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Abstract

Large reasoning models improve problem-
solving performance by generating extended
Chain-of-Thought, but often suffer from over-
thinking, producing unnecessarily long and re-
dundant reasoning traces. Prior works mainly
focus on directly compressing reasoning length,
or selecting reasoning modes globally based on
task difficulty, without accounting for the dy-
namic and heterogeneous nature of the reason-
ing process itself. This lack of consideration for
inference-time diversity limits their ability to
adapt reasoning strategies flexibly. To address
this gap, we propose Interleaved System-1/2
Reasoning (InterSR), a cognitively inspired
framework that dynamically alternates between
System 1 (fast) and System 2 (slow) reasoning
modes during generation. Central to InterSR is
a learnable system switching signal that reflects
the necessity for deeper reasoning at each inter-
mediate step and enables fine-grained control
over cognitive mode transitions. Experiments
across mathematical and cross-domain bench-
marks show that InterSR effectively captures
internal reasoning signals to reduce token usage
while maintaining strong and robust accuracy.
We release our code at InterSR1.

1 Introduction

Large Reasoning Model (LRM) has demonstrated a
significant performance improvement over instruct
models by introducing long Chain-of-Thought
(CoT) during test-time scaling to enhance the
model’s problem-solving ability (Guo et al., 2025;
OpenAI et al., 2024; Yang et al., 2025a). This
extended CoT allows the model to thoroughly con-
sider the problem, decompose complex issues, ex-
plore various possibilities, and validate the correct-
ness of its outputs (Feng et al., 2023; Wei et al.,
2022; Sprague et al., 2024). However, this long

*Corresponding author.
1https://github.com/buaadh/InterSR

Figure 1: Illustration of InterSR. Standard reasoning
applies uniform System 2 (slow) thinking throughout,
leading to overthinking on simple steps. InterSR dynam-
ically switches between System 1 (fast) and System 2
reasoning based on step-level complexity, reducing re-
dundant computation while preserving accuracy.

CoT has been found unsuitable for all types of prob-
lems. For simple problems (such as “2+3”), long
CoT thinking is regarded as an overthinking phe-
nomenon (Chen et al., 2025c; Cuadron et al., 2025;
Ghosal et al., 2025; Zhou et al., 2026). This phe-
nomenon is primarily characterized by the model
repeatedly verifying the correct answer or engaging
in meaningless reasoning (Fu et al., 2025; Wang
et al., 2025; Ballon et al., 2025; Chen et al., 2026a).
This not only reduces computational efficiency and
leads to resource waste, but may also negatively
impact the response accuracy (Du et al., 2026).

Recent works have proposed several approaches
to mitigate overthinking (Feng et al., 2025; Sui
et al., 2025; Su et al., 2025; Bin et al., 2026).
Response-side methods reduce token usage by
compressing or truncating the reasoning output
(Chen et al., 2025c; Fu et al., 2025; Yang et al.,
2025b; Hou et al., 2025), but risk removing critical
reasoning steps. Inference-side methods classify
problems by difficulty and select reasoning modes
accordingly (Pan et al., 2024; Qi et al., 2024; Yao
et al., 2024), but oversimplify complexity by treat-
ing each problem uniformly—ignoring that indi-
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vidual reasoning steps within the same problem
can vary dramatically in difficulty. These coarse-
grained approaches either sacrifice reasoning qual-
ity for efficiency or fail to capture the fine-grained
heterogeneity within a single problem, ultimately
limiting both effective token savings and stable
accuracy preservation (Zhang et al., 2026).

Considering these limitations, we propose In-
terSR, an interleaved system reasoning approach
that addresses overthinking at step-level granular-
ity. We model the problem as minimizing com-
putational cost while preserving information gain
at each reasoning step. Using semantic entropy
(Kuhn et al., 2023; Cheng et al., 2025) as a proxy
for information gain, we construct a step-aware sys-
tem signal that enables dynamic switching between
fast and slow reasoning modes at each step.

Our contributions are threefold: (1) We propose
InterSR, which dynamically switches between rea-
soning systems based on a constructed system sig-
nal to improve inference allocation and reduce over-
thinking. (2) We demonstrate that this signal is
encoded in the model’s hidden states, and train
a lightweight predictor to enable near-zero-cost
switching during generation. (3) We evaluate In-
terSR on four math benchmarks, achieving up to
51% token reduction without accuracy loss, and
further validate its generalizability across STEM,
knowledge-intensive, and code task categories.

2 Background

2.1 Overthinking

Despite the benefits of explicit reasoning, large lan-
guage models (LLMs) often produce unnecessarily
long or redundant chains of thought, even for tasks
that can be solved with minimal or no reasoning.
This phenomenon, known as overthinking (Chen
et al., 2025c; Sui et al., 2025), reflects inefficient
allocation of inference resources and is commonly
observed across many CoT-style models (Pan et al.,
2024; Zhang et al., 2025). Overthinking in large
language models (LLMs) refers to the production
of unnecessarily long reasoning traces that do not
substantially improve task performance. It can be
formalized as follows:

∃ rshort ∈ R s.t.

{
P (y | x, rlong) ≈ P (y | x, rshort),

C(rlong)≫ C(rshort)

(1)
where rlong denotes an over-elaborate reasoning se-
quence, while rshort is a more efficient alternative

that achieves comparable predictive performance.
C(·) measures reasoning cost, such as token usage
or inference latency. This inefficiency typically
arises when the model continues generating reason-
ing content with low marginal utility, for example
generating unnecessary intermediate steps.

2.2 Dual-System Theory

Dual-System Theory (Evans, 2017; Chaiken and
Trope, 1999) posits that human reasoning operates
through two distinct but interacting systems: Sys-
tem 1 (fast, intuitive) and System 2 (slow, delib-
erative). These systems interact dynamically, with
System 2 overriding System 1 when deeper reason-
ing is required for complex decisions (Shi et al.,
2025; Shulman et al., 2016).

Recent LLM reasoning research has adopted this
framework (Zhang et al., 2026; Saha et al., 2024;
Ziabari et al., 2025; Coda-Forno et al., 2025), map-
ping System 1 to efficient low-cost inference and
System 2 to resource-intensive deliberation (Chen
et al., 2025b,a). However, existing methods typ-
ically select reasoning modes globally based on
overall task difficulty (Qi et al., 2024; Zhao et al.,
2025), neglecting the compositional nature of rea-
soning, where different intermediate steps within
the same problem demand varying cognitive effort.

3 Method

In this section, we present the construction pro-
cess of InterSR. We start by formally modeling
the overthinking problem and emphasize the key
role of information gain. Then, we introduce a
semantic-entropy-based system signal and reveal
its relationship with internal hidden states. Build-
ing upon these findings, we develop the complete
Interleaved System-1/2 Reasoning Framework.

3.1 Stepwise Modeling of the Reasoning
Process

We view the reasoning process as a sequence of
explicit steps r = {r1, r2, . . . , rT }, where each
step rt is dynamically governed by a reasoning
mode mt ∈ {S1,S2}. System 1 provides fast,
low-cost, heuristic reasoning, while System 2 of-
fers slow, deliberative, high-cost inference. This
decomposition allows each step to flexibly adopt
the cognitive mode suited to its semantic demands,
enabling fine-grained control over the reasoning
trajectory. Unlike prior approaches that statically
assign a single system to the entire process, we
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Figure 2: t-SNE projection of hidden representations
from DeepSeek-R1-Distill-Qwen-14B, with points col-
ored by switching-signal strength. The projection sug-
gests that hidden states contain structure related to σ.

model reasoning as an interleaved sequence of fast
and slow modes. The model generates each step as
rt ∼ Pθ(rt | x, r<t,mt), where the mode sequence
{mt} reflects an adaptive cognitive schedule over
time. We assume that, all else being equal, allocat-
ing more token resources to a reasoning step can
increase the step’s epistemic gain. Under this as-
sumption, we invoke System 2 only when necessary
to maintain semantic precision while minimizing
total computation. This idea can be expressed as
the following constrained optimization:

min
{zt}

T∑

t=1

C(zt)

subject to





T∑

t=1

G(st, zt) =
T∑

t=1

G(st, 1),

zt ∈ {0, 1}, t = 1, . . . , T

(2)

where zt denotes system choice (0 for S1, 1 for S2),
C(zt) represents system cost, and G(st, zt) captures
semantic gain. The goal is to match the epistemic
quality of full System 2 reasoning while reducing
overall cost through selective system switching.

