think — expert 1). This index is shared across all tokens and all layers for that
sequence; there is no learnable gate or router parameter anywhere in the model.
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Table 8: Structural comparison of mode-specific parameter-separation designs. Properties
only—no performance numbers or claims of superiority, since these methods were not run
as baselines in this paper (see Section 6).

(a) Routing

Method Routing signal Learnable routing params Granularity
PLE (ours) User-specified control None Sequence-level (one

token decision per sequence)
Learned / soft-routing  Learned gate Yes Token-level (per-token
MoE (trained) top-k)
Adapters / LoRA-style Mode flag selects None for selection; Sequence- or

adapter adapter weights are module-level

trained

General multi-task Task/mode identifier Varies by method Typically task-level
separation
Metis-HOME (Lan Learned Yes Token/query-level
etal., 2025) query/token-level

gate

(b) Architecture and cost

Method Aux. balancing loss What is duplicated
PLE (ours) None Full MLP per mode
Learned / soft-routing Required Full MLP per expert
MoE
Adapters / LoRA-style None Low-rank adapter, not full MLP
General multi-task Varies by method Task-specific sub-network (size varies)
separation
Metis-HOME (Lan Required (MoE-style)  Full expert MLP (2 experts: think/non-think)
et al., 2025)

Primary routing: registered control tokens. In the primary setup, /think and /no_think
are registered as dedicated special tokens, and routing is detected by an anchor-
bounded, last-occurrence-wins scan over the prompt region. The detector locates the
last <|im_start|>assistant boundary token pair and searches only before it, structurally
excluding the assistant’s own response from influencing routing. Within the prompt, the last
control token found is taken as the sequence’s routing intent, which naturally handles multi-
turn inputs containing multiple control words. If no control token is found, a safe-mode
default applies: strict mode (training and strict evaluation) raises an error, while non-strict
mode falls back to config.default_routing_index. The index is computed once at the start
of model. forward and propagated to every layer; during generation, it is detected at prefill
and cached for all subsequent decode steps, keeping prefill and decode routing consistent.

Fallback routing: unregistered control tokens. For backbones where the control words
cannot be registered as atomic tokens, the same detector operates at the decoded-string level
with guarded matching, so a single mechanism covers both regimes. Some tokenizers cannot
register /think and /no_think as atomic tokens; they split into subwords that can collide
with ordinary text (e.g., the substring _th inside /think colliding with a word like R_th). The
fallback detector operates on the tokenizer.decode string with a guarded regular expression:
a negative lookbehind excludes the </think> closing tag, a negative lookahead blocks longer
substrings such as /think_hard, and the alternation order places /no_think before /think to
avoid a prefix-overlap match. Because tokenizer.decode maps both the registered-token
and the multi-subword case to the same surface string, one detector implementation covers
both regimes with no code branching.

Edge cases. The detector explicitly handles: (i) no control token present in the prompt
(safe-mode default, see above); (ii) multiple control tokens in a multi-turn prompt (last
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occurrence wins); (iii) control-token-like substrings appearing inside the model’s own
generated response (structurally excluded, since the scan region is bounded to end at the
prompt/response anchor); and (iv) tokenizers that cannot register the control words as
atomic tokens (string-level fallback with guarded regex, above).

Table 9: Routing detection robustness, validated on the full training set and a unit-test suite.

Property Result

Anchor (prompt/response boundary) found — full training 37,500 / 37,500 (100%)
set

Detection accuracy (decoded-string + guarded regex) 37,500 / 37,500 (100%)
Adversarial injection false-positives 0 /37,500
Routing & dispatch unit tests (detection / expert-selection 42 / 42 pass

correctness / backward-compat / batching)

Worked example. Table 10 traces the routing decision end-to-end for a representa-
tive prompt ending in /think (“...leap year? /think”). The detector locates the last
<|im_start|>assistant anchor, scans only the prompt region to its left, finds /think as
the last control-token match, and sets routing_index=1, activating expert 1 (/think) for
every layer and decoding step. Swapping only the final control token to /no_think changes
exactly the last three rows of the trace—the matched token, the routing index, and the acti-
vated expert—while every other step of the pipeline (attention, embeddings, normalization
layers, the LM head) is identical.

Table 10: Typical-case token trace for a representative /think-routed prompt.

Stage Content

Prompt tail ... leap year? /think <|im_end|>

Anchor (boundary) <|im_start|>assistant

Scan region Everything left of the anchor (the prompt)

Decode — regex Last match = /think

Decision routing_index=1 — expert 1 (think), all layers, all steps
Output shape Non-empty <think>...</think> + full answer

Activated vs. total parameters. Table 11 summarizes the parameter accounting underlying
the efficiency claim in Section 4. The routing index selects one expert, and that expert’s
MLP is called directly for the whole sequence; there is no per-token gather/scatter and no
dispatch machinery. One MLP is evaluated per sequence, so PLE’s per-sequence activated
parameters and MLP FLOPs equal a single dense model’s by construction; the only overhead
relative to a dense model is the storage of one extra expert MLP.

Table 11: Total vs. activated parameters. PLE shares attention, embeddings, norms, and the
LM head across both experts; only one additional expert MLP is stored, and sequence-level
routing activates a single expert at inference.

Total params Activated params / sequence
Dense backbone P P
Two independent models 2P P (per model)
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A.7 Supplemental Results for Ablation Studies

A.7.1 Supplemental Results for Backbone Weight Ablation

Tables 23 and 25 extend the ablations beyond the mathematical benchmarks and clarify the
scope of our claims.

