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Abstract

Chain-of-Thought (CoT) prompting improves
reasoning but often produces long and redun-
dant traces that substantially increase inference
cost. We present SyncThink, a training-free
and plug-and-play decoding method that re-
duces CoT overhead without modifying model
weights. Rather than treating reasoning com-
pleteness as a theoretically guaranteed cri-
terion, SyncThink uses an empirically cali-
brated internal stopping signal derived from the
model’s reasoning-to-answer transition. Our
analysis provides mechanistic evidence that an-
swer generation relies disproportionately on
the transition token </think>, consistent with
an information-bottleneck effect, and we lever-
age its logit dynamics to detect reasoning sat-
uration and terminate reasoning early. Ex-
periments on GSM8K, MMLU, GPQA, and
BBH across three DeepSeek-R1 distilled mod-
els show that SyncThink achieves 62.00% av-
erage Top@1 accuracy using 656 generated to-
kens and 28.68s latency, compared to 61.22%,
2141 tokens, and 92.01s for full CoT decod-
ing. On long-horizon tasks such as GPQA,
SyncThink further yields up to +8.1 absolute
accuracy by mitigating over-thinking.

1 Introduction

Large language models (LLMs) (Vaswani et al.,
2017; Zhang et al., 2025b) achieve strong reason-
ing with Chain-of-Thought (CoT) prompting (Wei
et al., 2022), but long CoT traces substantially in-
crease inference cost. As Figure 1 shows, accu-
racy often saturates beyond a certain token budget,
yielding diminishing returns. Together with prior
findings that models may over-think (Chen et al.,
2025), often reach correct answers early (Liu and
Wang, 2025), and can perform well with concise
drafts (Xu et al., 2025), this suggests a mismatch
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Figure 1: Efficiency-Accuracy Trade-off. The blue curve
depicts the base model’s capability boundary. SyncThink
(red star) significantly surpasses this limit, occupying the top-
left Pareto frontier with higher accuracy and reduced token
usage. The bottom bars represent the marginal reasoning ef-
ficiency (AAcc/ATokens). Our method achieves the highest
score (1.08), demonstrating that it effectively retains critical
reasoning while pruning redundancy. More results across four
datasets can be viewed in Appendix B.

between generated length and actual reasoning de-
mand.

Existing solutions remain limited. Training-
based methods (Yao et al., 2023; Bi et al., 2024; Ye
et al., 2024; Zhang et al., 2024) require additional
fine-tuning or specialized data, while training-
free methods such as Answer Convergence (Liu
and Wang, 2025) and sampling-based stopping
rules (Sui et al., 2025) rely on black-box consis-
tency checks or repeated probing, often adding
extra inference cost.

We characterize this inefficiency as Cognitive
Lag: the model has already reached a sufficiently
informative reasoning state, yet continues generat-
ing redundant tokens. Our analyses suggest that the
reasoning-to-answer transition is often associated
with a boundary token (e.g., </think>) that serves
as an information bridge for answer generation. We
therefore track the step-wise logit rank of this token
as an internal stopping signal. Macro-level results
on BBH further show that accuracy saturates in an
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“optimal truncation zone” (starting at roughly 60%
of the reasoning progress), well before the model
naturally emits its termination token.

However, existing solutions remain limited.
Training-based methods (Yao et al., 2023; Bi et al.,
2024; Ye et al., 2024; Zhang et al., 2024) require
additional fine-tuning or specialized data, reducing
deployability. Existing training-free approaches,
such as Answer Convergence (Liu and Wang,
2025) and sampling-based stopping rules (Sui et al.,
2025), are largely based on black-box consistency
checks or repeated probing at the answer level,
which can introduce additional inference cost with-
out explicitly leveraging the model’s internal tran-
sition dynamics.

We characterize this inefficiency as Cognitive
Lag: the model has already reached a sufficiently
informative reasoning state, yet continues generat-
ing redundant tokens. To study this phenomenon,
we analyze the transition from reasoning to an-
swering in reasoning-capable models. Attention
and saliency analyses (figures 2 and 3) suggest
that a transition token (e.g., </think>) can act as
an information bridge, concentrating information
needed for answer generation. We therefore use the
step-wise logit rank of this token as a lightweight
internal probe of the reasoning-to-answer transition.
Macro-level results on BBH further show that an-
swer accuracy saturates in an “optimal truncation
zone” (starting at roughly 60% of the reasoning
progress), well before the model naturally emits its
termination token.

To bridge this lag, we propose SyncThink, a
training-free decoding framework motivated by
this transition-state analysis. Rather than treat-
ing reasoning completeness as a theoretically guar-
anteed criterion, SyncThink uses an empirically
calibrated stopping policy based on the model’s
internal reasoning-to-answer signal. In reasoning-
specialized models with an explicit boundary token
(e.g., </think>in DeepSeek-R1), SyncThink mon-
itors the token’s logit rank together with distribu-
tional entropy, and triggers dynamic early stopping
when the model reaches a saturated reasoning state.

Experiments show that SyncThink achieves a
better efficiency—accuracy trade-off. In Figure 1,
SyncThink reaches 62.00% Top@ 1 accuracy with
~0656 tokens, outperforming full CoT (61.22%,
~2141 tokens) while reducing the token budget
by 69.4% (3.21x speedup).

Our contributions are as follows:

* We define Cognitive Lag in CoT reasoning and
show, through micro- and macro-level analyses,
that answer accuracy can saturate well before the
model’s natural termination point.

* We provide mechanistic evidence that the
reasoning-to-answer transition is associated with
an information-bridging token such as </think>,
and show that its logit dynamics offer a useful in-
ternal signal for monitoring reasoning saturation.