3.2 Constructing Signals Based on Semantic
Entropy

While System 1 is effective when the semantic ex-
ploration space of a reasoning step is relatively sim-
ple, it fails to extract full epistemic value once the
underlying inference space becomes sufficiently
complex or ambiguous. In contrast, System 2,
though more computationally expensive, can bet-
ter leverage such latent structure and thus achieve
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Figure 3: Signal strength distribution on DART-Math
by problem difficulty (R1-14B). Harder problems ex-
hibit a higher proportion of High-signal steps, indicating
greater System 2 demand.

higher information gain. Based on the above mod-
eling, System 1 can efficiently process reasoning
steps within simple inference spaces, but fails to
capture full epistemic value when a step involves
complex or ambiguous semantic structures. To
maintain quality equivalent to full System 2 rea-
soning, we switch to System 2 whenever System 1
cannot extract sufficient information:

zt =

{
0, if G(st, 0) ≥ T,

1, otherwise,
(3)

where zt ∈ {0, 1} indicates the system choice at
step t (0 for System 1, 1 for System 2), G(st, 0)
measures the semantic gain attainable by System 1
at step st, and T is a threshold defining sufficient
gain. When the gain under System 1 falls below
T , System 2 is invoked to ensure comprehensive
reasoning. Against this backdrop, we require an
estimate of the exploration richness at each step.
Drawing on prior work linking model’s exploration
space to semantic diversity (Cheng et al., 2025),
we adopt semantic entropy (Kuhn et al., 2023) as a
proxy. Specifically, we define a continuous switch-
ing signal σt ∈ [0, 1] as the normalized entropy of
the model’s predicted continuation space:

σt =
H(st)
log2K

, (4)

whereH(st) denotes the entropy over K sampled
next-token distributions at step t. This signal en-
ables dynamic cognitive resource allocation pro-
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Figure 4: Overview of the InterSR framework. The signal prediction module extracts hidden states at sentence
boundaries and predicts a system switching signal σ̂t. When σ̂t exceeds the threshold τ , a control token is inserted
to switch between System 1 and System 2 reasoning modes, enabling fine-grained cognitive resource allocation
during inference.

portional to semantic uncertainty. As shown in Fig-
ure 3, the signal varies systematically across prob-
lem difficulty levels on DART-Math (Tong et al.,
2024): harder problems (level 5) exhibit a higher
proportion of High-signal steps, indicating greater
System 2 demand during reasoning.

3.3 Capturing System Switching Signals

While the signal σt is constructed from seman-
tic entropy, computing it online at each candidate
boundary would require sampling multiple contin-
uations and clustering their meanings, introducing
substantial overhead during inference. We there-
fore investigate whether the information reflected
by this signal is already encoded in the model’s
internal states. As shown in Figure 2, hidden rep-
resentations exhibit structure related to high and
low signal strength regions, suggesting that the
model’s activations contain information about local
reasoning demand. This motivates us to learn the
switching signal directly from internal activations
rather than recomputing semantic entropy during
decoding. We introduce a lightweight module gϕ
to predict signal strength from hidden states dur-
ing reasoning, which allows InterSR to perform
online mode switching with limited additional cost.
Additional quantitative analyses of routed S1/S2

boundaries and out-of-domain predictor AUC are
provided in Appendix N.

3.4 Interleaved System-1/2 Reasoning

Based on the above findings, we propose an In-
terleaved System-1/2 Reasoning framework that
enables language models to dynamically alternate
between System 1 and System 2 thinking modes
during generation for efficient and context-sensitive
reasoning. The reasoning model treats <think> as
the start of a slow-thinking segment and </think>
as its end (Guo et al., 2025; Yang et al., 2025a),
enabling explicit control over cognitive mode tran-
sitions within a single inference trajectory. At each
generation step, the model first performs a for-
ward pass to compute the hidden representation
hk based on the current context. To avoid disrupt-
ing output fluency, a lightweight boundary detector
fψ(hk) identifies candidate sentence or reasoning-
unit boundaries. Only at these boundaries does
the model predict a switching signal σ̂k from hk
using a learned predictor gϕ and compare it with a
threshold τ . If the signal exceeds τ , a control token
(<think> or </think>) is inserted to trigger a transi-
tion between System 1 and System 2. This ensures
that mode switching occurs at semantically coher-
ent regions, reducing token consumption while pre-
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Method GSM8K MATH500 AIME24 AMC23
Pass@1 (^,%) Tokens (_) Pass@1 (^,%) Tokens (_) Pass@1 (^,%) Tokens (_) Pass@1 (^,%) Tokens (_)

DeepSeek-R1-Distill-Qwen-1.5B

Vanilla 77.5 1265 84.8 4785 30.0 12496 72.5 7765
TALE 77.4 (−0.1) 1056 (−16%) 80.6 (−4.2) 3614 (−24%) 30.0 (+0.0) 11890 (−4%) 70.0 (−2.5) 7267 (−6%)
Dynasor 77.6 (+0.1) 1030 (−18%) 85.2 (+0.4) 3624 (−24%) 30.0 (+0.0) 11111 (−11%) 72.5 (+0.0) 6781 (−12%)
DEER 73.6 (−3.9) 820 (−35%) 80.6 (−4.2) 3770 (−21%) 26.7 (−3.3) 11845 (−5%) 67.5 (−5.0) 5958 (−23%)
Ours 78.0 (+0.5) 614 (−51%) 86.0 (+1.2) 3504 (−26%) 33.3 (+3.3) 8061 (−35%) 72.5 (+0.0) 5922 (−23%)

DeepSeek-R1-Distill-Qwen-7B

Vanilla 86.4 743 88.6 3824 46.7 10953 90.0 5699
TALE 84.3 (−2.1) 633 (−14%) 88.0 (−0.6) 2941 (−23%) 50.0 (+3.3) 9640 (−11%) 87.5 (−2.5) 4649 (−18%)
Dynasor 86.5 (+0.1) 715 (−3%) 88.2 (−0.4) 2931 (−23%) 50.0 (+3.3) 9532 (−12%) 90.0 (+0.0) 4910 (−13%)
DEER 82.9 (−3.5) 712 (−4%) 84.4 (−4.2) 3020 (−21%) 43.3 (−3.4) 9871 (−10%) 85.0 (−5.0) 5546 (−3%)
Ours 86.7 (+0.3) 517 (−30%) 89.6 (+1.0) 2651 (−30%) 50.0 (+3.3) 7259 (−33%) 90.0 (+0.0) 4126 (−27%)

DeepSeek-R1-Distill-Llama-8B

Vanilla 84.7 982 70.8 3677 36.7 10842 80.0 5518
TALE 83.2 (−1.5) 839 (−14%) 68.4 (−2.4) 2905 (−21%) 33.3 (−3.4) 9737 (−10%) 77.5 (−2.5) 4853 (−12%)
Dynasor 84.5 (−0.2) 938 (−4%) 70.6 (−0.2) 2868 (−22%) 36.7 (+0.0) 9573 (−12%) 80.0 (+0.0) 4855 (−12%)
DEER 81.7 (−3.0) 807 (−18%) 67.4 (−3.4) 3350 (−9%) 33.3 (−3.4) 10218 (−6%) 75.0 (−5.0) 5107 (−7%)
Ours 84.0 (−0.7) 731 (−26%) 70.2 (−0.6) 2800 (−24%) 36.7 (+0.0) 7806 (−28%) 80.0 (+0.0) 4138 (−25%)

DeepSeek-R1-Distill-Qwen-14B

Vanilla 91.9 705 93.2 3591 63.3 9686 92.5 5435
TALE 91.1 (−0.8) 553 (−21%) 91.8 (−1.4) 2941 (−18%) 60.0 (−3.3) 8450 (−12%) 90.0 (−2.5) 4011 (−26%)
Dynasor 91.6 (−0.3) 663 (−5%) 93.0 (−0.2) 3317 (−7%) 63.3 (+0.0) 9054 (−6%) 92.5 (+0.0) 4023 (−25%)
DEER 88.5 (−3.4) 610 (−13%) 89.2 (−4.0) 2850 (−21%) 60.0 (−3.3) 8871 (−8%) 87.5 (−5.0) 4280 (−21%)
Ours 92.0 (+0.1) 544 (−22%) 93.2 (+0.0) 2494 (−30%) 63.3 (+0.0) 8557 (−11%) 92.5 (+0.0) 3894 (−28%)

Table 1: Performance comparison across reasoning strategies and datasets.

Metric Vanilla InterSR Change

Avg. tokens/request 3824 2651 −30.7%
Peak KV memory (GB) 12.4 8.7 −29.8%
Throughput (req/s) 4.2 5.8 +38.1%
TTFT (ms) 142 145 +2.1%

Table 2: Serving efficiency on MATH500 (7B model,
batch 32, 4×H200). InterSR’s token reduction translates
to substantial throughput gains.

serving reasoning performance. The full algorithm
can be found in Appendix C.

4 Experiments

In this section, we thoroughly evaluate the perfor-
mance of our proposed Interleaved System Rea-
soning framework by systematically addressing the
following key research questions: RQ1: Can In-
terSR reduce the number of tokens generated by the
model without sacrificing accuracy? RQ2: How
does InterSR perform on datasets outside the math-
ematical reasoning domain? RQ3: Which hidden
layer best captures the switching signal for predic-
tion? RQ4: How do different thresholds for the

system switching signal affect the model’s perfor-
mance and efficiency? RQ5: Does InterSR allocate
deliberative tokens according to benchmark diffi-
culty? RQ6: How can InterSR’s ability to switch
between systems for efficient reasoning be visually
demonstrated and interpreted?

4.1 Experimental Settings

Benchmarks. We evaluate on four mathematical
reasoning benchmarks spanning a wide range of dif-
ficulty: GSM8K (Cobbe et al., 2021) (grade-school
arithmetic), MATH500 (Lightman et al., 2024)
(competition-level problems), AMC23 (AMC com-
petition), and AIME24 (AIME competition). These
benchmarks require varied reasoning strategies
from simple arithmetic to multi-step algebraic and
geometric inference, enabling comprehensive eval-
uation of InterSR across difficulty levels.