MMLU-STEM favors concise, nearly artifact-free direct answering. Across several ini-
tializations, /no_think accuracy on MMLU-STEM stays close to /think accuracy (typically
within a few points, and exceeding it for some initializations) while remaining short and
consistently near-artifact-free—reflective-token counts stay near zero in /no_think mode
across every model we evaluate, including the off-the-shelf baseline. This may simply reflect
that many MMLU-STEM questions can be answered correctly without extended reason-
ing. These results reinforce the practical motivation for hybrid thinking: a well-behaved
/no_think mode should not be interpreted as a fallback setting.

GPQA-Diamond is more backbone-dependent. The GPQA results are more mixed.
/no_think leakage remains low, but accuracy depends strongly on the initialization and
training dataset. We view this as an important boundary of our claim. PLE addresses mode
interference; it does not by itself supply missing scientific knowledge or guarantee uniformly
strong direct answering on every benchmark. The most stable conclusion on GPQA is
therefore about control rather than universal accuracy gains.

Why these supplementary results matter. Taken together with the main math results,
the appendix suggests a simple task-dependent picture. Architectural separation is most
valuable when a model must clearly choose between “reason deeply” and “answer directly.”
On benchmarks that mainly test retrieval or short reasoning, the main benefit of PLE is a
clean and efficient /no_think mode; on long-horizon mathematical benchmarks, it can also
substantially improve /no_think accuracy.

A.8 Behavioral Probe of the Instruct Backbone

Quwen3-4B-Instruct exposes a single response mode, with no control token to select between
reasoning and direct answering. To characterise how that mode actually behaves, we evalu-
ate the off-the-shelf checkpoint twice: once on the bare prompt, and once with /no_think
appended.

Table 12: Behavioral probe of the off-the-shelf Qwen3-4B-Instruct backbone. “Plain” is the
bare prompt; “/no_think” appends the control token used by hybrid-thinking models.

Benchmark Prompt Acc. (%) Avg.Len. #Refl./Ans.
AIME24 l/jrlm?)i,r;hink S6.67 7050 L1
MATHSOO DRk oi%  des 030
GPoADiamond R\ pn 4w 0w
MMLUSTEM o0 7R 2% 004

Two observations follow. First, the backbone reasons at length by default: on AIME24 it
emits over 9,000 tokens carrying two reflective tokens per answet, so its single mode is a
reasoning mode rather than a direct-answer mode. Second, appending /no_think does not
give it a direct-answer mode, however slightly but consistently reduces both its performance
and reasoning leakage: it emits slightly less tokens and reflective tokens per answer than
default mode on all 4 benchmarks. While on other three benchmarks its accuracy moves by
at most 0.3 points, on AIME24, the accuracy drops by 6.66%, Both observations are consistent
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with its lineage as a non-thinking release derived from a hybrid-thinking base (Yang et al.,
2025; Team, 2025b), and they motivate supplying the direct-answer path architecturally
rather than through prompting.

A.9 Two-Separate-Models Controlled Ablation

All models below are trained from an identical Qwen3-4B-Base checkpoint on matched data,
isolating the effect of deterministic routing from any difference in base weights or data.
“Specialist” models are trained on only one mode’s data; “weight-merge” naively averages
the two specialists” weights with no routing mechanism.

Table 13: Base-PLE (PLE initialized from Qwen3-4B-Base) vs. single-mode specialists and a
naive weight-merge, all trained from an identical Qwen3-4B-Base checkpoint on matched
data. Accuracy (%) shown; per-benchmark tables with output length and #Refl./ Ans. follow
below.

Model MATH500 AIME24 GPQA-Diamond
Think-only specialist (think mode) 80.50 22.00 30.30
No_think-only specialist (no-think mode) 64.30 4.70 31.00
Weight-merge of the two specialists 66.50 9.30 32.90
Base-PLE, think 82.40 21.33 34.00
Base-PLE, no_think 64.50 3.33 34.00

Table 14: AIME24 — PLE vs. single-mode specialists and weight-merge.

Model Acc. (%) Avg.Len. #Refl./Ans.
Qwen3-4B-Base + think-only data 22.00 28895 13.53
Qwen3-4B-Base + no_think-only data 4.70 941 0.07
Weight-merge of the two specialists 9.30 4062 3.76
Base-PLE, think 21.33 27698 12.37
Base-PLE, no_think 3.33 1244 0.09

Table 15: MATH500 — PLE vs. single-mode specialists and weight-merge.

Model Acc. (%) Avg.Len. #Refl./Ans.
Qwen3-4B-Base + think-only data 80.50 10390 4.73
Qwen3-4B-Base + no_think-only data ~ 64.30 358 0.02
Weight-merge of the two specialists 66.50 1044 212
Base-PLE, think 82.40 8514 4.64
Base-PLE, no_think 64.50 368 0.02

Table 16: GPQA-Diamond — PLE vs. single-mode specialists and weight-merge.

Model Acc. (%) Avg.Len. #Refl./Ans.
Qwen3-4B-Base + think-only data 30.30 19742 24.86
Qwen3-4B-Base + no_think-only data ~ 31.00 457 0.21
Weight-merge of the two specialists 32.90 1152 2.95
Base-PLE, think 34.00 18433 37.33
Base-PLE, no_think 34.00 397 0.02

The initialization-equivalence test (12/12 prompt-mode pairs byte-identical; 108/108 pa-
rameter tensors numerically equal at init) and the parameter accounting (P + Ay p ~ 1.67P
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for PLE vs. 2P for two independent models, a ~ 0.33P saving) are reported in Appendix A.6
(Table 11); we do not repeat the derivation here to avoid duplication.