* We propose SyncThink, a training-free decod-
ing method that uses an empirically calibrated
internal stopping signal to dynamically truncate
redundant reasoning, improving efficiency while
preserving or improving accuracy across tasks.

2 Related Work

2.1 CoT Compression

Efficient CoT generation is commonly studied
from two directions: training-based compression
and inference-time optimization (Qu et al., 2025a;
Sui et al., 2025). Training-based methods re-
duce reasoning overhead by pruning explicit rea-
soning tokens (Han et al., 2024; Zhang et al.,
2025a) or compressing reasoning into latent rep-
resentations (Chen et al., 2024; Qu et al., 2025b).
Inference-time methods instead improve efficiency
without updating model weights, e.g., by generat-
ing concise reasoning drafts (Aytes et al., 2025;
Xu et al., 2025) or by stopping early based on
answer-level or transition-level signals (Liu and
Wang, 2025; Sui et al., 2025).

SyncThink is most closely related to inference-
time stopping methods. DEER(Yang et al., 2025)
or Answer Convergence(Liu and Wang, 2025) uses
lexical transition cues to trigger trial-answer gener-
ation and rollback, with efficiency often relying on
branch-parallel / overlapped execution. SSW(Wei
et al., 2025) detects a Reasoning Completion Point
from short-window </think> rank dynamics using
lightweight rules. By contrast, SyncThink tracks
an intrinsic readiness signal directly from normal
decoding logits, namely the boundary-token rank
together with an entropy-aware threshold, and per-
forms early stopping in a strictly single-pass man-
ner. Relative to DEER, it avoids trial answers and
rollback; relative to SSW, it introduces uncertainty-
aware control and is additionally motivated by a
mechanistic bottleneck interpretation from atten-
tion and saliency analysis.
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Figure 2: Empirical evidence of the Universal Reasoning Bottleneck on a GSM8K example. (a) At Layer 29,
attention concentrates on the </think> boundary rather than reasoning tokens (more layers in Fig. 8). (b) Saliency
analysis shows that information transfer from Reasoning to Answer is negligible (red line), while the dominant
pathway is mediated by </think> (purple line), suggesting reasoning is compressed into this transition token.

3 Methodology

We propose SyncThink, a training-free frame-
work for improving CoT reasoning efficiency by
reducing redundant computation. To motivate
this approach from the model’s internal dynamics,
our methodology follows a three-stage analytical
pipeline:

(1) Mechanistic Analysis (§3.2): Through at-
tention and saliency analyses, we provide
mechanistic evidence that the </think> to-
ken is closely associated with the reasoning-
to-answer transition and can serve as a useful
internal signal for monitoring reasoning pro-
gression.

(2) Phenomenon Quantification (§3.3): By track-
ing the temporal dynamics of this signal, we
characterize Cognitive Lag. Our micro-level
phase analysis and macro-level accuracy statis-
tics jointly show that answer accuracy can sat-
urate before the model reaches its natural ter-
mination point.

(3) Algorithm Design (§3.4): Building on these
observations, we formulate SyncThink as an
empirically calibrated stopping strategy that
uses dynamic rank and entropy thresholds to
truncate redundant reasoning once the model
reaches a sufficiently saturated reasoning state.

3.1 Problem Formulation: The
Efficiency-Accuracy Trade-off

Given a question g, an LLM generates a reasoning
chain r = (r1,...,rz) followed by an answer a.

While r generally enhances the conditional proba-
bility P(alq, ), the computational cost scales lin-
early with L. Recent observations in the litera-
ture (Chen et al., 2025; Liu and Wang, 2025) indi-
cate that this performance gain exhibits diminishing
returns: accuracy tends to saturate rapidly after an
initial rise, implying that extending L beyond a
critical point yields negligible gains.

Therefore, our objective is to find an optimal
truncation point £ that maximizes accuracy while
minimizing cost:

t = arg max (A(t) — a - Cost(t)) (1)

Since the true accuracy A(t) is unobservable
during inference, we seek an intrinsic proxy from
the model’s internal state to estimate reasoning
sufficiency.

3.2 Attention Analysis: The Information
Bottleneck

To identify an intrinsic proxy, we first examine
internal attention maps, as self-attention governs
information flow in Transformers. As shown in Fig-
ure 2, deep-layer attention allocates negligible mass
to individual reasoning tokens and instead concen-
trates on the </think> boundary. This observation
suggests that (i) the reasoning span contains sub-
stantial redundancy, and (ii) </think> serves as an
information bottleneck where critical context is
compressed and accumulated for answer genera-
tion.
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Figure 3: The rationale behind SyncThink. (Top) Micro-Dynamics: The </think> rank provides a real-time signal that
tracks the four reasoning phases in §3.3. (Bottom) Macro-Statistics: On BBH, we observe a cognitive lag: truncation accuracy
(blue) saturates within the shaded optimal truncation zone well before the model’s intrinsic termination signal (red).

Further, to validate these hypotheses, we em-
ploy Saliency Score analysis following Wang et al.
(2023). This framework quantifies the contribution
of specific attention regions by measuring the sen-
sitivity of the loss function to masked perturbations
via a first-order Taylor approximation:

87L, M> )
F

This approximation reveals that saliency is es-
sentially the element-wise product of the attention
activations and their gradients within the masked
region.

As illustrated in Figure 2, this analysis yields
three key insights regarding the reasoning mecha-
nism:

* The </think> Token as an Information
Bridge: The information flow follows a “Rea-
soning — </think> — Answer” path. Direct
saliency from reasoning tokens to the answer is
negligible, confirming that </think> serves as a
critical mediator that aggregates context before
generation.