Baselines. We compare against three represen-
tative adaptive reasoning strategies. TALE (Han
et al., 2025) allocates a token budget based on prob-
lem complexity; we use the training-free TALE-EP
variant for fair comparison. Dynasor (Fu et al.,
2025) performs confidence-based early exit via Cer-
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Domain Dataset Model Accuracy (%) Tokens
Vanilla InterSR Diff Vanilla InterSR Reduction

STEM

GPQA-D
R1-1.5B 26.8 28.3 +1.5 8777 4732 −46%
R1-7B 46.5 47.5 +1.0 6751 3891 −42%

R1-14B 50.5 51.0 +0.5 5899 3536 −40%

ARC-C
R1-1.5B 57.9 57.8 −0.1 1164 1013 −13%
R1-7B 84.1 83.6 −0.5 1025 789 −23%

R1-14B 93.5 92.6 −0.9 705 515 −27%

Knowledge MMLU
R1-1.5B 45.8 49.0 +3.2 1432 1274 −11%
R1-7B 84.4 83.6 −0.8 1181 892 −24%

R1-14B 84.4 83.8 −0.6 1170 772 −34%

Code HumanEval
R1-1.5B 29.9 30.5 +0.6 1851 1420 −23%
R1-7B 43.9 45.7 +1.8 1807 1128 −37%

R1-14B 49.4 51.8 +2.4 1774 1087 −39%

Table 3: Cross-domain evaluation. Diff: InterSR − Vanilla accuracy change. Reduction: token reduction ratio.

taindex. DEER (Yang et al., 2025b) uses answer
triggers to halt generation once the model reaches
high confidence.

Experimental Models. We evaluate InterSR on
four model scales: DeepSeek-R1-Distill-Qwen-
1.5B/7B/14B and DeepSeek-R1-Distill-Llama-8B
(Guo et al., 2025). The signal predictor gϕ and
boundary detector fψ are lightweight MLPs oper-
ating on the final hidden state ht, trained on ∼10k
samples from DART-Math (Tong et al., 2024). Due
to space constraints, full details on data construc-
tion, training procedures, and hyperparameters are
provided in Appendix A.

4.2 Main Result (RQ1)

As shown in Table 1, our approach consistently re-
duces token usage across all datasets without sacri-
ficing performance. On GSM8K, InterSR achieves
the largest savings, with up to 51% token reduction
for the 1.5B model, since simpler arithmetic prob-
lems contain more redundant reasoning steps that
can be efficiently handled by System 1. On harder
benchmarks such as AIME24, savings are more
modest, averaging about 27%, which reflects the
genuine need for deeper reasoning on competition-
level problems. Across all four model scales, In-
terSR either preserves or slightly improves accu-
racy. For example, the 7B model improves from
88.6% to 89.6% on MATH500 while reducing av-
erage tokens from 3824 to 2651. Compared to
TALE, Dynasor, and DEER, InterSR achieves a
stronger efficiency–accuracy trade-off, since the

baselines either provide limited token savings on
difficult benchmarks or suffer accuracy drops when
reasoning is shortened too aggressively. InterSR
also yields practical serving gains. On MATH500
with the 7B model, throughput improves by 38%
with about 30% less KV cache memory (Table 2),
showing that token reduction can translate into real
deployment benefits. These results indicate that
InterSR mitigates overthinking by reducing redun-
dant reasoning while preserving the slow reason-
ing needed for accuracy. Details on computational
overhead are in Appendix B.

4.3 Cross-domain Experiments (RQ2)

To investigate generalizability beyond mathemat-
ical reasoning, we evaluate InterSR on four di-
verse benchmarks: GPQA-Diamond (Rein et al.,
2024) (graduate-level STEM), ARC-Challenge
(Clark et al., 2018) (science reasoning), MMLU
(Hendrycks et al., 2021) (knowledge-intensive QA),
and HumanEval (Chen et al., 2021) (code gener-
ation). As shown in Table 3, InterSR achieves
consistent token reduction across all benchmarks
and model sizes while maintaining comparable or
improved accuracy. The largest savings appear on
GPQA-Diamond, where the 1.5B model reduces
tokens by 46% with a +1.5% accuracy gain, indi-
cating that graduate-level STEM reasoning con-
tains substantial redundancy that InterSR effec-
tively eliminates. On knowledge-intensive tasks
(MMLU), InterSR maintains accuracy within 1%
while achieving 11%–34% token reduction. No-
tably, on HumanEval, InterSR improves accuracy
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across all model sizes while reducing tokens by
23%–39%, suggesting that suppressing overthink-
ing can benefit code generation by avoiding unnec-
essary re-derivation that introduces bugs. These
results confirm that InterSR’s switching signals,
though trained on mathematical data, generalize ef-
fectively across diverse task domains, with stronger
savings on tasks that contain longer intermediate
reasoning traces.

4.4 Hidden Layer Selection for Signal
Prediction (RQ3)

The signal predictor gϕ operates on hidden states
from a specific transformer layer. To identify the
optimal layer, we use the 7B model (28 layers) and
train separate predictors on layers 1, 7, 14, 20, 24,
27, and 28 with identical architectures.

As shown in Figure 5, AUC increases monoton-
ically from layer 1 (0.641) to the final layer 28
(0.838). Early layers yield weak predictions, as
shallow representations primarily encode local syn-
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(medium)

AMC23
(hard)

AIME24
(hardest)

72% 28% 517

52% 48% 2,651

48% 52% 4,126
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Figure 7: Average System 1/2 token allocation for R1-
7B. Bars show proportions; right labels show average
total tokens.

tactic features insufficient for estimating reasoning
complexity. The final layers achieve the strongest
performance, confirming that deeper representa-
tions encode richer uncertainty information rele-
vant to system switching. We therefore use the
final layer for signal prediction across all model
sizes. Additional ROC analysis is in Appendix E.

4.5 Efficiency–Accuracy Trade-off (RQ4)

We sweep the switching threshold τ from 0.0
(vanilla) to 0.6 and plot accuracy against token
count for each model on MATH500 (Figure 6).
For all models, there exists an intermediate range
of thresholds where tokens decrease substantially
while accuracy is preserved or improved—the 14B
model maintains 93.2% accuracy from τ = 0.0 to
τ = 0.4 while reducing tokens by 30.5%. Notably,
moderate thresholds can improve accuracy: the 7B
model achieves 89.6% at τ = 0.4 vs. 88.6% at
τ = 0.0, suggesting that suppressing overthinking
prevents error accumulation in intermediate reason-
ing steps. Beyond this range, aggressive thresholds
(τ ≥ 0.5) begin to degrade accuracy as essential
System 2 reasoning is suppressed. Larger models
exhibit flatter curves, indicating greater robustness
to aggressive thresholds, which may be attributed
to their stronger representations that allow System 1
to handle a wider range of reasoning steps effec-
tively. This behavior also shows that τ provides a
controllable way to adjust the efficiency–accuracy
trade-off. A lower threshold keeps the model closer
to vanilla System 2 reasoning and is therefore more
conservative, while a higher threshold encourages
more frequent use of System 1 and yields larger
token savings. Additional threshold sweeps across
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Figure 8: Case study: comparison of reasoning trajectories between Standard Reasoning and InterSR on an AIME24
problem. InterSR dynamically switches between System 1 and System 2 to minimize token consumption while
maintaining reasoning quality.

models and datasets are reported in Appendix N.

4.6 System 1/2 Token Allocation (RQ5)

To further examine whether InterSR allocates com-
putation according to problem difficulty, we record
the number of tokens generated in each reasoning
mode for R1-7B. As shown in Figure 7, the share
of System 2 tokens increases as the benchmark
becomes more challenging. On GSM8K, which
mainly contains grade-school arithmetic problems,
only 28% of the generated tokens are assigned
to System 2. In contrast, AIME24 requires sub-
stantially more deliberation, and the System 2 ra-
tio increases to 60%. MATH500 and AMC23
fall between these two cases, with System 2 ra-
tios of 48% and 52%, respectively. This mono-
tonic trend indicates that the learned switching sig-
nal captures dataset-level differences in reasoning
demand, rather than merely enforcing a uniform
token-reduction policy. It is also consistent with
the token reduction results in Table 1, where sim-
pler datasets allow larger compression while harder
competition-level problems preserve more slow rea-
soning. These results suggest that InterSR does not
apply a fixed reduction pattern across benchmarks,
but adjusts the amount of deliberative computation
according to the difficulty of the reasoning task.

4.7 Case Study: InterSR vs. Standard (RQ6)

Figure 8 compares reasoning trajectories on an
AIME24 problem. The standard process applies
uniform System 2 reasoning throughout the trajec-
tory, using the same deliberative mode for prob-
lem understanding, information extraction, equa-
tion solving, final computation, and re-verification.
As a result, even relatively routine steps are accom-
panied by extended intermediate reasoning, and
the model continues to verify the answer after the
necessary algebraic computation has already been
completed. This leads to 1454 generated tokens,
with a substantial portion spent on redundant veri-
fication rather than new problem-solving progress.
In contrast, InterSR uses System 2 for problem
understanding (169 tokens) and the core equation-
solving step that requires careful algebraic manipu-
lation (356 tokens), while switching to System 1 for
straightforward information extraction (78 tokens)
and final arithmetic computation (42 tokens). The
redundant re- verification step is eliminated once
the solution becomes sufficiently certain. As a re-
sult, InterSR reduces the trajectory to 645 tokens—
a 56% reduction—while preserving the delibera-
tive steps needed to solve the problem. This case
illustrates that InterSR mitigates overthinking by
reallocating reasoning effort across steps, rather
than uniformly shortening the entire response. Full
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case details are in Appendix O.