A.10 Generalization: Llama-3.1-8B and Full MMLU

To test generalization beyond the Qwen family and beyond math/STEM tasks, we apply
PLE to Llama-3.1-8B (trained on OpenR1 data at the 20k scale, matching the data scale of
the SFT-only comparison recipe) and evaluate on full MMLU (57 subjects, 14,042 questions)
with the Qwen3-4B backbone used throughout the main paper. In Tables 17 to 20, the
“Instruct” row is the off-the-shelf Llama-3.1-8B-Instruct model (no-think only, no hybrid
capability); “+SFT only” is a dense two-phase SFT hybrid recipe following Wang et al. (2025)
at the matched 20k data scale; “PLE” is our architecture applied to the same backbone and
data.

Table 17: Cross-family generalization (Llama-3.1-8B): MATHS500.

Model Mode Acc. (%)
Llama-3.1-8B-Instruct No-think 49.3
Llama-3.1-8B-Instruct + SFT only ~ No-think 47.2
Llama-3.1-8B-Instruct + SFT only =~ Think 68.6
Llama-3.1-8B-PLE No-think 56.0
Llama-3.1-8B-PLE Think 66.4

Table 18: Cross-family generalization (Llama-3.1-8B): AIME24.

Model Mode Acc. (%)
Llama-3.1-8B-Instruct No-think 6.0
Llama-3.1-8B-Instruct + SFT only ~ No-think 4.3
Llama-3.1-8B-Instruct + SFT only Think 7.0
Llama-3.1-8B-PLE No-think 12.0
Llama-3.1-8B-PLE Think 18.0

Table 19: Cross-family generalization (Llama-3.1-8B): GPQA-Diamond.

Model Mode Acc. (%)
Llama-3.1-8B-Instruct No-think 30.5
Llama-3.1-8B-Instruct + SFT only = No-think 26.7
Llama-3.1-8B-Instruct + SFT only =~ Think 36.3
Llama-3.1-8B-PLE No-think 32.0
Llama-3.1-8B-PLE Think 38.0

Table 20: Cross-family generalization (Llama-3.1-8B): MMLU-STEM.

Model Mode Acc. (%)
Llama-3.1-8B-Instruct No-think 53.0
Llama-3.1-8B-Instruct + SFT only ~ No-think 53.4
Llama-3.1-8B-Instruct + SFT only =~ Think 77.3
Llama-3.1-8B-PLE No-think 76.7
Llama-3.1-8B-PLE Think 78.9

A.11 Ruling Out Data-Construction Bias

Because PLE and its dense SFT baseline (the “SFT-only” row in Table 2) are trained on
the identical Qwen3-235B-distilled dataset—same teacher, same filtering pipeline, same
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Table 21: Full MMLU (57 subjects, 14,042 questions), Qwen3-4B backbone; the same results
are shown graphically in Figure 10. t: PLE think accuracy is over the full question set;
average length and #Refl. /response for PLE think are over a 90.6% subset (56/57 subjects;
professional_law partially truncated).

Model Mode  Acc.(%) Avg.Len. #Refl./response
No_think-only SFT (single mode) No-think 46.2 268 0.001
Think-only SFT (single mode) Think 75.2 3723 36.804
Qwen3-4B (off-the-shelf hybrid) =~ No-think 75.1 583 0.003
Qwen3-4B (off-the-shelf hybrid) Think 79.8 1916 13.500
SFT-recipe (Wang et al., 2025) No-think 57.1 1548 0.646
SFT-recipe (Wang et al., 2025) Think 76.9 2823 19.548
PLE (ours) No-think 73.4 164 0.003
PLE (ours) Think 77.3% 2349t 4.803t

examples—any teacher-style bias in the /no_think targets would inflate both equally, and
cannot selectively favor PLE. As a direct test, we further retrain PLE on a newer, more
aggressively condensed /no_think dataset: a stronger model rewrites each full chain-of-
thought into a concise, reasoning-free answer, an even more aggressive direct-answer
construction than the original filtering pipeline. If teacher-style distillation were inflating
/no_think performance, this more aggressively condensed data should help further; instead,
Table 22 shows it makes /no_think accuracy substantially worse (AIME24: 40.0% — 3.3%;
MATH500: 80.8% — 64.3%), with /think accuracy also somewhat lower. This is the opposite
of what a teacher-bias explanation predicts, and is consistent with PLE’s benefit being
architectural rather than a data-construction artifact. We note that identifying the single best
/no_think-construction recipe is outside this paper’s scope; the architecture is a separable,
independently improvable component.

Table 22: Data-construction-bias ablation: PLE retrained on the original vs. a more aggres-
sively condensed /no_think dataset (Qwen3-4B-Base). Condensation worsens /no_think
accuracy, ruling out teacher-style bias inflation as an explanation for PLE’s gains.