* Early Aggregation and Logic Construction:
Saliency peaks in shallow layers (1-2) for context
compression, while core logical decision-making
is centralized in the middle layers (5-15). This
indicates that the primary information processing
occurs in the early-to-mid stages of the network.

* Completion of Information Integration: In
deeper layers (> 20), saliency scores across

all key paths diminish significantly (quiescence).
This confirms that critical information migration
to </think> is fully concluded, rendering further
explicit retrieval of reasoning history redundant.

Our saliency analysis identifies </think> as a crit-
ical information bottleneck where reasoning con-
tent is distilled, while intermediate tokens exhibit
rapid saliency decay. This phenomenon is not lim-
ited to specific instances and is analyzed in detail in
Appendix C. Consequently, the model’s primary re-
liance on this distilled signal supports our strategy
of using it for dynamic early stopping.

3.3 The Temporal Dynamics of Reasoning
Completeness

Building on the identification of where informa-
tion concentrates, we now examine the temporal
dynamics to determine when reasoning becomes
sufficient. Specifically, we track the evolution of
the </think> token’s rank, defined as the rank of
its logit among the full vocabulary at each decod-
ing step. We use this step-wise logit rank as a
lightweight proxy for the model’s internal reason-
ing state. As shown in Figure 3 (Top), the rank
trajectory maps to four distinct cognitive phases:

Phase I: Problem Restatement (Sharp Descent).
The rank initially precipitates from the start to
> 10* This marks the transition from instruc-
tion encoding to reasoning initiation, indicating
the model’s commitment to generating a long-form
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chain rather than an immediate answer.

Phase II: Logic Identification (Initial Recovery).
A steady recovery to ~ 103 follows, correspond-
ing to the Orientation stage. As the model struc-
tures the problem space and identifies a viable logi-
cal path, the uncertainty regarding termination de-
creases.

Phase III: Iterative Reasoning (Volatile Plateau).
The rank oscillates between 10 and 103. These
fluctuations reflect Self-Reflection: local peaks sug-
gest the completion of sub-steps, while subsequent
drops indicate the activation of verification or back-
tracking mechanisms during conflict resolution.

Phase IV: Final Conclusion (Linear Ascent).
Upon resolving the internal debate, the trajectory
shifts to a decisive, linear ascent to Top-1. Unlike
the fluctuations in Phase III, this irreversible rise
serves as a deterministic signal that the reasoning
process is concluded.

This analysis highlights the limitation of fixed
token budgets, which fail to distinguish between
necessary formulation (Phase II) and potentially
redundant exploration (Phase III). Our framework
leverages these rank trends to detect latent termi-
nation signals, enabling dynamic truncation dur-
ing periods of "overthinking" to prevent redundant
computation.

Macro-Statistics: The Cognitive Lag. We fur-
ther aggregate reasoning trajectories across the
BBH dataset to analyze macro-level trends (Fig-
ure 3, Bottom). Here, the red curve depicts the
median rank of the </think> token overlaid on in-
dividual sample traces (grey), while the blue dashed
line indicates the Top-1 accuracy achievable by
truncating generation at the corresponding progress
percentage.

This macro-view reveals a critical decoupling
between model capability and generation policy,
termed "' Cognitive Lag''. Specifically, as reason-
ing progresses beyond 60%, the truncation accu-
racy (blue) enters a saturation plateau, recovering
to near-optimal levels. Paradoxically, the model’s
intrinsic termination signal (red) remains deeply
suppressed (rank ~ 103) throughout this phase, in-
dicating a lack of confidence to terminate despite
having effectively solved the problem. This mis-
alignment drives the model to engage in prolonged,
low-utility reasoning to pursue negligible perfor-
mance gains.

Consequently, a dynamic intervention mecha-
nism is required to decouple termination from the
model’s inertia, intervening precisely when infor-
mation saturation is detected.

3.4 SyncThink: A Dynamic Reasoning
Termination Method Based on the Logit

Our investigation reveals a mechanism of Pro-
gressive Information Condensation, where the
model aggregates reasoning logic into evolving
hidden states and employs the </think> token as
a “summary embedding” of completeness. This
dynamic reflects a Mechanism Competition be-
tween Exploration and Conclusion modes, where a
rising rank of </think>—indicative of state satu-
ration—signals the model’s readiness to transition.
Addressing the noise sensitivity caused by the mag-
nitude dominance of raw logits, we demonstrate
that the token Rank serves as an intrinsic proxy for
information sufficiency.

Motivated by this, we introduce a heuristic dy-
namic truncation mechanism. When the rank of the
terminator token ascends to a sufficiently high po-
sition, we manually inject </think> to terminate
the reasoning process. We formulate this strategy
as follows:

1 if Ry(</think>) < 7(t, py)
Lstop(t) = 3
mp( ) {0 otherwise )

Here, R¢(</think>) denotes the rank of the ter-
minator token within the current probability dis-
tribution p; (0-indexed). The dynamic threshold
7(t, pt) is modulated by both temporal pacing and
model uncertainty:

7(t,pi) = [B(t) -exp(=A-H(ps))] 4

The components of the threshold are defined as
follows:

* Time-Dependent Pacing 5(¢): We directly em-
ploy ¢ as the time-scale control factor. As ¢ in-
creases, the threshold rises accordingly, aligning
with the intuition that longer reasoning chains
are increasingly prone to redundancy. Addition-
ally, we impose an upper bound 7T, to prevent
the threshold from becoming excessively loose
in extended sequences, thereby avoiding indis-
criminate truncation.
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* Entropy-Aware Scaling 7 (p;): We compute
the Shannon entropy of the next-token distribu-
tion to adjust for model confidence:

H(pt) = — ZPt(’U) log pt(v) &)

veV

where V is the vocabulary. High entropy (uncer-
tainty) reduces the threshold via the term e,
tightening the constraint to prevent premature
truncation during exploration phases (Wang et al.,
2025). Conversely, low entropy encourages com-
mitment to a conclusion.
Once the condition Lp(t) = 1 is met, we man-
ually inject the </think> token and proceed to the
answer generation phase.