5 Related Work

In this section, we review previous methods de-
veloped to mitigate the overthinking problem in
large reasoning models. These methods can be cat-
egorized into two distinct perspectives: Response
Perspective and Inference Perspective.

Response Perspective. In this perspective, meth-
ods focus on reducing token usage by directly ma-
nipulating the reasoning output. Dynasor (Fu
et al., 2025) introduces Certaindex, which helps
the model exit reasoning early when no further
tokens are likely to change the final answer. Con-
ciseRL (Dumitru et al., 2025) guides the reinforce-
ment learning process through a conciseness score,
directing the model to generate more concise re-
sponses. DEER (Yang et al., 2025b) uses an-
swer triggers to stop reasoning once the model
reaches high confidence. ThinkPrune (Hou et al.,
2025) encourages shorter responses by truncat-
ing reward lengths during reinforcement learning.
VPG-EA (Chen et al., 2026b) uses variational pos-
terior guidance to suppress redundant reasoning
tokens while preserving logical verification steps.
FCS (Chen et al., 2025c) fine-tunes models on
efficient reasoning datasets with First-Correct Solu-
tions to promote concise outputs. ES-CoT explores
early stopping in chain-of-thought reasoning to ter-
minate reasoning when answers converge (Mao
et al., 2025), and RCPD mines reasoning patterns
to identify points for early exit (Wei et al., 2025).
RPDM (Guan et al., 2026) monitors reasoning path
deviation via high-entropy transition tokens to de-
tect and terminate overthinking trajectories. These
methods efficiently reduce token consumption by
minimizing response length. However, they fail to
account for the inherent complexity of the problem,
which may result in overly condensed reasoning
and a subsequent decline in performance.

Inference Perspective. Methods in this perspec-
tive focus on classifying problems by difficulty and
dynamically selecting reasoning modes based on
complexity, thereby minimizing unnecessary re-
source consumption. CKT-MHA (Qi et al., 2024)
proposes an external policy to detect hard prob-
lems and adapt the reasoning strategy accordingly.
FReM (Zhao et al., 2025) estimates the depth
of reasoning and select prompts based on prob-
lem difficulty. TALE (Han et al., 2025) proposes

“Token Budget" that limits reasoning to the min-
imum number of tokens needed to solve a prob-
lem. DynaThink (Pan et al., 2024) adjusts rea-
soning depth by sampling multiple responses to
determine if a problem needs fast or slow thinking.
AdaptThink (Zhang et al., 2025) introduces a bal-
anced training regime to toggle between “thinking"
and “no-thinking" modes. DiffAdapt (Liu et al.,
2026) trains a lightweight probe on hidden states to
classify problem difficulty and dynamically select
per-question inference strategies. ReBalance (Li
et al., 2026) uses confidence as a continuous indi-
cator to steer reasoning trajectories, pruning redun-
dancy during overthinking and promoting explo-
ration during underthinking. MixReasoning (Lu
et al., 2026) and SwiReasoning (Shi et al., 2026)
further explore inference-time mode switching for
efficient reasoning. InterSR differs by predicting a
semantic-entropy-based signal from hidden states
and switching between System 1 and System 2 at
reasoning-unit boundaries, enabling fine-grained
control over local reasoning demand.

6 Conclusion

We propose Interleaved System-1/2 Reasoning (In-
terSR), a framework that mitigates overthinking in
large reasoning models by dynamically switching
between System 1 and System 2 modes accord-
ing to learned system signals. InterSR allocates
reasoning effort more efficiently, reducing token
consumption while preserving task performance.
Experiments on mathematical and cross-domain
benchmarks show consistent token savings with-
out compromising accuracy, demonstrating the po-
tential of InterSR to improve reasoning efficiency
across diverse tasks.
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Limitations

Although InterSR achieves substantial efficiency
gains across multiple benchmarks, two directions
remain for future work. First, extending InterSR
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to more model families beyond the DeepSeek-R1-
Distill series would further validate its architec-
tural generality. Second, our evaluation focuses on
single-turn reasoning tasks, and its effectiveness
in multi-turn agentic scenarios with long-horizon
planning remains to be explored.

Ethical Considerations

This work improves inference efficiency without
introducing new training data or user data collec-
tion, and thus does not add privacy concerns be-
yond those of the underlying models. However,
lower-cost reasoning may broaden deployment and
amplify both beneficial and harmful uses. InterSR
should therefore be applied with appropriate safe-
guards in high-stakes settings, and future work
should further examine how dynamic switching
affects transparency, interpretability, and human
oversight.
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A Experiment Details

This appendix provides a comprehensive descrip-
tion of the experimental setup used in this paper,
including model architectures, auxiliary modules,
training data construction, optimization details, in-
ference configurations, evaluation protocols, and
hyperparameter settings, to facilitate reproducibil-
ity.

A.1 Models and Auxiliary Modules
A.1.1 Base Models
We evaluate our proposed InterSR framework on
three model scales from the DeepSeek-R1-Distill-
Qwen family (1.5B, 7B, 14B) and DeepSeek-R1-
Distill-Llama-8B (Guo et al., 2025). These models
are distilled versions of the Qwen-2.5 and Llama-
3.1 architectures, optimized for reasoning-centric
tasks. The corresponding hidden dimensions are
1536, 3584, 5120, and 4096, respectively.

A.1.2 Signal Prediction Modules
The InterSR framework introduces two lightweight
auxiliary modules for adaptive reasoning control.

The boundary detector fψ is implemented as a
two-layer MLP with ReLU activation and a dropout
rate of 0.1. The signal predictor gϕ is a three-layer
MLP with ReLU activations, a dropout rate of 0.1,
and a final Sigmoid layer that outputs normalized
signal values σt ∈ [0, 1].
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Both modules operate in bfloat16 precision to
improve computational efficiency.

A.2 Training Data Construction

A.2.1 Dataset and Problem Sampling

To train the signal prediction modules, we construct
labeled data using the DART-Math dataset (Tong
et al., 2024). Specifically, for each difficulty level
(1–5), we sample 1,000 problems and generate full
Chain-of-Thought solutions using the correspond-
ing base model.

Due to the large scale of the original dataset, this
sampling strategy ensures a balanced and manage-
able training set across difficulty levels.

A.2.2 Reasoning Trace Segmentation

The generated reasoning traces are segmented into
sentence-level units using the Stanza syntactic anal-
ysis toolkit. Each sentence boundary is treated as a
candidate decision point for system switching.

A.2.3 Semantic Entropy Estimation

At each sentence boundary, we sample K = 8
candidate continuations from the model and com-
pute their semantic embeddings using the Qwen3-
Embedding-0.6B model (Yang et al., 2025a).

Semantic entropy is computed via incremental
clustering with a distance threshold δ = 0.5, and
normalized by log2K. The resulting entropy val-
ues serve as supervision signals for training the
signal predictor.

For each model size, we construct approximately
10k training samples, with a 90%/10% train/test
split.

A.3 Module Training

We train both auxiliary modules using the AdamW
optimizer with a learning rate of 2 × 10−4. The
batch size is set to 128 for both modules.

For the boundary detector fψ, we employ Fo-
cal Loss with α = 1 and γ = 2 to address class
imbalance between boundary and non-boundary
positions.

For the signal predictor gϕ, we use a weighted
mean squared error (MSE) loss, assigning a weight
of 0.1 to zero-valued labels.

Training is conducted with early stopping based
on validation performance, with a patience of 3–5
evaluation rounds. Validation is performed every
10 batches throughout training.

A.4 Inference Configuration

During inference, we set the maximum generation
length to 16,384 tokens, the temperature to 0.6, and
top-p to 0.95 with nucleus sampling enabled.

The system switching threshold τ is tunable. In
our main experiments, we explore values ranging
from 0.0 to 0.6 to analyze the efficiency–accuracy
trade-off.

To ensure stable mode transitions, we enforce:

• A minimum of 10 tokens in System 2 mode
before allowing exit, and

• At least 10 tokens in System 1 mode before
re-entering System 2.

A.5 Evaluation Setup

All experiments are conducted on 4 × NVIDIA
H200 GPUs.

We evaluate InterSR on four mathematical
reasoning benchmarks—GSM8K (Cobbe et al.,
2021), MATH500 (Lightman et al., 2024),
AIME24, and AMC23—as well as four cross-
domain benchmarks: GPQA-Diamond (Rein et al.,
2024) (graduate-level STEM), MMLU (knowledge-
intensive QA), ARC-Challenge (science reason-
ing), and HumanEval (code generation).

We report Pass@1 accuracy and average to-
ken count as primary evaluation metrics. Answer
correctness is verified using the math-verify
toolkit for mathematical expression parsing and
equivalence checking.

A.6 Baselines

We compare InterSR against three state-of-the-art
adaptive reasoning methods:

• TALE (Han et al., 2025), which controls gener-
ation length via token budget allocation based
on problem complexity. We use the training-
free TALE-EP variant for fair comparison.

• Dynasor (Fu et al., 2025), which employs
confidence-based early exit using Certaindex.
We modify the original implementation to en-
sure complete solution output upon early ter-
mination.