Benchmark Training data Mode Acc. (%)
Original data (as in the paper) Think 60.0

AIME24 Original data (as in the paper) No-think 40.0
Condensed /no_think data (new) Think 53.3
Condensed /no_think data (new) No-think 3.3
Original data (as in the paper) Think 94.8
Original data (as in the paper) No-think 80.8

MATH500 Condensed /no_think data (new) Think 91.0

Condensed /no_think data (new) No-think 64.3

A.12 Supplemental Results for Dataset Ablation
A.13 Broader Impact and Future Applications

Agents. Agent trajectories interleave routine steps—parsing a tool result, filling a tem-
plate, deciding which file to open—with a much smaller number of genuinely deliberative
ones (Yao et al., 2023). Because agent benchmarks score long horizons in which each step
conditions the next, residual leakage compounds rather than staying local, so a /no_think
mode that can be trusted lets a system spend tokens only where deliberation is actually
needed (Liu et al., 2024a; Yang et al., 2026a). The same property helps downstream: records
written back into long-term memory stay compact when the underlying responses are direct
rather than padded with abandoned reasoning (Shinn et al., 2023; Long et al., 2026; Chen
et al., 2026). It also composes with how agent capabilities are increasingly packaged—a
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Figure 11: Ablation on backbone choice (MATHS500); same models as Figure 4. PLE is
initialized from “Qwen2.5-7B-Instruct” (pure instruction-tuned weights), “Qwen/Qwen3-
4B-Instruct-2507", “Qwen3-4B Base” (raw pretrained weights), or “Qwen3-4B (hybrid)”
(hybrid-thinking weights). Residual /no_think leakage again orders with each backbone’s
own reasoning behavior (0.00 for Qwen2.5-7B-Instruct < 0.05 for Qwen/Qwen3-4B-Instruct-
2507 < 0.13 for the hybrid variant). Unlike AIME24, the pretrained base stays usable on this
easier benchmark, though at the lowest /no_think accuracy.

Table 23: Backbone-weight ablation under superior-reasoning training data on MMLU-
STEM and GPQA-Diamond. We report accuracy (Acc., %), output length (Len.), and
reflective tokens per answer (#Refl./ Ans.).

Model Mode MMLU-STEM GPQA-Diamond
Acc. Len. #Refl./Ans. Acc. Len. #Refl./ Ans.

Qwen3-4B Think 94.44 - - 30.00 - -

Base No-think 88.89 - - 44.00 - -
Qwen3-4B Think  91.11 794 6.36 42.00 8268 3.26
€ No-think 93.33 117 0.06 26.00 298 0.00
Qwen3-4B Think  91.06 1606.65 0.49 49.49 15013.74 40.43
Instruct No-think 86.61 180.19 0.02 4586 736.34 0.23
Qwen2.5-7B  Think  88.89 429 8.16 34.00 7044 4.44
Instruct No-think 92.22 139 0.02 30.00 3857 0.00

skill library can declare the reasoning mode a skill expects at call time (Wang et al., 2024;
Yang et al., 2026b), and persistent multi-agent workspaces, where many calls are routine
bookkeeping, benefit from the same effect (Wang, 2026).

Conventional inference serving. In interactive deployment most everyday queries want
a short, direct answer, and a /no_think mode that reliably delivers one lowers both the cost
of a request and the time until the user has a complete response, while /think remains
available for the queries that need it. This acts on a different axis from most inference-time
work: it reduces how many tokens are generated in the first place rather than the cost
of producing each one. IO-aware exact attention and lossless weight compression leave
the token stream untouched (Dao et al., 2022; Zhang et al., 2025b), as does post-training
weight quantization or low-rank compression (Frantar et al., 2023; Lin et al., 2024; Wang
et al., 2026; Li et al., 2026), though quantization can also shift model behaviour rather than
merely compress it (Fu et al., 2025). Cache-side methods instead target the memory that
accumulates as generation proceeds (Liu et al., 2024b; Hariri et al., 2026b; Li et al., 2025b).
Because these axes are largely independent, an architectural mode boundary can be stacked
with any of them.
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Figure 12: Ablation on training dataset (MATH500) with the native hybrid-thinking Qwen3-
4B backbone (top) and Qwen2.5-7B-Instruct (bottom). “Superior”: PLE trained on our
high-difficulty dataset with longer CoT traces; “OpenR1”: trained on simpler data. On the
stronger Qwen3-4B backbone Superior wins in both modes, while on Qwen2.5-7B OpenR1
remains competitive—the same capacity-dependent pattern seen on AIME24 (Figure 7).

Table 24: Dataset ablation across different backbone weights. Leftmost column groups
results by dataset (OpenR1 vs. superior-reasoning 54k); within each group, we report
think /no-think performance for each backbone on MATH500 and AIME24. The Qwen3-4B

rows use the native hybrid-thinking checkpoint.

Dataset Backbone Mode MATH500 AIME24
Acc. Len. #Refl./Ans. Acc. Len. #Refl./Ans.

Qwen3-4B Think 80.00 16384 28.80 50.00 16384 19.40
Base No-think 56.00 16262 0.00 10.00 16384 0.00
OpenRl  Qwen3-4B Think  92.80 3409 0.02 52.00 9775 25.98
(hybrid)  No-think 51.60 529 0.04 16.00 906 0.00
Qwen2.5-7B  Think 86.00 3861 38.14 36.00 11794 62.76
Instruct  No-think 83.20 614 0.04 24.00 1329 0.02
Qwen3-4B Think  90.00 15769 7.00 20.00 16384 5.00
Superior- Base No-think 74.00 16224 0.00 30.00 16384 0.00
reasoning Qwen3-4B Think 94.80 6050 3.56 60.00 31733 7.02
54k (hybrid) ~ No-think 80.80 677 0.13 40.00 4708 0.39
Qwen2.5-7B  Think 86.40 2924 2.78 32.00 13809 8.16
Instruct  No-think 74.80 525 0.00 22.00 4120 0.02

Model architecture.

