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Abstract

ECC memory embeds 8 parity bits for every 64 data bits and automatically
detects and corrects errors on each read. The parity bits carry no data and
only safeguard integrity, at ~12.5% overhead. Yet the reasoning chains of
large language models lack such built-in self-verification: once an error
occurs it propagates along the chain, and existing methods can only verify
externally after generation completes. We propose the check token, es-
tablishing built-in self-verification for language model generation streams
for the first time: a functional marker <CHECK> is added to the vocabulary,
and the model triggers self-checking (analysis, localization, truncation,
rewriting) by outputting it at any position. The check token carries no rea-
soning content (discarded after triggering) and only safeguards reasoning
correctness, directly corresponding to the role of ECC parity bits, also at
only ~13% overhead. Speculative forking further eliminates false-positive
latency, and segmented reward makes trigger timing end-to-end learn-
able. Experiments (Qwen3-32B / Qwen3-Next) show that the check token
achieves +10.8 pp improvement on HMMT25 at 1.13x overhead, with to-
ken efficiency 88x that of Best-of-8, and the precise truncation advantage
monotonically increases with chain length.

ECC Memory Check Token (Ours)

Data stream: > | x8 Gen. stream: 51 52 53 54 c sy

Parity bits carry no data, only safeguard integrity
Auto-detect — auto-correct Check tokens carry no reasoning, only safeguard correctness
Hardware-level, per-read, constant overhead Auto-detect — precise truncation — rewrite

Model-level, per-token, constant overhead

Figure 1: Analogy between ECC memory and check tokens. ECC embeds 8 parity bits
per 64 data bits (12.5% overhead), auto-detecting and correcting on each read. Check
tokens embed self-verification into LLM generation streams (~13% overhead), triggering
self-checking, precise truncation, and rewriting at any position. Both share the same design
philosophy: the verification mechanism carries no data/reasoning content, only safeguards
integrity /correctness, with constant overhead independent of stream length.

1 Introduction

ECC memory embeds 8 parity bits for every 64 data bits and automatically detects and
corrects errors on each read. The parity bits carry no data, only safeguard integrity, at
merely ~12.5% overhead. This idea of “building self-verification into the data stream” is
the cornerstone of hardware reliability. Yet the reasoning chains of large language models

*Corresponding author: dignfei@gmail.com



Preprint. Under review.

(Wei et al., 2022) still lack an analogous mechanism. Reasoning chains have grown from a
few steps to hundreds of steps, and an error at step j invalidates all subsequent N — j steps
(Theorem 1). Existing error-correction paradigms rely on post-generation external verifiers
(Lightman et al., 2024) or majority voting (Wang et al., 2023), equivalent to “running the
entire program and then checking from scratch,” unable to cut losses during generation.
Recent 01/DeepSeek-R1 models have exhibited emergent natural-language self-correction,
but trigger words are constrained by grammar to appear only at sentence boundaries, with
effective frequency of only 1/Lent, far from the density of “per-token verification.” To
our knowledge, no existing method simultaneously possesses all five capabilities: precise
localization, error analysis, truncation, learned triggering, and general reasoning verification
(Table 1).

We propose the check token mechanism, establishing built-in self-verification for language
model generation streams for the first time. Just as ECC serves memory, the check token aims
to become the reliability infrastructure for Al reasoning: independent of external verifiers,
requiring no architectural changes, with controllable overhead (~13%), embeddable in any
autoregressive LLM. Our contributions are:

1. Built-in self-verification infrastructure for LLM reasoning. We add <CHECK> to
the vocabulary; the model triggers self-checking at any position (analysis — lo-
calization — truncation — rewriting), with four-level fallback localization (only
3.3% complete failure). The mechanism is self-contained (no external verifier),
zero-interference (discarded after triggering, no impact on original reasoning),
and architecture-agnostic (vocabulary extension + segmented reward applies to
any autoregressive LLM). Just as ECC parity bits carry no data and only safe-
guard integrity, check tokens carry no reasoning and only safeguard correctness.
AIME25/HMMT25/LiveCodeBench achieve 4+-9.2/+410.8/+7.2 pp improvements,
with token efficiency 88 that of Best-of-8.

2. Breaking the structural bottleneck of natural-language self-correction. The trigger
words of 01/DeepSeek-R1 are grammatically constrained to appear only at sentence
boundaries; check tokens are unconstrained, increasing effective trigger frequency
by ~ Lsent X, reducing the error length required to achieve the same detection
probability by Leent X (Theorem 2).

3. Speculative forking inference. False-positive latency is zero; effective latency
drops from serial ~11% to ~3.5%, with both modes producing identical outputs.

4. Complete theoretical guarantees. Three theorems: detection probability ap-
proaches 1 exponentially; precise truncation preserves ©(N) correct reasoning;
joint bound reveals that the marginal value of improving a exceeds that of improv-

ing p.
5. Segmented reward mechanism. The optimal trigger threshold g* has a closed-

form solution, and relative token overhead is independent of N (theoretical ~ 11%,
measured ~ 13%).