• DEER (Yang et al., 2025b), a training-free
early-exit method that uses answer triggers to
halt generation early.
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A.7 Datasets

Below we describe the datasets used in our
experiments. Due to differences in Hug-
gingFace data formats, the field names in
evaluation_config.yaml must be adjusted
accordingly.

AIME24 is derived from the 2024 American Invi-
tational Mathematics Examination and is available
on HuggingFace.2 In our evaluation, the “question”
field corresponds to the “problem” field, and the
“answer” field maps to the “solution” field.

AMC23 is based on the 2023 American Math-
ematics Competition.3 The “question” field cor-
responds to the dataset’s “question” field, and the
“answer” field maps to the “answer” field.

MATH500 is a curated subset of the MATH
benchmark.4 The “question” field corresponds to
“problem”, and the “answer” field corresponds to
“answer”.

GSM8K is a grade school math word problem
benchmark.5 The “question” and “answer” fields
are directly used.

GPQA-Diamond is the highest-difficulty subset
of GPQA.6 We use the “diamond” split and convert
the original format into multiple-choice questions
by randomly shuffling the provided options and
assigning them to options A–D.

MMLU (Massive Multitask Language Under-
standing) is a comprehensive knowledge bench-
mark covering 57 subjects.7 We evaluate on the
full test set and report overall accuracy.

ARC-Challenge is the challenge subset of the
AI2 Reasoning Challenge, containing science ques-
tions that require complex reasoning.8 We use the
“ARC-Challenge” split.

HumanEval is a code generation benchmark
consisting of 164 hand-crafted programming
problems.9 We report Pass@1 accuracy using

2https://huggingface.co/datasets/
math-ai/aime24

3https://huggingface.co/datasets/
math-ai/amc23

4https://huggingface.co/datasets/
HuggingFaceH4/MATH-500

5https://huggingface.co/datasets/
openai/gsm8k

6https://huggingface.co/datasets/
Idavidrein/gpqa

7https://huggingface.co/datasets/cais/
mmlu

8https://huggingface.co/datasets/
allenai/ai2_arc

9https://huggingface.co/datasets/
openai/openai_humaneval

Models
Datasets

AIME24 AMC23 MATH500 GSM8K

R1-1.5B 0.5 0.6 0.4 0.6

R1-7B 0.2 0.4 0.4 0.4

R1-8B 0.2 0.4 0.4 0.4

R1-14B 0.2 0.3 0.4 0.3

Table 4: Signal thresholds used by each model across
datasets.

execution-based evaluation.
DART-Math, We use the Dart Math Pool Math

subset of DART-Math.10 We sample 1,000 prob-
lems from each difficulty level to construct a bal-
anced training set for signal prediction and bound-
ary detection.

A.8 Hyperparameter Settings

A.8.1 Semantic Entropy Calculation
Semantic entropy is computed via clustering of
sampled response embeddings. We set the distance
threshold to δ = 0.5. Two responses with embed-
dings ei and ej are merged into the same cluster
if:

∥ei − ej∥ < δ.

The centroid of the merged cluster is computed
as:

eC =
1

|Ci|+ |Cj |
∑

k∈Ci∪Cj

ek.

After clustering, suppose there are K clusters
with frequencies pk. The semantic entropy H is
defined as:

H = −
K∑

k=1

pk log pk.

A.8.2 System Switching Thresholds
For smaller models, we adopt higher thresholds
since their intrinsic signal strengths tend to be
larger. Conversely, larger models require lower
thresholds to trigger System 2 appropriately.

For the particularly challenging AIME24 dataset,
we use lower thresholds to encourage more fre-
quent engagement of System 2, ensuring sufficient
deliberation and maintaining strong performance.

10https://huggingface.co/datasets/
hkust-nlp/dart-math-pool-math
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Figure 9: Comparison of token generation efficiency
between InterSR and standard reasoning across different
model sizes.

B Cost Analysis

In this section, we analyze the computational over-
head introduced by InterSR’s signal prediction
module from two perspectives: parameter count
and inference speed.

B.1 Parameter Analysis
The signal prediction module in InterSR consists
of a boundary detector fψ (two-layer MLP) and
a signal predictor gϕ (three-layer MLP). Table 5
reports the parameter counts for each model scale.

Model Base InterSR Ratio

R1-1.5B 1.5B 4.7M 0.31%
R1-7B 7.6B 25.7M 0.34%
R1-8B 8.0B 33.6M 0.42%
R1-14B 14.7B 52.4M 0.36%

Table 5: Parameter overhead of the InterSR signal pre-
diction module across model scales.

Across all model scales, the signal prediction
module adds at most 52.4M parameters, account-
ing for no more than 0.42% of the base model size.
This lightweight design ensures that InterSR can
be integrated into existing models with negligible
memory overhead, making it practical for both re-
search and production deployment.

B.2 Token Efficiency Analysis
We further investigate the model’s generation ef-
ficiency on a per-token basis, as shown in Fig-
ure 9. The results indicate that our method in-
creases the per-token generation time by less than
3%, while achieving an average token reduction
of about 28.5% compared with vanilla reasoning
across the mathematical reasoning settings in Ta-
ble 1. This minimal per-token overhead, combined

with the significant savings in token consumption,
highlights the efficiency of our Interleaved System-
1/2 Reasoning framework. By dynamically allocat-
ing cognitive resources and avoiding unnecessary
overthinking, the method not only reduces redun-
dant computations but also accelerates the path to
the correct solution. These findings demonstrate
that our approach effectively balances computa-
tional cost and reasoning quality, ultimately en-
hancing the overall efficiency and practicality of
large language model reasoning.

C Algorithm

InterSR generates tokens by dynamically switch-
ing between fast (System 1) and slow (System 2)
reasoning. At each step, a learned trigger decides
whether to switch, inserting special tokens for slow
thinking when needed. Otherwise, tokens are gener-
ated normally. This allows the model to focus slow,
careful reasoning on critical steps while handling
simpler parts quickly, improving overall efficiency.
The full algorithm is illustrated in Algorithm 1.

D Control Tag Distribution Analysis

A natural concern is whether the <think> and
</think> control tags inserted by InterSR gen-
uinely induce different reasoning behaviors, or
merely act as superficial markers with no impact on
the generation process. To address this, we conduct
a systematic analysis of the next-token distributions
following each tag type.

Setup. We collect all reasoning traces generated
by the DeepSeek-R1-Distill-Qwen-7B model under
InterSR on the GSM8K and MATH500 datasets.
For each occurrence of <think> (entering Sys-
tem 2) and </think> (exiting to System 1), we
record the probability distribution over the vocabu-
lary for the immediately following token. We then
aggregate these distributions across all instances to
obtain two average next-token distributions: Penter
(after <think>) and Pexit (after </think>).

Jensen-Shannon Divergence. We compute the
Jensen-Shannon Divergence (JSD) between Penter
and Pexit:

JSD(Penter∥Pexit) =
1

2
DKL(Penter∥M)

+
1

2
DKL(Pexit∥M) (5)

where M = 1
2(Penter + Pexit). The resulting JSD is

0.83 (on a [0, 1] scale), indicating a strong distribu-
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Algorithm 1 Interleaved Reasoning with System
Switching

Require: Prompt x, reasoning model M , switch
trigger fψ, confidence predictor gϕ, thresh-
old τ , initial mode m ∈ {S1,S2}, maximum
length Lmax

Ensure: Token sequence t
1: t← [] {Initialize output token sequence}
2: k ← 0 {Initialize step counter}
3: while k ≤ Lmax do
4: k ← k + 1 {Increment step counter}
5: hk ← M (x, t) {Compute current hidden

state from model}
6: if fψ(hk) ≥ 0 then
7: σ̂k ← gϕ(hk) {Compute switching signal

strength}
8: if σ̂k ≥ τ and m = S1 then
9: t← t∪ {<think>} {Insert System 2

thinking token}
10: m← S2 {Switch to System 2}
11: continue {Skip current token genera-

tion}
12: else if σ̂k < τ and m = S2 then
13: t← t ∪ {</think>} {Insert System

1 return token}
14: m← S1 {Switch to System 1}
15: continue {Skip current token genera-

tion}
16: end if
17: end if
18: tk ∼ softmax(Whk) {Generate token nor-

mally from hidden state}
19: t ← t ∪ {tk} {Append generated token to

output sequence}
20: if tk is end-of-sequence then
21: break {Stop generation at EOS token}
22: end if
23: end while
24: return t {Return final token sequence}

tional shift between the two modes. As a reference,
JSD values above 0.5 are generally considered in-
dicative of substantially different distributions.

Top-Token Overlap. We further examine the top-
50 most probable tokens under each distribution.
The overlap between the two sets is only 8.2%
(approximately 4 shared tokens out of 50). After
<think>, the model predominantly generates to-
kens associated with deliberative reasoning (such
as mathematical operators, “let”, “consider”, “sup-

Figure 10: ROC curve and predicted score distribution
for the system signal predictor of DeepSeek-R1-Distill-
Qwen-7B.

pose”), while after </think>, the distribution
favors direct, concise tokens (such as “so”, “there-
fore”, digits, punctuation).

These findings confirm that InterSR’s mode
switching induces genuine cognitive regime
changes at the token level, rather than superficial
tag insertion with no downstream effect.