Conditional computation is the established route to spending capacity

selectively, activating a subset of parameters per token through learned sparse experts (Fe-
dus et al., 2022; Jiang et al., 2024). PLE occupies a deliberately minimal point in that space:
two experts, no router parameters, and a routing decision fixed once per sequence by a
token the interface already exposes. Methods that instead shorten reasoning after the de-
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Table 25: Dataset ablation across different backbone weights on MMLU-STEM and GPQA-
Diamond. Leftmost column groups results by dataset (OpenR1 vs. superior-reasoning);
within each group, we report think/no-think performance for each backbone. The Qwen3-4B
rows use the native hybrid-thinking checkpoint.

MMLU-STEM GPQA-Diamond
Acc. Len. #Refl./Ans. Acc. Len. #Refl./Ans.

Qwen3-4B Think  33.33 16384 19.40 8.00 16384 14.10
Base No-think 83.33 16384 0.00 24.00 16384 0.00

Qwen3-4B  Think 88.89 999 25.98 66.00 5372 16.88

Dataset Backbone Mode

OpenR1 (hybrid)  No-think 83.33 160 0.00 30.00 603 0.00
Qwen2.5-7B  Think 77.78 848 62.76 6.00 1821 41.00

Instruct  No-think 88.89 352 0.02 40.00 871 0.00

Qwen3-4B Think 94.44 - - 30.00 - -

Base No-think 88.89 - - 44.00 - -

Superior Qwen3-4B Think 91.11 794 6.36 42.00 8268 3.26
rears)onin (hybrid)  No-think 93.33 117 0.06 26.00 298 0.00
& Qwen2.5-7B  Think 88.89 429 8.16 34.00 7044 4.44
Instruct  No-think 9222 139 0.02 30.00 3857 0.00

cision to reason has been made (Sui et al., 2025) are complementary, since they act on the
length of a /think trace rather than on the boundary between modes. Both sit inside the
broader question of how inference-time compute should be allocated and compared across
regimes (Hariri et al., 2026a).

Post-training. The /no_think behaviour PLE produces is a property of post-training, not
of the architecture alone. Post-training effects are known to interact across domains in
order-sensitive ways, and training-level mitigation of leakage is itself sensitive to data scale
and mixture (Yang et al., 2026¢; Wang et al., 2025). Mode separation should therefore be
re-measured whenever the training mixture changes, rather than assumed to transfer from
one recipe to another.
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B Formal Architecture Specification

Path-locked dual-expert decoder Consider a standard pre-norm decoder layer:
l ! ) l l
Byt = b + Atin® (LN{T (00) ) ;0D =+ Mep® (INP () ()

attn —
PLE changes only the second part. Each decoder MLP is replaced by a pair of experts, and
the selected route r € {0,1} determines which expert is active:

B+ = nll, +MLp? (LN (8, @

where r = 0 denotes the /no_think expert and r = 1 denotes the /think expert. For the
Qwen backbones used in our main experiments, each expert preserves the source model’s
original SwiGLU-style MLP parameterization:

MLPY (x) = W) (¢(w(“)x) ® wﬁg”x), 3)

— "'down gate

where ¢(+) is the activation function and © is elementwise multiplication. The two experts
are structurally identical; they differ only in parameters and in which control mode activates
them. All non-MLP components remain shared across modes, including self-attention,
positional encoding, normalization, token embeddings, and the LM head. We duplicate
only the MLP because the two modes should share the same contextualization and stored
knowledge, but need not share the final feed-forward transformation that turns those
representations into long-form reasoning or concise direct answers. This makes PLE a
targeted intervention rather than a full model duplication scheme. Deterministic control-
token routing PLE does not use a learned router. Instead, routing is determined by control
tokens in the input. We register two tokenizer-level special tokens, /no_think and /think,
each represented by a single token ID. Given an input sequence X, the routing function is

1, if the final control token in x is /think,
r(x) =<0, if the final control token in x is /no_think, 4)
Tdefault» if NO control token is present,

where 7geaur = 0 routes to the /no_think expert. The last control token wins rule serves two
purposes. First, it makes routing fully deterministic and interpretable from the prompt alone.
Second, it allows a later template or system token to override an earlier user-supplied token
without introducing any learned gating behavior. During autoregressive generation, the
route is determined from the accumulated prompt at the first decoding step and then cached
and reused for all later steps. This ensures that the active expert remains fixed throughout
decoding. Our current implementation uses one scalar routing index per forward pass.
Accordingly, we do not mix /think and /no_think examples within the same batch; each
forward pass uses a single mode. This keeps the routing logic simple while preserving the
intended turn-level control semantics.

Routing-conditioned supervised fine-tuning We fine-tune PLE with standard causal lan-
guage modeling loss on chat-formatted examples tagged with either /think or /no_think.
Let B, denote a minibatch routed to mode r € {0,1}. The training objective is

lyl

LO:;B)=— Y. Y logpe(ye | xy<t;r). )
(xy)eB, t=1

Let 0y, denote the shared parameters and 6y, ; denote the two expert parameter sets.
Because only the routed expert is executed, for any batch using route r,

oL oL oL
9, 0 o6, #0, 90gh #0. ©

The inactive expert therefore receives no gradient, while the shared backbone is updated
by both modes. This is the central mechanism of PLE: it removes direct parameter sharing
between the two MLP pathways while still allowing both modes to benefit from a common
representational substrate. At the same time, because attention and output layers remain
shared, PLE should be understood as targeted architectural separation, not as full model
duplication.
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C Theoretical account: Path-Lock as partial block-diagonalization

This section formalizes PLE as a partially decoupled two-objective optimization problem.
The derivation is guided by three observations from prior work: (i) multi-task learning
is inherently multi-objective and can suffer from conflicting gradients (Sener & Koltun,
2018; Yu et al., 2020; Liu et al., 2021); (ii) expert routing is useful when different objectives
prefer different submodels (Jordan & Jacobs, 1994; Ma et al., 2018); and (iii) Transformer
feed-forward layers are a privileged locus for token-level prediction shaping (Geva et al.,
2021; 2022; Dai et al., 2022).