4 Experimental Setup

Datasets To comprehensively evaluate our pro-

posed method across diverse reasoning and

knowledge-intensive scenarios, we conduct experi-

ments on the following four benchmark datasets:

* GSMS8K (Cobbe et al., 2021): Evaluates multi-
step arithmetic reasoning via grade-school math
problems.

* MMLU (Hendrycks et al., 2020): Assesses gen-
eral knowledge across 57 diverse domains, rang-
ing from elementary to professional levels.

* GPQA (Rein et al., 2024): Tests high-level con-
ceptual understanding with graduate-level scien-
tific questions.

* BBH (Suzgun et al., 2022): Stress-tests models
on hard-to-solve tasks involving symbolic and
logical planning.

Backbone. We select models in the 7B—14B
range, reflecting practical constraints while main-
taining strong reasoning capabilities.
Owen2.5-7B/14B (Yang et al., 2024): Leading
open-source models with robust reasoning perfor-
mance. LLaMA3.1-8B (Grattafiori et al., 2024): A
balanced model optimized for efficient instruction
following. Identical decoding settings are applied
across all baselines for consistent comparison.

Baselines. We compare SyncThink against five
baselines: (1) Full CoT: Generates complete rea-
soning traces, serving as the inference-time quality
upper bound; (2) No CoT: Directly generates an-
swers without reasoning; (3) Fixed-Ratio Trunca-
tion: A heuristic that stops reasoning at a predeter-
mined length ratio; (4) Answer Convergence (Liu
and Wang, 2025): A probing method that triggers

early stopping when intermediate answer predic-
tions stabilize across k consecutive segments. (5)
DEER: A stronger test-time reasoning baseline
that improves answer quality through trial-answer
generation and rollback, with reported latency ben-
efiting from branch-parallel / overlapped execution;
Additionally, on GSMS8K, we include an SFT Or-
acle/Upper Bound (fine-tuned on gold reasoning
traces) to benchmark the maximum achievable per-
formance via supervised learning.

All baselines are evaluated with identical
prompts and answer extraction, and we match the
generation budget across methods whenever appli-
cable, enabling an apples-to-apples comparison of
accuracy and efficiency.

Metrics. We evaluate each method from both ef-
fectiveness and efficiency perspectives using three
primary metrics: Top-1 accuracy (Top@17), wall-
clock inference time (Timel ), and the number of
generated tokens (Tokens|). Top@1 accuracy is
computed as the exact-match rate under a unified
answer parser for each benchmark.

Decoding parameters. Unless otherwise speci-
fied, all results are obtained under greedy decod-
ing (temperature = 0 and no stochastic sampling)
with max_new_tokens= 8192 for all methods. Un-
der this setting, generation is (near-)deterministic
given the same model, tokenizer, prompts, and in-
puts; consequently, we report results from a single
deterministic run per configuration. More specific
details can be seen in Appendix A. For our trun-
cation strategy in Eq. 4, we tune A on the held-out
validation set and fix it to A = 0.8, which is then
applied unchanged to all test benchmarks; we also
set B(t) = t (the decoding step) to gradually relax
the early-exit constraint as generation proceeds.