E Signal Predictor ROC Analysis

We further evaluate whether the learned predic-
tor can reliably capture the switching signal from
hidden states. We binarize the continuous signal
intensity by applying a threshold and evaluate the
predictor’s discrimination ability. As shown in Fig-
ure 10, the predictor achieves an AUC of 0.838,
with limited overlap between predicted scores for
high- and low-intensity signals, confirming that dis-
criminative features can be effectively extracted
from hidden states.

F SGLang Integration

To facilitate practical deployment of InterSR in
production environments, we integrate it into the
SGLang inference framework (Zheng et al., 2024),
a high-performance serving engine for large lan-
guage models. SGLang provides continuous batch-
ing, PagedAttention, and RadixAttention optimiza-
tions that are essential for efficient serving. Our
integration preserves all these optimizations while
enabling real-time InterSR-based reasoning mode
control.

Integration Mechanism. SGLang supports the
SGLANG_EXTERNAL_MODEL_PACKAGE envi-
ronment variable, which allows users to register
custom model wrappers that intercept the forward
pass without modifying SGLang’s core codebase.
We leverage this mechanism to inject InterSR’s
signal prediction logic.
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Implementation Details. The integration con-
sists of the following components:

1. Custom Model Wrapper. We define a model
class that inherits from SGLang’s base model in-
terface and wraps the original DeepSeek model.
The trained boundary detector fψ and signal pre-
dictor gϕ are attached as additional submodules
and loaded alongside the base model weights.

2. Hidden State Extraction. During each for-
ward pass, the wrapper hooks into the final
transformer layer to extract the hidden state hk.
This is implemented via PyTorch forward hooks,
adding negligible overhead.

3. Signal Evaluation and Token Injection. At
each generation step, the boundary detector
fψ(hk) first determines whether the current po-
sition is a candidate boundary. If so, the signal
predictor gϕ(hk) computes the switching signal
σ̂k. When a mode transition is triggered (i.e.,
σ̂k ≥ τ in System 1 or σ̂k < τ in System 2), the
wrapper injects the appropriate control token
(<think> or </think>) into the generation
stream by modifying the next-token logits.

4. State Management. The current reasoning
mode (System 1 or System 2) and the token
count since the last mode switch are maintained
per request in SGLang’s request state, ensur-
ing correct behavior under continuous batching
where multiple requests are processed concur-
rently.

Logits Modification for Mode Switching. The
core of the integration lies in how mode switch-
ing decisions are translated into the autoregressive
generation process. Rather than externally inter-
rupting the decoding loop, we embed the switching
logic directly into the model’s logits output via an
indicator-gated logits modification mechanism.

Let ℓk ∈ R|V | denote the raw logits produced
by the model at step k, where |V | is the vocabu-
lary size. We define a mode switching indicator
function Iswitch(k) as:

Iswitch(k) = I[fψ(hk) ≥ 0]·
{
I[σ̂k ≥ τ ], if mk = S1

I[σ̂k < τ ], if mk = S2

(6)

where fψ(hk) ≥ 0 indicates a candidate boundary,
σ̂k = gϕ(hk) is the predicted signal strength, τ is

the switching threshold, and mk ∈ {S1,S2} is the
current reasoning mode.

When Iswitch(k) = 1, we modify the logits
to force the generation of the appropriate con-
trol token. Let tctrl denote the target control to-
ken ID (<think> when switching S1 → S2, or
</think> when switching S2 → S1). The modi-
fied logits ℓ̃k are computed as:

ℓ̃k[v] =

{
ℓk[v] + λ, if v = tctrl

−∞, otherwise
(7)

where λ is a large positive constant (we use λ =
104) that ensures the control token is selected with
probability approaching 1 after softmax normaliza-
tion. Formally, the probability of generating the
control token becomes:

P (tctrl | hk) =
exp(ℓ̃k[tctrl])∑
v∈V exp(ℓ̃k[v])

≈ 1 (8)

This logits-level injection approach has several
advantages: (1) it operates entirely within the
model’s forward pass, requiring no modification to
SGLang’s sampling kernel or decoding loop; (2) it
is compatible with batched inference, as the logits
modification can be applied independently per re-
quest; (3) it preserves the KV cache structure, since
the injected control token is processed as a regular
token in subsequent steps.

Minimum Mode Duration Constraint. To pre-
vent rapid oscillation between modes (which could
degrade output coherence), we enforce a minimum
mode duration constraint. Let nk denote the num-
ber of tokens generated since the last mode switch.
The effective indicator becomes:

Ĩswitch(k) = Iswitch(k) · I[nk ≥ nmin] (9)

where nmin = 10 is the minimum number of tokens
required in each mode before a switch is permit-
ted. This constraint prevents degenerate behavior
where the model rapidly alternates between modes
at every boundary.

Deployment. Users can deploy InterSR-
enhanced models by simply setting the environ-
ment variable and pointing to the custom model
package:

SGLANG_EXTERNAL_MODEL_PACKAGE=\
isr_model \

python -m sglang.launch_server \
--model \
deepseek-r1-distill-qwen-7b
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Performance. The integration adds less than 3%
overhead to per-token generation time, consistent
with our standalone evaluation results (see Ap-
pendix B). The overhead comes primarily from the
MLP forward passes of fψ and gϕ, which together
contain fewer than 52.4M parameters (see Table 5).
The logits modification itself is a constant-time
operation that adds negligible latency.

G Failure Case Analysis

While InterSR achieves consistent efficiency gains
across benchmarks, it is important to understand its
failure modes. We conduct a systematic analysis
of cases where InterSR produces incorrect answers
that the standard (vanilla) model answers correctly.
We identify two primary failure patterns:

Premature System 1 Transition. The most com-
mon failure mode occurs when InterSR transitions
from System 2 to System 1 too early during a criti-
cal reasoning step. This typically happens when the
signal predictor underestimates the complexity of
an upcoming derivation. Consider a multi-step al-
gebraic problem where the model needs to expand
a polynomial expression. If the signal drops below
the threshold τ after the model has set up the equa-
tion but before completing the expansion, InterSR
switches to System 1. In System 1 mode, the model
tends to skip intermediate steps, which can lead to
arithmetic errors or incorrect simplifications.

Formally, let rt be a reasoning step where full
System 2 reasoning is required (i.e., G(st, 0) < T ),
but the predictor incorrectly estimates σ̂t < τ . The
resulting information loss can be quantified as:

∆Gt = G(st, 1)− G(st, 0) > 0 (10)

When ∆Gt is large (i.e., the step is genuinely com-
plex), premature switching leads to critical infor-
mation loss that propagates through subsequent
reasoning steps. In our analysis of the 7B model on
MATH500, approximately 62% of InterSR-specific
errors (cases where InterSR fails but vanilla suc-
ceeds) involve at least one premature S2 → S1

transition during a critical derivation step.

Code and Symbolic Syntax Disruption. The
second failure pattern is specific to tasks involv-
ing structured syntax, such as mathematical nota-
tion or code generation. When InterSR inserts a
</think> tag mid-expression, it can disrupt the
syntactic structure of the output. For example, in a
LaTeX-formatted mathematical derivation, a mode

switch between \frac{ and its closing brace can
cause the model to lose track of the nesting struc-
ture, producing malformed expressions.

This issue is more prevalent in the 1.5B model,
where the boundary detector fψ has lower precision
due to the smaller hidden dimension (1536 vs. 3584
for 7B). In our analysis, syntax disruption accounts
for approximately 23% of InterSR-specific errors
on the 1.5B model but only 8% on the 14B model,
suggesting that larger models develop more robust
representations of syntactic boundaries.

Error Rate Analysis. We quantify the overall
failure rate by examining the fraction of problems
where InterSR answers incorrectly but vanilla an-
swers correctly (InterSR-specific errors):

Model GSM8K MATH500 AIME24 AMC23

R1-1.5B 3.2% 4.6% 6.7% 5.0%
R1-7B 1.8% 2.4% 3.3% 2.5%
R1-8B 2.2% 2.8% 3.3% 2.5%

R1-14B 1.1% 1.4% 3.3% 2.5%

Table 6: InterSR-specific error rate (problems where
InterSR fails but vanilla succeeds). These are offset by
cases where InterSR succeeds but vanilla fails, resulting
in the net accuracy differences shown in Table 1.

Importantly, these InterSR-specific errors are
partially offset by cases where InterSR improves
over vanilla (by avoiding overthinking-induced er-
rors), resulting in the net accuracy changes reported
in our main results. The decreasing error rate with
model scale suggests that larger models produce
more reliable signal predictions, enabling more ac-
curate mode switching decisions.

H KV Cache Efficiency Analysis

A practical concern for deploying InterSR in pro-
duction serving systems is whether the insertion
of control tokens (<think> and </think>) and
the resulting mode switches affect the KV cache
structure and inference efficiency. We provide a
detailed analysis below.

KV Cache Compatibility. The control tokens
inserted by InterSR are standard tokens in the
model’s vocabulary. When a control token is in-
jected via the logits modification mechanism (see
Appendix F), it is processed by the model in the
same way as any other generated token: the model
computes its attention over all previous KV entries
and appends its own key-value pair to the cache.
Crucially, this means that:
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1. The KV cache remains contiguous and com-
plete—no entries are deleted, reordered, or in-
validated during a mode switch.