Setup. We model hybrid thinking as conditional language modeling with an observed
mode variable r € {0,1}, where r = 0 denotes /no_think and » = 1 denotes /think. Let

« = shared parameters (embeddings, attention, norms, LM head),
Bo = no-think expert parameters,
B1 = think expert parameters.

Thus the full parameter vector is

0 = ( Bo, p1)-

For an example (x,y,r), the PLE model defines

|yl

pe(y | x,7) = HPG(% | X, y<t; 0, Br) -
t=1

Observed-route formulation. Introduce an expert variable z € {0,1}. Because routing is
deterministic from the control token c,

p(z]e)=Hz=r(c)},

where r(c) is the route selected by the control-token rule. Therefore

po(y|xc) =Y pz|c)pely|xz)
z€{0,1}

Y. Hz=r()}poly|x2)

ze{0,1}
pe(y | x,r(c)).

Hence the route variable is observed, not latent. In this observed-route setting, a learned
router is not statistically necessary for identifying the routed conditional model; outside
this setting (e.g., if the route is unobserved or must be inferred at test time), a learned router
may still be useful or necessary.

Modeling assumption. The reduction from the control token c to the observed route r(c)
assumes that, within this theoretical abstraction, c¢ affects the conditional distribution only
through route selection:

po(y | x,¢,2) = po(y | x,2).

Equivalently, once the route z is fixed, the control token carries no additional route-
independent signal for prediction. If, in the implemented model, c is also processed by
the shared backbone through a distinct embedding or any other route-specific component,
then the identities below should be read as an abstraction that isolates routing from those
additional effects.

Dataset decomposition. Let

D =DyUDy,
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where Dy contains no-think examples and D; contains think examples. Define mode

frequencies

_ D)
DI’

Ty o+ m = 1.

For each mode, define the expected autoregressive loss

ly
Ly(a,Br) = E(xy)~p, l— Y logpe(ye | x,y<sa, [37)1 . )
t=1
Then the full PLE objective is
ly|
Lrre(a, Bo, B1) = Erxypop | — ) logpe(ye | x,y<ta, Br) ®)
t=1
= Z Ly (e, Br) )
re{0,1}
= moLo(a, fo) + 1 La(, p1)- (10)

Unless stated otherwise, all exact statements below refer to the example-weighted objective
in (10), with 77, = |D;|/|D|. The later length-asymmetry discussion explicitly switches to a
token-summed training heuristic. If training instead uses token-weighted normalization, or
adds auxiliary router losses, cross-expert regularizers, or other route-coupling terms, then
the gradient and Hessian identities below acquire additional additive terms.

Proposition C.1 (Exact expert-gradient decoupling). Under (10),
Vg, LrLE = 710V gy Lo,
Vg, LpLg = 11 Vg, L1,
VaoLprg = m1oVaLo + m1VaLly.

In particular,
V/goﬁl =0, V,B1£0 =0.

Proof. Differentiate (10) with respect to So:

Vi, LrLE = Vi, (ﬂoﬁo(“/ Po) + 1Ly (“/,31))

= ﬂovlgoﬁo + m Vlg0£1
=0
= ﬂoVﬁoﬁo.

The zero term appears because £ depends on ;1 but not on Sy.

Similarly,
Vg, Lre = Vg, (ﬂoﬁo(“/ Bo) + L (04,,51))
= Ty V,B1£0 +7T1V51£1
——

=0
= ﬂlvlglﬁl.

For the shared parameters &, both mode losses depend on «, so

VuLlprg = moVaLly + mVyLy.
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Pointwise consequence. For a single example (x;, y;, 7;), define

A
Ci(a, Bo, B1) = — ) _logpe(yis | xis Vi<t Br,)-
t=1
Then for any k € {0,1},
lyil ]
Y2 I ‘ . , —
s =1 Rap, syl v k= an
O, k#]"l‘.

So the inactive expert receives exactly zero gradient on that example.
All curvature-based statements below assume the relevant local second derivatives exist
and that differentiation may be interchanged with expectation in the usual way.

Partial block-diagonalization of the curvature. Let
HLSZ) = vi,bﬁr’ a/b € {(X,ﬁ(), ,Bl}
Because £ does not depend on 81 and £; does not depend on Sy,
2 _ 2 _
vﬁoﬁlchE =0, v.BlﬁOEPLE =0.

Hence the Hessian takes the form

moHY + 1y HLY NOHL%)O T H,Sg)l
VZACPLE = ﬂoHéOOL NoHéO(J?SO 0 . (12)
(1) (1)
7'[1H & 0 sl Hﬁlﬁl

Equation (12) is the precise sense in which PLE partially block-diagonalizes the hybrid-thinking
optimization problem: the expert blocks are exactly decoupled from each other, while both
remain coupled to the shared backbone.

This block structure is exact only for the direct expert—expert interactions in the stated
objective. It does not imply full disentanglement over training, because both modes remain
coupled through the shared parameters «a: an update from one mode can change «, which
in turn changes future gradients for the other mode.