5 Results and Analysis
5.1 Main Results

Table 1 presents the performance comparison
across four benchmarks. Overall, SyncThink
achieves a strong trade-off between reasoning qual-
ity and inference efficiency, outperforming stan-
dard baselines such as Full Reasoning, No Reason-
ing, fixed-ratio truncation, and Answer Conver-
gence. In particular, SyncThink attains the highest
average Top@1 accuracy among these methods
(62.00%), surpassing Full Reasoning (61.22%)
while using only ~30% of the token budget (655.80
vs. 2141.25 tokens).
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Method \ GSMSK \ MMLU \ GPQA \ BBH \ Avg Res
| Top@1 Time Tokens | Top@1 Time Tokens | Top@1 Time Tokens | Top@1 Time Tokens | Top@1 Time Tokens
DeepSeek-R1-Qwen2.5-7b
Full Reasoning 87.57 18.79 440 61.15 73.00 1676 30.30  231.58 5444 65.86  44.65 1005 61.22 9201 2141
No Reasoning 88.09 11.39 266 53.26 12.01 276 32.82 25.90 609 61.21 16.08 362 58.85 16.35 378
Reasoning Ratio(r = 0.25) | 85.52 13.45 317 49.85 28.41 674 24.75 78.89 1879 59.39 19.51 439 54.88 35.07 827
Reasoning Ratio(r = 0.5) 85.97 15.22 359 5248 4261 1005 25.76  131.20 3170 63.64  29.35 660 56.96 54.60 1299
Reasoning Ratio(r = 0.75) | 86.43 17.05 417 57.55 58.75 1421 31.31 184.43 4458 65.67 37.38 841 60.24 7440 1784
SFT Model 77.41 4.53 106 51.41 15.80 363 32.32 39.44 927 48.28 30.84 694 52.36 22.65 523
Answer Convergence 87.82 1528 278 5712 34.64 754 31.38  180.38 3919 6236 27.21 503 59.67  64.38 1364
Stop When Enough 86.50  21.90 585 5820  43.20 983 3750  73.50 1695 62.00 37.50 825 61.05 44.03 1022
Stop Spinning Wheels 88.50 16.10 290 56.40  33.90 740 3220 175.00 3800 63.10  28.00 520 60.05  63.25 1338
DEER 89.42 16.28 366 60.20  35.38 748 36.93 51.47 1384 64.58 28.39 533 62.78 32.88 758
SyncThink 87.49 14.39 383 59.10 28.13 643 38.38 47.73 1116 63.03 24.46 541 62.00 28.68 671
DeepSeek-R1-Qwen2.5-14b
Full Reasoning 93.33 35.24 493 81.60 105.67 1465 43.43 37828 5300 85.25 92.34 1287 7590 152.88 2136
No Reasoning 9204 1807 251 | 7488 2165 299 | 4091 4992 698 | 7737 1766 247 | 7130 2683 374
Reasoning Ratio(r = 0.25) | 91.15  22.59 319 66.52  44.68 630 3548 14023 2021 76.88  37.40 525 67.50  61.23 874
Reasoning Ratio(r = 0.5) 91.62 27.09 379 70.03 63.90 888 3692 217.19 3173 82.38 57.00 807 70.24  91.30 1312
Reasoning Ratio(r = 0.75) | 92.12 31.17 459 76.80 87.14 1271 4488  300.80 4455 85.00 73.78 1070 7470 12322 1814
SFT Model 8443 156.58 2191 64.23 32949 4569 44.04 36726 5145 70.59 341.63 4763 65.82 298.74 4167
Answer Convergence 92.23 33.49 381 75.33 70.29 744 4191 188.38 3741 79.38 68.38 735 72.21 90.14 1400
Stop When Enough 90.80  42.12 592 75.00 82.55 1144 43.50 170.04 2353 80.70  78.26 1086 7250  93.24 1294
Stop spinning wheels 93.10  34.20 390 7620  68.50 730 43.00 12993 2039 80.10  66.20 720 73.10  85.98 1360
DEER 93.43 35.38 401 79.38 73.38 775 4748 141.58 1844 84.38 59.39 757 76.17 7743 944
SyncThink 93.03 31.59 442 7799  61.59 852 4697 126.29 1764 83.84  58.65 817 7546  69.53 969
DeepSeek-R1-LLaMA3.1-8b

Full Reasoning 78.47 23.66 498 62.80  99.38 2076 2424 28349 5978 73.33 69.03 1445 59.71  118.89 2499
No Reasoning 80.51 12.72 267 58.33 15.15 315 32.83 28.16 595 63.03 12.68 263 58.68 17.18 360
Reasoning Ratio(r = 0.25) | 76.63 15.52 340 5120  36.58 768 19.80  97.74 2146 66.13  27.98 588 5344 4446 963
Reasoning Ratio(r = 0.5) 77.04 18.49 403 5390  58.99 1236 20.61 159.96 3455 70.86  40.87 850 55.60  69.58 1525
Reasoning Ratio(r = 0.75) | 77.45 21.16 486 59.10  79.42 1731 25.05 22097 4885 73.12 5495 1195 58.68  94.13 2049
SFT Model 63.99 3.99 84 46.45 10.53 220 24.75 23.51 496 49.29 17.12 358 46.12 13.79 289
Answer Convergence 78.18 15.33 385 59.13 54.93 538 2898 17458 3959 65.38  43.78 840 57.92 72.16 1431
Stop When Enough 76.90 27.58 574 58.30  59.22 1239 3230 107.94 2268 66.10  54.32 1127 58.40  62.27 1302
Stop Spinning Wheels 77.20 16.10 435 60.60  55.20 895 28.40  96.80 1790 68.10  35.10 915 58.58  50.80 1009
DEER 80.26 18.28 399 63.83  59.38 848 3238 10248 1707 7038  36.48 804 61.71 54.16 940
SyncThink 78.32 19.85 419 59.98 4191 872 33.84 76.29 1602 67.68 38.24 796 59.96  44.07 922

Table 1: Comparison of different methods across GSM8K, MMLU, GPQA, and BBH datasets on DeepSeek-R1-
Qwen2.5 and LLaMA3.1 models. We report Top@ 1 accuracy, Time, and Tokens usage.

Compared with DEER, SyncThink does not
always achieve higher final accuracy. However,
DEER relies on a more complex inference pipeline,
including trial-answer generation, rollback, and
branch-parallel / overlapped execution, which par-
tially hides its extra probing cost. By contrast,
SyncThink is strictly single-pass: it monitors in-
trinsic transition signals from normal decoding and
performs early stopping without trial answers or
rollback. As shown in Appendix D, under a purely
serial implementation without overlap, DEER be-
comes substantially slower than SyncThink across
all evaluated models. This suggests that SyncThink
offers a simpler and more deployment-friendly ef-
ficiency gain, whereas DEER attains stronger ac-
curacy with additional engineering complexity and
extra test-time compute.

5.2 Mitigating Over-Thinking via Information
Synchronization

Models often succumb to “over-thinking,” where
valid reasoning degrades into hallucination due to

delayed termination. SyncThink addresses this by
synchronizing generation with internal information
saturation.