2. The attention mechanism can attend to all previ-
ous tokens regardless of which reasoning mode
produced them, preserving full contextual conti-
nuity.

3. No cache invalidation or recomputation is re-
quired, unlike methods that modify or rollback
previously generated tokens.

Memory Savings. Since InterSR reduces the
total number of generated tokens (by 11%–51%
across benchmarks), it directly reduces the peak
KV cache memory consumption. For a model with
L layers, hidden dimension d, and n generated to-
kens, the KV cache memory is:

MKV = 2 · L · n · d · b (11)

where b is the bytes per element (2 for bfloat16).
Since InterSR reduces n by a factor of (1 − α)
where α is the token reduction ratio, the memory
savings are proportional:

∆MKV = 2 · L · α · nvanilla · d · b (12)

For the 7B model (L = 28, d = 3584) with an
average 30% token reduction on MATH500 (from
3824 to 2651 tokens), this translates to:

∆M = 2×28×1173×3584×2 ≈ 472 MB (13)

per request. In a serving scenario with multiple con-
current requests, these savings are multiplicative,
enabling higher throughput or larger batch sizes un-
der the same memory budget. The detailed serving
throughput comparison is presented in Table 2 in
the main text.

I System 1/2 Mode Distribution

A key design principle of InterSR is that it adap-
tively allocates reasoning effort based on problem
complexity. To verify this, we analyze the propor-
tion of tokens generated under System 1 (fast) ver-
sus System 2 (slow) across benchmarks and model
scales.

Setup. For each model (1.5B, 7B, 14B), we
run InterSR on all four mathematical bench-
marks and record the number of tokens gener-
ated in each reasoning mode. Tokens within
<think>...</think> segments are counted as
System 2 tokens; all other tokens are counted as
System 1.

Results. As shown in Figure 11, the System 2
token ratio increases consistently with benchmark
difficulty across all model scales. On GSM8K (eas-
iest), the 7B model allocates only 28% of tokens
to System 2, while on AIME24 (hardest), this ratio
rises to 60%. This confirms that InterSR’s signal-
driven switching mechanism correctly identifies
and responds to varying levels of problem com-
plexity.

Two additional patterns emerge across model
scales:

1. Larger models use less System 2. For the
same benchmark, larger models consistently al-
locate a smaller proportion of tokens to Sys-
tem 2. On GSM8K, the S2 ratio decreases from
35% (1.5B) to 28% (7B) to 22% (14B). This re-
flects the superior reasoning capability of larger
models—they can resolve more reasoning steps
through fast System 1 processing without sacri-
ficing accuracy.

2. Difficulty sensitivity scales with model size.
The gap between the easiest (GSM8K) and hard-
est (AIME24) benchmarks in S2 ratio is 37 per-
centage points for the 1.5B model but only 33
points for the 14B model, indicating that larger
models maintain a more balanced allocation
even on hard problems.

J Token Reduction vs. Problem
Complexity

While the cross-benchmark analysis (Appendix M)
examines aggregate token reduction at the dataset
level, we further investigate how token reduction
varies with individual problem complexity within
each dataset.

Difficulty Proxy. Since the evaluation bench-
marks lack per-problem difficulty annotations, we
use the vanilla model’s token count as a proxy
for problem complexity. This is a natural mea-
sure: problems that require more tokens under stan-
dard reasoning involve longer derivation chains
and more complex reasoning steps, and thus are
inherently more difficult.

Results. Figure 12 plots the token reduction per-
centage against vanilla token count for each prob-
lem, with a rolling average curve (window size 100)
showing the overall trend. Across all three model
scales, we observe a clear downward trend: simpler
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Figure 11: System 1/2 token distribution across benchmarks (ordered by difficulty) for three model scales. The
increasing System 2 ratio on harder benchmarks demonstrates InterSR’s adaptive reasoning allocation.
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Figure 12: Token reduction vs. problem complexity (measured by vanilla token count) for three model scales. The
rolling average (bold line) shows a clear downward trend, confirming that InterSR saves more tokens on simpler
problems. Individual problems shown as semi-transparent scatter points.

problems (fewer vanilla tokens) exhibit higher to-
ken reduction, while more complex problems show
lower but still positive reduction.

Key observations include:

1. Monotonic trend. The rolling average curves
show a consistent downward slope across all
model sizes, validating InterSR’s core mecha-
nism: simpler reasoning steps (which dominate
easy problems) have lower semantic entropy,
triggering more System 1 usage and greater to-
ken savings.

2. Model-scale effect. The 1.5B model exhibits
the steepest decline (from ∼60% for simple
problems to ∼33% for complex ones), while
the 14B model shows a flatter curve with more
consistent reduction (∼40% to ∼27%). This
suggests that larger models achieve more uni-
form efficiency gains across difficulty levels.

3. No negative outliers. Virtually all problems

achieve positive token reduction, confirming
that InterSR does not introduce substantial
overhead even on problems where few mode
switches are beneficial.

K Token Reduction by Problem
Complexity

A central claim of InterSR is that it saves more
tokens on simpler reasoning steps while preserving
full deliberation on complex ones. To validate this
at the problem level, we use the vanilla model’s
token count as a proxy for problem difficulty—
problems that require more tokens under standard
reasoning are inherently more complex, as they in-
volve longer derivation chains and more reasoning
steps.

Setup. We pool all problems from GSM8K,
MATH500, AMC23, and AIME24 and partition
them into five buckets based on their vanilla to-
ken count: <500, 500–2K, 2K–5K, 5K–10K, and
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Figure 13: Average token reduction by problem com-
plexity (measured via vanilla token count) for the 7B
model across all benchmarks. Simpler problems (fewer
vanilla tokens) exhibit larger reductions, confirming In-
terSR’s adaptive resource allocation.

>10K. For each bucket, we compute the average
token reduction ratio achieved by InterSR (using
the DeepSeek-R1-Distill-Qwen-7B model).

Results. As shown in Figure 13, the token reduc-
tion ratio decreases monotonically as problem com-
plexity increases. Problems in the simplest bucket
(<500 tokens) achieve an average reduction of over
40%, while the most complex problems (>10K to-
kens) see reductions of approximately 25%. This
trend is consistent with our theoretical framework:
simpler reasoning steps have lower semantic en-
tropy, causing InterSR to allocate more System 1
processing and thus save more tokens. Conversely,
complex problems contain more high-entropy steps
that require System 2 reasoning, limiting the scope
for token reduction.

This analysis provides evidence that InterSR’s
system switching mechanism is well-calibrated: it
aggressively compresses easy problems while be-
ing appropriately conservative on difficult ones,
ensuring that token savings do not come at the cost
of reasoning quality.

L Per-Problem Token Comparison

To provide a fine-grained view of InterSR’s be-
havior at the individual problem level, we plot the
token count of each problem under InterSR versus
its vanilla token count for the DeepSeek-R1-Distill-
Qwen-7B model.

Analysis. As shown in Figure 14, each point rep-
resents a single problem, with the diagonal line
y = x indicating no token reduction. Points below
this line indicate that InterSR uses fewer tokens
than vanilla reasoning. Several patterns emerge:

1. Consistent reduction. The vast majority of
points fall below the diagonal across all four
benchmarks, confirming that InterSR consis-
tently reduces token usage rather than increasing
it on certain problems.

2. Proportional savings. The points roughly fol-
low a linear trend with slope less than 1, indicat-
ing that InterSR’s savings scale proportionally
with problem length. This suggests that the sig-
nal predictor effectively identifies compressible
reasoning steps regardless of absolute problem
difficulty.

3. Bounded degradation. Very few points appear
above the diagonal (InterSR uses more tokens
than vanilla). When this occurs, the excess is
typically small (<5%), caused by the overhead
of inserted control tokens in problems where
few mode switches are beneficial.

4. Benchmark-specific patterns. On GSM8K
(simpler problems), points cluster tightly be-
low the diagonal with high reduction ratios. On
AIME24 (hardest problems), points are more
dispersed but still predominantly below the line,
reflecting the heterogeneous difficulty of indi-
vidual reasoning steps within each problem.

M Cross-Benchmark Token Reduction
Analysis

To further characterize InterSR’s behavior across
different difficulty levels, we analyze the token
reduction patterns across all four mathematical
reasoning benchmarks, which form a natural diffi-
culty gradient: GSM8K (elementary) < MATH500
(competition-level) < AMC23 (AMC competition)
< AIME24 (AIME competition).

Results. Figure 15 presents the token reduction
percentages for all three model scales across the
four benchmarks. Key observations include:

1. Scale-dependent behavior. The 1.5B model
achieves the highest reduction on GSM8K
(51%) but shows more variable reductions on
harder benchmarks, reflecting its limited capac-
ity to maintain accuracy under aggressive com-
pression. The 7B model exhibits consistently
strong reductions across difficulty levels, while
the 14B model is more conservative on AIME24
but still achieves substantial savings on the other
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Per-Problem Token Comparison: Vanilla vs. ISR (7B)

Figure 14: Per-problem token comparison between vanilla and InterSR reasoning (7B model). Left: GSM8K and
MATH500. Right: AMC23 and AIME24. Points below the diagonal indicate token savings by InterSR.

benchmarks, suggesting that stronger signal pre-
dictors can better calibrate compression to task
difficulty.