Dense hybrid training as a conflicting shared-objective problem. Now consider a dense
baseline with the same shared backbone « but a single shared MLP parameter vector j. Its
objective is

Lgense(®, B) = m0Lo(a, B) + m1 L1 (e, B).
Let
g0 = VgLo(a,B), g1:= VgLi(a,B).
Then the dense expert gradient is
VpLgense = 080 + 7181-

Proposition C.2 (One-step interference criterion). Consider one SGD step with learning rate
7 >0:

A,Bdense = _77(770g0 + 7Tlgl)'
Then the first-order change in mode-0 loss is

Lo(B+ ABaense) = Lo(B) 1 (7ollgoll? + 189 81 ) +O0r?). (13)

Therefore the dense update increases the mode-0 loss at first order whenever
770
881 < *;Hgonz- (14)
1

The same statement holds symmetrically for mode 1.
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Proof. Take a first-order Taylor expansion of Ly around B:

Lo(B+ MBdense) = Lo(B) + g(—I)—A:Bdense + O(”A,Bdensenz)-
Substitute the dense update:

g(—)rA.Bdense = g(—lJ— [ - 77(”080 + ﬂlgl)]
= —117080 §0 — 7180 81
= —nmol|gol* — 771180 81-
Substituting back yields (13). The dense update increases L at first order iff

11 (mollol* + mgg 81) >0,
which is equivalent to (14). O
By contrast, under the same full-objective weighting, the expected PLE update for the
no-think expert is
Ao = —1m0go,
S0

Lo(Bo+ ABo) = Lo(Bo) — n7ollgoll* +O(7?),

with no cross-term involving g;. If one instead conditions on a mode-0 minibatch, the same
calculation gives ABy = —ngo. Thus PLE removes direct cross-mode interference exactly in
the expert parameters, while indirect coupling through the shared backbone remains.

A local quadratic theory of the dense compromise. To isolate the mechanism, fix the
shared parameters at some local value & and write

Ly(B) := Lr(&, B).

Proposition C.3 (Exact fixed-backbone dominance of separate experts). Fix any shared
parameter value &, and define L,(B) := L, (&, B). Then

g}llﬁfl moLo(Bo) + mL1(B1) < mﬁin moLo(B) + rt1L1(B)-

Proof. The dense model is the constrained subset of the separate-expert model obtained by
imposing Bp = B1 = B. Minimizing over the larger feasible set (o, 1) therefore cannot
yield a larger objective value than minimizing over the restricted set By = ;. O

Let B} denote a local minimizer of L,, and let H, > 0 be the local Hessian at that point. A
second-order Taylor expansion gives

1
Le(B) = Lr(By) + 5(B— B7) ' Hr(B = B7)- (15)
For the remainder of this subsection, it is convenient to promote (15) to the local surrogate

Lo(B) = Lo(B) + 5 (6~ 1) HilB — ),

and to interpret all equalities below in this subsection as statements about the surrogate L,,
not the exact nonquadratic loss L.

The dense expert objective becomes

Ldense(:B) = 7T0L0(,3) + Ly (:B) (16)
~ moLo(B3) + i La(B]) + 22 (B — B5) " Ho(B — B5) + - (B — 1) Hu(B — BY).
17)
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Expand the first quadratic term:

(B~ B5) " Ho(B — B5) = B Hop — 28" Hopf + (B5) " Hopj-
Expand the second:

(B—B7) Hi(B—p1) = BT Hip — 28" Hi i + (B7) " HiBi.

Substitute both expansions into (17):

1
Ldense(ﬁ) ~C+ i.BT(nOHO + 7T1H1).B - ﬁT(NOHO.BS + anlﬁDf (18)
where

C = moLo(B5) + mLu(B}) + 52 (B5) " HoBi + 5+ (B]) T Hipi.

Differentiate (18) with respect to 3
VgLdense(B) = (toHy + 711 Hy) B — (7o HoBg + 1 H1BY).
Setting the gradient to zero gives
(moHo + 711 H1) Bense = MoHopg + m1H1pY,
hence
Bliense = (70Ho + mmHy) ™" (o Ho + i HiBY), (19)
assuming 7o Hp + 711 Hj is invertible.

Equation (19) shows that the dense MLP is forced to sit at a curvature-weighted compromise
between the two mode-specific optima.

Theorem C.4 (Mode-conflict gap for the local quadratic surrogate). Under the local quadratic
model (15), the best PLE solution in the expert subspace is

(Bo, B1) = (Bo, B1),

with value

Lpr g = moLo(By) + 1Ly (BT)-
The dense model incurs excess loss

1
Aconﬂict = Ldense(ﬁgense) - ?’LE = E Z nr(ﬁgense - ﬁj)THr(:Baense - ;B;f) > 0. (20)
re{0,1}

Proof. For PLE, the expert-subspace objective is

Lpre(Bo, B1) = moLo(Bo) + 1 L1(B1)-

Because B and 8 are separated, minimization reduces to two independent problems, so
the optimum is attained at (8§, 1), with value

Lpr g = moLo(By) + 1Ly (BY)-
For the dense model, evaluate each mode loss at ﬁg ense’
1
LV(:B:lense) = Lr(ﬁ?) + E(ﬁgense - :Bj)THV(ﬁ:lense - .B:)

Multiply by 7, and sum over r € {0,1}:
Ldense(ﬁ?lense) = Z ni’LT(:Bgense)

re{0,1}
* 1 * * * *
= Z anr(,Br) + 5 Z nr(ﬁdense - ﬁr)THY(.Bdense - :87‘)
re{0,1} re{0,1}

Subtract Ly ; to obtain (20). Since each H, = 0, every quadratic term is nonnegative, so
Aconflict = 0. O
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Equation (20) is the formal version of the core intuition for the local quadratic surrogate:
if think and no-think prefer different MLP parameters in directions with nonzero local
curvature, then a dense hybrid MLP pays a nonzero compromise penalty. PLE removes that
surrogate penalty in the expert subspace by allowing each mode to occupy its own local
optimum.