Case Study: Pruning Harmful Redundancy.
Figure 6 presents a representative GPQA example
where more reasoning becomes worse. The Full
CoT baseline reaches a correct intermediate state
and is already poised to answer. However, instead
of committing, it continues generating additional
derivations and self-corrections (e.g., “Wait, but
[ need to relate this to...”), gradually drifting into
an unnecessary re-formulation of the problem and
ultimately outputting an incorrect option (C). In
contrast, SyncThink monitors the logit dynamics
of the reasoning-state transition token </think>
and identifies the onset of this detrimental redun-
dancy. As highlighted in the figure, SyncThink trig-
gers an early exit at the earlier </think> boundary
(upper marker), where the model’s information has
already saturated, and directly produces the correct
answer (A), avoiding the later over-thinking branch
that leads to error.
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Figure 4: Efficiency-Accuracy Trade-off. SyncThink demonstrates superior Pareto efficiency compared to Full
CoT, SFT, and static truncation baselines. The red star indicates our method achieves the best balance between
token reduction and model performance across all evaluated models.

Adaptive Truncation. Our method also adapts to
task complexity. On simple benchmarks (GSM8K),
SyncThink applies conservative truncation, pre-
serving linear reasoning paths. Conversely, on com-
plex tasks (GPQA), it exhibits a higher truncation
rate. This confirms that SyncThink selectively tar-
gets the “over-thinking” loops prevalent in difficult
reasoning, rather than indiscriminately shortening
all responses.

5.3 Universality of the Reasoning Bottleneck

A natural question is whether our reliance on the
</think> signal is specific to DeepSeek-R1-style
training. We clarify that our universality claim is at
the mechanism level, rather than the roken-format
level. Specifically, we do not assume that a fixed
surface token such as </think> must appear in
all models. Instead, our claim is that, near rea-
soning saturation, reasoning-capable models often
exhibit a stable reasoning-to-answer routing pat-
tern in which deep-layer attention or attribution
concentrates on a small set of boundary-like tokens
immediately before answer generation.

To examine whether this phenomenon extends
beyond the DeepSeek-R1 distilled family, we con-
duct additional analyses on Qwen2.5-7B-Instruct,
LLaMA3.1-8B-Instruct, Qwen3-8B, and GPT-
OSS-20B. For models without a native explicit
boundary, we elicit a more consistent reasoning
format through few-shot prompting; for models
with native thinking-style generation, we use their
default format. We find that RLVR-trained rea-
soning models such as Qwen3 and GPT-OSS ex-
hibit a sharper and more stable bottleneck pattern,
whereas non-RLVR models tend to show weaker
and more distributed peaks, often aligned with

Method Top@1 Tokens
Full Reasoning  85.49 1.00x
SyncThink 86.08 < 0.50x

Table 2: Preliminary validation on Qwen3-8B over
MATHS500.

structural segmentation tokens such as \n. This
suggests that the routing mechanism is broadly
present, while reasoning-oriented training sharp-
ens it into a more singular transition.

We also perform a preliminary end-to-end vali-
dation on Qwen3-8B using MATH500. As shown
in Table 2, SyncThink preserves performance while
substantially reducing token usage, suggesting that
the method is not limited to the DeepSeek-R1 fam-

ily.
Additional visualizations and model-specific ex-
amples are provided in Appendix C.

SyncThink improves the accuracy—efficiency
Pareto trade-off. On average, it matches Full Rea-
soning accuracy (62.00% vs. 61.22%) while reduc-
ing token usage by ~70% (655.80 vs. 2141.25).
Unlike static truncation heuristics, which mainly
trade accuracy for speed, SyncThink better pre-
serves useful reasoning while removing redun-
dant computation. Its gains are especially clear
on harder tasks such as GPQA, where Sync-
Think (38.38%) outperforms both Full Reasoning
(30.30%) and No Reasoning (32.82%), suggest-
ing that early stopping can mitigate late-stage error
accumulation. Overall, SyncThink provides a fa-
vorable operating point with practical reductions in
latency and memory cost.
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Architectural Robustness. Table 1 shows that
SyncThink remains effective across different
model families and scales (Qwen and LLaMA, 7B—
14B). Notably, it achieves about a 3x speedup on
Qwen-7B while preserving accuracy, indicating
that the transition-token signal is a useful and ro-
bust stopping cue across architectures.

o Y Y ~
2 & & S

Top@1 Accuracy(%)

o
i

0.0 0.2 0.4 0.6 0.8 1.0 1.2 14 1.6
lambda

1000 2000 3000 len (Size)

Figure 5: Ablation study on .

5.4 Parameter and Stopping-Rule Analysis

To avoid overfitting to evaluation benchmarks,
we tune the entropy weight A on a held-out
MATHS00 (Lightman et al., 2023) validation set,
sweeping A\ and measuring Top@1 accuracy and
average generation length (Figure 5). Increasing
A monotonically shortens generations, yielding
a smooth accuracy—length Pareto trade-off rather
than a narrow “sweet spot.” This suggests that A is
better viewed as an interpretable operating knob for
controlling the efficiency—accuracy balance, rather
than a brittle parameter. We use A = 0.8 as a
balanced default in all experiments.

We further study the pacing term 3(t) on a sub-
set of MATHS500 using DeepSeek-R1-Qwen-7B.
As shown in Table 3, the simple linear schedule
B(t) = t achieves the best or near-best trade-off
among the tested variants. Intuitively, 5(¢) acts as
a relaxation schedule: as decoding proceeds, re-
dundant continuation becomes more likely, so the
stopping threshold should gradually relax.

Finally, the stopping rule combines two com-
plementary signals. The transition-token rank pro-
vides a direct probe of readiness to switch from
reasoning to answering, while entropy reflects un-
certainty in the next-token distribution. Using both
yields a simple uncertainty-aware stopping policy
that is more robust than relying on either signal
alone.