2. Difficulty interaction. While the general trend
shows higher reduction on easier benchmarks,
the relationship is not strictly monotonic. For
example, the 7B model achieves 33% reduction
on AIME24 (the hardest benchmark) compared
to 27% on AMC23. This can be attributed to the
fact that AIME24 problems, while overall more
difficult, contain proportionally more straight-
forward setup steps that InterSR can efficiently
compress.

3. Practical implications. Even on the most
challenging benchmark (AIME24), InterSR
achieves 11%–35% token reduction without sac-
rificing accuracy, demonstrating that substantial
computational savings are achievable even in
high-difficulty reasoning scenarios.

N Additional Rebuttal Experiments

This section collects the additional experiments
conducted during the rebuttal period. We keep
these results in the appendix to preserve the fo-
cus of the main paper while still documenting the
reviewer-requested evidence.

N.1 S1/S2 Semantic-Entropy Validation
To directly validate the relationship between the
semantic-entropy signal and the selected reason-
ing mode, we recompute σ offline at boundaries
produced by InterSR and group them by the actual
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Figure 15: Token reduction percentage across bench-
marks (ordered by difficulty) for three model scales.
InterSR achieves consistent savings across all difficulty
levels.

Dataset S1 σ S2 σ Diff. p-value

MATH500 0.225 0.350 0.124 0.00834
AIME24 0.403 0.496 0.093 0.0218
GPQA-D 0.346 0.598 0.253 6.0×10−5

Table 7: Offline semantic-entropy check for routed
boundaries. Boundaries routed to the deliberative mode
have consistently higher σ than boundaries routed to the
fast mode.

routing decisions. Table 7 shows that boundaries
routed to the deliberative mode have consistently
higher semantic entropy than those routed to the
fast mode, supporting the use of σ as a proxy for
local reasoning demand.

N.2 Out-of-Domain Predictor AUC
Because the predictor is trained on DART-Math, we
directly evaluate whether its discrimination qual-
ity transfers to other datasets. Table 8 fixes the
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Dataset DART-Math MATH500 AIME24 GPQA-D

AUC 0.838 0.779 0.812 0.782

Table 8: Out-of-domain AUC of the DART-Math-
trained R1-7B signal predictor.

DART-trained R1-7B predictor and recomputes
semantic-entropy labels with the same sampling
and clustering protocol. The predictor remains in-
formative on MATH500, AIME24, and GPQA-D,
suggesting that the signal predictor learns transfer-
able uncertainty-related features.

N.3 Threshold Sensitivity
To verify that InterSR is not dependent on a single
hand-picked threshold, we additionally sweep τ
across multiple model-dataset combinations. Ta-
ble 9 shows that InterSR preserves a favorable
accuracy-token trade-off across a range of thresh-
olds. Very aggressive thresholds can reduce tokens
further but may hurt accuracy on some datasets.

N.4 Comparison with SwiReasoning
Concurrent methods such as MixReasoning (Lu
et al., 2026) and SwiReasoning (Shi et al., 2026)
also explore switching between reasoning modes
during inference. InterSR differs in two ways. First,
it performs switching at reasoning-unit boundaries
inside a single trajectory, rather than assigning a
mode globally to the whole instance. Second, its
routing signal is learned from hidden states to amor-
tize the expensive semantic-entropy computation,
allowing fine-grained online control with negligible
additional decoding overhead.

Table 11 compares InterSR with SwiReasoning
on R1-7B. InterSR obtains lower token counts on
all four math benchmarks while preserving or im-
proving accuracy. This supports the advantage
of interleaving mode switches at reasoning-unit
boundaries rather than relying only on coarser
mode-switching behavior.

N.5 Model-Family Transfer to
Gemma4-12B-it

Following the same evaluation protocol and infer-
ence configuration described in Appendix A, we
evaluate InterSR on Gemma4-12B-it as a cross-
architecture testbed to assess whether the switch-
ing mechanism transfers beyond the DeepSeek-R1-
Distill model family.

Table 10 evaluates InterSR on Gemma4-12B-it.
InterSR maintains comparable or slightly higher

accuracy across all six benchmarks while reduc-
ing token usage, supporting transfer beyond the
DeepSeek-distilled model family.

O Full Case Study

Due to space limitations in the main paper, we are
unable to present the full case study. Here, we
provide the complete case study to more clearly
illustrate the differences between the InterSR and
Standard reasoning processes.

O.1 Standard Reasoning Case
This section presents the complete output of the
standard reasoning process used in the case study.
As shown, the response is excessively verbose and
contains a significant amount of repetition—clear
indicators of overthinking behavior.

Standard Reasoning Case

<think>

Okay, so Aya has this morning routine
where she goes for a 9-kilometer walk and
then stops at a coffee shop. The problem is
giving me two different scenarios about her
walking speed and the time it takes, includ-
ing the time she spends in the coffee shop.
I need to figure out how long her walk will
take if she walks at a speed of s + 1/2 kilo-
meters per hour, including the coffee shop
time.
Alright, let me break this down. First, in the
first scenario, she walks at a constant speed
of s km/h and the entire walk takes her 4
hours, which includes t minutes at the coffee
shop. In the second scenario, she walks
faster, at s + 2 km/h, and the walk takes
her 2 hours and 24 minutes, still including t
minutes at the coffee shop.
So, the difference in time must be due to the
difference in walking speed. I think I can set
up equations based on the information given.
Let me convert everything into hours. First
scenario: total time is 4 hours, t minutes is
t/60 hours. Therefore, the walking time is 4
- t/60 hours.
Similarly, in the second scenario, total time
is 2.4 hours, so walking time is 2.4 - t/60
hours.
Now, using distance = speed × time: 9 = s
× (4 - t/60) and 9 = (s + 2) × (2.4 - t/60).
Let T = t/60. From Eq 1: s = 9 / (4 - T).
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Model Dataset Vanilla τ = 0.2 τ = 0.3 τ = 0.4 τ = 0.5
Acc. Tok. Acc. Tok. Acc. Tok. Acc. Tok. Acc. Tok.

R1-8B AMC23 80.0 5518 80.0 5010 80.0 4585 80.0 4138 75.0 3520
R1-14B AMC23 92.5 5435 92.5 4890 92.5 3894 92.5 3510 87.5 3045
R1-14B GSM8K 91.9 705 91.9 642 92.0 544 91.4 481 90.8 407
R1-14B GPQA-D 50.5 5899 51.0 5610 51.0 4890 51.0 4050 51.0 3536

Table 9: Threshold sensitivity across models and datasets. Acc. denotes Pass@1 accuracy (%), and Tok. denotes
average generated tokens.

Method GSM8K MATH500 AIME24 AMC23 GPQA-D MMLU

Vanilla 96.89/937 95.20/3820 66.67/11742 95.00/6759 56.57/8096 77.60/1375
InterSR 96.97/690 95.40/2705 66.67/9450 95.00/4890 57.07/4950 77.60/985

Table 10: Model-family transfer on Gemma4-12B-it. Each cell reports accuracy/token count.

Method GSM8K MATH500 AIME24 AMC23

Vanilla 86.4/743 88.6/3824 46.7/10953 90.0/5699
SwiReasoning 85.7/688 89.0/2764 46.7/8063 87.5/4791
InterSR 86.7/517 89.6/2651 50.0/7259 90.0/4126

Table 11: Focused comparison with a close mode-
switching baseline on DeepSeek-R1-Distill-Qwen-7B.
Each cell reports accuracy/token count.

From Eq 2: s + 2 = 9 / (2.4 - T). Substituting:
9/(4 - T) + 2 = 9/(2.4 - T).
Solving: T = 0.4, t = 24 minutes, s = 2.5
km/h.
Verify: (4.5)(2.0) = 9. Correct. Now s +
0.5 = 3 km/h, walking time = 9/3 = 3 hours
= 180 minutes. Total = 180 + 24 = 204
minutes.
Wait, let me verify again. First case: 9/2.5
= 3.6 hours = 216 mins, total = 240 mins.
Second: 9/4.5 = 2 hours = 120 mins, total
= 144 mins. All consistent. Answer is 204
minutes.

</think>

Aya goes for a 9-kilometer walk every morn-
ing and stops at a coffee shop afterwards.
We set up: 9 = s(4 - t/60) and 9 = (s+2)(2.4
- t/60). Solving: t = 24 mins, s = 2.5. At 3
km/h: 180 + 24 = 204 minutes.

O.2 InterSR Case
Compared to standard reasoning, InterSR is better
at allocating resources based on the current reason-
ing state. It dynamically selects the appropriate
reasoning system according to the level of con-
ceptual complexity, thereby avoiding redundant
elaboration on simple concepts and focusing com-
putational effort on the core aspects of the problem.

InterSR Case

<think>

Okay, so I’ve got this problem here about
Aya going for a walk every morning. Let
me try to understand what’s going on.

</think>

Understanding the Problem: Aya walks 9
kilometers every morning with two different
walking speeds. We need to find the total
time at s + 1/2 km/h.
Setting Up Equations:

<think>

Let’s define: s = speed, t = coffee shop time.
Equations: 9/s + t/60 = 4 and 9/(s+2) + t/60
= 2.4.

</think>

Subtracting: 18/(s(s+2)) = 1.6, so s(s+2) =
11.25, giving s = 2.5 km/h, t = 24 minutes.
At s + 0.5 = 3 km/h: walking time = 9/3 =
3 hours = 180 min. Total = 180 + 24 = 204
minutes.
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