Corollary C.5 (Equal-curvature closed form for the local quadratic surrogate). If Hy = Hy =
H = 0, then

Blense = 0BG + 1P,
and the compromise penalty simplifies to

Beontie = 5700185 — B1)TH(BS — B1)- e

Proof. Substitute Hy = H; = H into (19):
Biiense = (0H + 1 H) ! (moHBG + m1 HBY)
-1
= ((ro + m1)H)  H(moBg + m1B7)
= mof + m P,
since 7tp + 711 = 1.
Now define AB := B3 — B7. Then
Biense — B0 = (70Bo + m1PT) — Bo = —m(By — B1) = —mmAB,
:Baense - .BT = (770:86 + nlﬁ{) - :BT = ”0(/56 - ‘BT) = nOAﬁ'
Plug these into (20):
Aconflict = [ﬂo(—ﬂlAﬁ)TH(—mAﬁ) + ﬂl(ﬂoAﬁ)TH(ﬂoAﬁ)}

[non%A/%THA[B +m ngA;sTHAﬁ}

_ NN

= “momy (7o + 1) AB T HAB

= N

= ErrorrlA,BTHA,B.
O
Equation (21) is especially useful for intuition: the dense compromise penalty grows with

(i) the frequency of both modes, through 77y, (ii) the geometric separation between their
preferred optima, and (iii) the curvature in the directions where they disagree.

Why sequence-level routing matters. For sequence-level routing, each example has a
single route r;, so

[yl
=) Li(a, Br).
t=1
Thus
lyi]
V/gkfi =1{k=r;} Z Vﬁkéilt. (22)
t=1

A single response updates at most one expert.
If routing were token-level, with r;; € {0,1}, then

lyil
g’lgoken — 2 gi,t (Dé, ﬁri,t)’
t=1
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and hence

Iyl
V EtOken = Z 1{k =T t}v’Bk ite

Now the same response can update both experts, weakening the clean decoupling in
(11) and (22). This is why sequence-level routing is the natural match to a turn-level
/think//no_think interface.

Why identical initialization matters. PLE initializes both experts from the same dense
source MLP:

0) _ 50) _
Bo’ =B = Bse-
If the two routes differ only through the duplicated expert weights at initialization, then
before fine-tuning
poly [ x,r=0)=pe(y | x,7=1) = psrc(y | %).

When newly introduced control-token embeddings or other route-specific components are
present, this equality need not hold exactly. In that case, the intended claim is narrower:
the two experts start from identical weights, so specialization is not driven by random
asymmetry in the expert parameters.

The update identities below are exact for plain SGD with matched learning rates and no
optimizer state. With momentum, Adam, gradient clipping, or asynchronous minibatch
schedules, the same conclusion is qualitative rather than algebraically exact.

After one SGD step on a no-think batch and one SGD step on a think batch,
,B(() ﬁsrc 77g0 )/

Bl = Baxc — gy’
Subtracting yields

1 1 0 0
B By’ = (8" —s0”)-
After T paired updates,

g — By Z—nZ( ).

Thus expert divergence is driven purely by the Cumulatlve difference between mode-specific
gradients.

Why duplicating only the MLP can be sufficient. Let u; denote the shared residual-stream
representation entering a routed MLP block, and let fg, (u¢) denote the routed expert output.
Abstract the remainder of the network (all later layers plus the LM head) as a differentiable
map G. Then the route-r logits can be written locally as

Ofr) = G(Mt —Q—fﬁy(ut))

A first-order expansion around u; gives

o~ Glur) + Jo () fp, (w), (23)
where ] (u¢) is the Jacobian of G at u;. This linearization should be interpreted as a local
sensitivity argument rather than a global proof of sufficiency. It is accurate when the
downstream map G is locally smooth around u; and the routed residual update fg, (1)
remains within a neighborhood where higher-order terms are small; in affine or shared
linear-region regimes, the relation is exact. Hence the think/no-think logit difference is
approximately

otV — ol ~ Jg (ur) (f/% (ur) —fﬁo(”f))' @4

Equations (23)—(24) make the architectural intuition explicit: the shared backbone can keep
constructing a common contextual representation u;, while the mode-specific MLPs directly
control how that representation is pushed toward different token distributions. In this sense,
PLE separates expression policy more than core competence.
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A length-induced asymmetry heuristic. Let mode r have N, examples with average target

(r)

length m,, and let g;;” denote the per-token gradient contribution in the expert subspace. A

token-summed dense objective produces an epoch—level update

A:Bclense 2 Z Z gz

re{0,1}i=1t=

If think targets are much longer than no-think targets, then even with similar example
counts, the dense expert receives more cumulative update mass from think-mode tokens.
PLE changes this to

m

AP x — legzt’ Aﬁlo(_zlzgzt’

i=1t= i=1t=

so long think traces can no longer wash over the no-think expert. This gives a condi-
tional explanation for why PLE may especially strengthen the cleanliness and stability of
/no_think mode when optimization effectively scales with token count and think targets are
substantially longer.
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