Schedule Acc  Avglen Speed
B(t) = const  80.80 1051 43.15
B(t) =t 8320 1004  41.89
B(t) =+t 8240 1012 41.74
B(t) =t 8220 937 39.32

Table 3: Ablation on the pacing schedule 3(¢) on a
subset of MATHS500 using DeepSeek-R1-Qwen-7B.
The linear schedule 5(t) = ¢ achieves the best or near-
best trade-off among the tested variants.

5.5 Performance Across Diverse Tasks

SyncThink generalizes effectively across diverse
domains, surpassing the Full Reasoning baseline
with over 60% computational savings. Notably, this
is achieved using a unified hyperparameter config-
uration without task-specific fine-tuning. On com-
plex benchmarks like GPQA, our method success-
fully mitigates “over-thinking” by halting genera-
tion before hallucinations occur: for Qwen2.5-7B,
SyncThink improves accuracy from 30.30% (Full
Reasoning) to 38.38%. This stability confirms that
SyncThink captures intrinsic reasoning patterns.
The hyperparameters thus serve not as sensi-
tive tuning variables, but as a consistent lever
for users to prioritize either extended reasoning
for marginal gains or aggressive truncation for
efficiency.

6 Conclusion

We propose SyncThink, a training-free and model-
agnostic decoding framework that synchronizes
CoT generation with the model’s intrinsic reason-
ing sufficiency signals. Our key insight is that
these signals already indicate where and when rea-
soning becomes sufficient. Attention analyses re-
veal an information bottleneck at the reasoning
boundary token (e.g., </think>), while temporal
dynamics show the model can sense its reasoning
state. Due to training-induced generation bias, the
emitted termination is often delayed, causing Cog-
nitive Lag—the model is already decidable yet
continues producing redundant tokens. SyncThink
addresses this misalignment with a lightweight
decision rule that aligns decoding with informa-
tion saturation, reducing unnecessary computation
while preserving answer quality. Empirically, Sync-
Think matches Full Reasoning accuracy on aver-
age (62.00% vs. 61.22%) with ~70% fewer to-
kens (655.80 vs. 2141.25), and improves GPQA to
38.38% (vs. 30.30% Full; 32.82% No).
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7 Limitations

While SyncThink is effective in practice, the cur-
rent work has two main limitations.

* Heuristic stopping criterion. Our stopping rule
is motivated by mechanistic analysis and sup-
ported by empirical calibration, but it remains
heuristic rather than fully causal. The transition-
token signal is a practical proxy for reasoning
saturation, yet it does not fully characterize rea-
soning completeness. A more principled and
causal formulation remains an important direc-
tion for future work.

e Limited exploration in RLVR. We only study
the transition signal as an inference-time stop-
ping cue. Its potential use as a process-level
supervision signal in RLVR, such as for interme-
diate reward shaping or reasoning-state guidance,
is left unexplored due to time constraints and
deserves further investigation.

8 Ethical Considerations

We use publicly available datasets and model check-
points under licenses permitting research use; li-
cense terms and restrictions are summarized in Sec-
tion 4. All artifacts are used in accordance with
their intended purposes specified by the original
providers. We also use an LLM only for writing
assistance and language polishing.
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A Implementation Details

A.1 Inference Configuration

We conduct all inference experiments using the
transformers library on a high-performance clus-
ter node equipped with 8 x NVIDIA H800 GPUs.
To ensure reproducibility, we set the random seed
to 5 across all runs. The specific hyperparameters
for generation are listed below:

* Decoding Strategy: We utilize greedy decoding
(do_sample=False) to eliminate randomness in
the generation trajectory and ensure deterministic
evaluation results.

* Precision: All models are loaded in bfloat16
precision to balance computational efficiency and
numerical stability.

« Batch Size: We set the inference batch size to
1 to simulate a real-world streaming latency sce-
nario.

* Max Generation Length: The maximum num-
ber of new tokens is set to 8192 to accommodate
the full reasoning chain of the baseline models.

A.2 Latency Measurement Protocol

To rigorously evaluate the efficiency of our pro-
posed SyncThink method, we define the inference
latency metric to include the full end-to-end pro-
cessing time. Specifically, the reported time T340,
is calculated as:

Ttotal = Tgen + Tmetric + Teval (6)
where:
* Tyen denotes the raw model generation time.

* Tnetric represents the computational over-
head introduced by our method, including the
real-time extraction and calculation of token
logits and attention entropy.

* Tevar includes the time required for the final
answer extraction and correctness verification.

This comprehensive measurement ensures that the
reported speedup (3.21 x) reflects the net perfor-
mance gain after accounting for all computational
costs associated with our dynamic monitoring
mechanism.

B Pareto Frontier Analysis of SyncThink

To examine the accuracy—efficiency trade-off, we
sweep the truncation ratio of a fixed-ratio base-
line and plot accuracy against the truncation ratio
on four benchmarks. This sweep induces a set of
candidate operating points, whose upper envelope
forms an empirical Pareto frontier for uniform trun-
cation policies. As shown in Figure 7, SyncThink
consistently lies in the upper-left region relative to
this frontier across all datasets, indicating a strictly
better operating point: it achieves higher accuracy
under the same truncation ratio, or equivalently
reaches comparable accuracy with fewer reasoning
tokens. Importantly, this gain cannot be replicated
by simply selecting a different global truncation
ratio. Instead, it stems from SyncThink’s instance-
adaptive, logit-driven termination rule, which de-
tects when additional reasoning becomes redundant
and reallocates the reasoning budget more effec-
tively than any single fixed-ratio strategy.

C The Universality of the Reasoning
Bottleneck

In this section, we discuss the theoretical grounding
of our method, arguing that the effectiveness of the
</think> token is not an artifact of specific model
training (e.g., DeepSeek-R1) but a manifestation of
a universal mechanism in Large Language Models
(LLMs).

The Attention Sink Hypothesis. Recent studies
on efficient streaming LLMs have proposed the At-
tention Sink hypothesis (Xiao et al., 2023), which
suggests that attention heads tend to allocate mas-
sive attention scores to specific “sink” tokens (of-
ten initial tokens or special separators) to maintain
internal state stability and aggregate historical con-
text. In the specific context of Chain-of-Thought
(CoT) reasoning, the transition from a reasoning
phase to an answering phase necessitates a seman-
tic boundary—a token or sequence that compresses
the preceding divergent rationale into a converged
state for answer generation.

Function over Form. While DeepSeek-R1 ex-
plicates this boundary as </think>, we argue that
other models employ implicit equivalents to ful-
fill the same functional role. For instance, stan-
dard base models often rely on linguistic markers
such as “Therefore”, “So”, or “Thus” to signal this
state shift. similarly, instruction-tuned models may
utilize special tokens like <|start_header_id|>
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or specific role separators. Consequently, the
</think> token in our SyncThink framework es-
sentially functions as a specialized Reasoning At-
tention Sink. It signals the phase shift from a high-
entropy exploration state to a low-entropy determi-
nation state.

This theoretical perspective implies that Sync-
Think is generalizable to a broader range of CoT-
capable models. The core methodology—detecting
the saturation of reasoning information via a bottle-
neck token—remains valid, provided one identifies
the model-specific transition token (the “sink™),
which distinguishes itself only in surface form
rather than functional utility.

D Comparison with DEER under Serial
Execution

We additionally compare SyncThink with DEER
under a purely serial execution setting. While
DEER achieves stronger accuracy in our main-table
comparison, its reported latency depends heav-
ily on a more complex inference pipeline, includ-
ing trial-answer generation, rollback, and branch-
parallel / overlapped execution. In contrast, Sync-
Think is strictly single-pass and plug-and-play: it
only monitors standard decoding logits (transition-
token rank and entropy) and triggers an early exit
without trial-answer generation or rollback.

To make the latency comparison more apples-
to-apples, we implement a serial variant of DEER
based on the paper description, where trial-answer
generation and rollback are executed sequentially
without branch overlap. Table 4 reports the mea-
sured end-to-end latency under the same evalua-
tion protocol as our main experiments. Numbers
in parentheses denote the runtime ratio relative to
SyncThink on the same model and benchmark.

The results show that, under serial execution,
DEER becomes substantially slower than Sync-
Think across all three models, with a consistent
slowdown of around 1.6 x—1.8x. This highlights
an important practical distinction between the two
approaches: DEER improves accuracy by spending
additional test-time compute through trial answers
and rollback, whereas SyncThink is an online stop-
ping policy that reads an intrinsic readiness sig-
nal from normal decoding and exits early in a sin-
gle pass. Notably, on harder benchmarks such as
GPQA, SyncThink remains particularly competi-
tive and can outperform DEER in our main-table
comparison, suggesting that the two methods fol-

low different technical routes to improve reasoning
efficiency.
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Model GSMSK MMLU GPQA BBH Avg

DeepSeek-R1-Qwen2.5-7B 2525 (x1.75) 48.51(x1.72)  79.51(x1.67) 40.00 (x1.64) 48.32
DeepSeek-R1-Qwen2.5-14B  54.71 (x1.73) 107.60 (x1.75) 223.72(x1.77) 103.86 (x1.77) 122.47
DeepSeek-R1-LLaMA3.1-8B  33.92 (x1.71)  73.65 (x1.76) 126.66 (x1.66) 63.90 (x1.67)  74.53

Table 4: End-to-end latency of DEER under a purely serial execution setting (no branch-parallel / overlapped
execution). Numbers in parentheses denote the runtime ratio relative to SyncThink on the same benchmark.

Okay, so I have this problem about stellar abundances, ah SyncThink

need to find the ratio of silicon atoms in the photospheres of

two stars, Star 1 and Star 2 ANSWER: A (Correct)

‘Wait, but I need to relate this to the number of silicon
atoms. Let me think about how to express the number
densities. </think>

option-C-4: Full CoT

</think> |- I ANSWER: C (Incorrect)

Figure 6: Case study on preventing model over-thinking. While the Full CoT path drifts into erroneous reasoning
after a correct intermediate state, our SyncThink method detects the onset of this detrimental redundancy. By
truncating the generation early, our method successfully avoids the subsequent error and retains the correct answer.
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Figure 7: Accuracy-length trade-off of SyncThink on DeepSeek-R1-Distill-Qwen-7B. Blue curves denote
fixed-ratio truncation baselines on full CoT traces, while the red star marks SyncThink. Across BBH, GPQA,
GSMSK, and MMLU, SyncThink consistently lies in the upper-left region, achieving higher accuracy with fewer
generated tokens, with the largest gain on GPQA.
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Figure 8: Attention heatmaps across different layers of DeepSeek-R1-Distill-LLaMA-8B on a GSM8K sam-
ple (Cobbe et al., 2021). Tokens within the <think>...</think> span receive uniform attention in early layers, but
deeper layers gradually shift focus to the boundary tokens, indicating information migration and compression of
reasoning content. Similar observations can be found in other models and datasets
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