2 Related Work

LLM Reasoning and Self-Correction CoT (Wei et al., 2022) enables step-by-step reasoning,
but once an error occurs subsequent steps fail accordingly. Tree-of-Thoughts (Yao et al.,
2023a) mitigates this through multi-path search but incurs O(b) overhead; Self-Refine
(Madaan et al., 2023) iteratively improves through multiple rounds but has limited effective-
ness on reasoning tasks (Huang et al., 2024); Self-Verification (Weng et al., 2023) operates only
after generation. All these methods belong to the “post-generation correction” paradigm,
losing ®(N) already-generated information as chain length N increases (Theorem 1).

Process Rewards and Verification PRM (Lightman et al., 2024) and Math-Shepherd (Wang
et al., 2024) require separately trained external verifiers and only provide post-hoc scoring.
Our segmented reward internalizes quality signals into the generation model: rewards are
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Method Precise Loc. Error Analysis Truncation Learned General Reas.
STaR X X X v v
CRITIC X X X X v
ReAct X X X X v
Self-RAG X v X v X
Refl. Conf. X X v X v
Backtracking X X v v X
Ours v v v v v

Table 1: Functional comparison with existing methods. “Precise Loc.”: text-level localization
finer than reasoning-step granularity; “Learned”: trigger mechanism learned through end-
to-end training; “General Reas.”: systematically evaluated on multi-step reasoning tasks.
Detailed analysis of each method is in Appendix C.

jointly determined by trigger outcomes and answer correctness, directly driving truncation-
rewriting actions without an independent scoring model.

Special Tokens and Generation Control STaR (Zelikman et al., 2022) iteratively trains but
does not trigger in-generation correction; CRITIC (Gou et al., 2024) relies on external tools
with fixed thresholds; ReAct (Yao et al., 2023b) triggers actions by rules without truncation;
Self-RAG (Asai et al., 2024)’s critique tokens do not perform truncation; Backtracking (Zhang
et al., 2025)’s [RESET] token performs unconditional rollback (designed for safety alignment)
without precise localization, differing in information retention by ®(N) (Appendix A).
Table 1 summarizes the comparison.

Test-Time Compute Scaling and RL Credit Assignment The check token improves qual-
ity within a single trajectory, orthogonally complementing Best-of-n/MCTS (Snell et al.,
2025). The natural-language triggering of o1/DeepSeek-R1 (Guo et al., 2025) has structural
bottlenecks: (a) trigger words can only appear at sentence boundaries, with effective fre-
quency of only ~ 1/ Lgent; (b) internal rollback mechanisms are undisclosed. Regarding RL,
RLOO (Ahmadian et al., 2024) broadcasts the final reward to all tokens, systematically mis-
attributing credit and penalizing correction behavior; our segmented reward fundamentally
resolves this credit assignment problem.

All five capabilities are individually necessary: without truncation, errors continue propagat-
ing; without precise localization, ®(N) steps of information are lost; without error analysis,
rewriting lacks direction; without learned triggering, timing cannot be optimized; verifica-
tion only in special scenarios cannot confirm general effectiveness. Ablation experiments
(Table 4) verify the nonlinear loss.

3 Method

Core idea: Just as ECC embeds parity bits in data streams, the check token embeds self-
verification capability at every position in the generation stream. Specifically, <CHECK> is
added to the vocabulary, encoding error correction as part of next-token prediction. This
section covers: (1) mechanism definition (§3.1); (2) information retention theorem (§3.2); (3)
detection probability and joint bound (§3.3); (4) segmented reward and training (§3.4-3.5).
Key notation is in Table 2; method overview in Figure 2.

3.1 Check Token Mechanism

Definition 1 (Check Token). Given vocabulary V), the check token ¢ ¢ V is a special marker added
to the extended vocabulary V' =V U {c}. The model triggers the correction procedure by outputting
yt = c at any position t.
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Stage 1: SFT Stage 2: RL Inference

RL Fine-tuning [
RLOO + Seg-
mented Reward

Generation [ Speculative Fork ‘
Per-token sampling| Fork on c trigger

Vocab Extension SFT Fine-tuning
V' = VuU{c} ~10K samples

Main branch: speculafive continuation y*Pec

Positive 60%-+FP 25%+Confident-err 159 Auxiliary trigger Ic 1 true pos. / 1~ false pos. / Ring final

Check branch: correction analysis

True pos. - truncate & ri False pos. — use main branch (zero latency)

Figure 2: Method overview. Stage 1: Vocabulary extension adds check token c; SFT fine-
tunes on constructed data (auxiliary trigger loss guarantees pmin > 0), providing the model
with triggering and localization capability. Stage 2: RLOO with segmented reward fine-
tunes trigger precision; the optimal threshold g* has a closed-form solution. Inference:
upon outputting ¢, speculative forking creates a main branch (speculative continuation)
and a check branch (correction analysis); true positives trigger truncation-rewriting, false
positives directly use the main branch (zero latency).

Symbol Meaning | Symbol Meaning
c Check token qt Probability of error at position ¢
p Per-token check trigger probability a Error detection accuracy
L Error segment length B Probability of correctness after rewrite
N Total reasoning chain steps rt,r~  Segmented reward parameters
« Error start position ratio j/N q* Optimal trigger threshold

Kimax Maximum correction count C, Tokens per correction analysis

Table 2: Key notation. Full notation table in Appendix B.

Why vocabulary extension: Special prompts place correction instructions in context, with
trigger conditions implicit at the semantic level, making them difficult to precisely optimize
via RL. Vocabulary extension encodes correction as an independent token, making the trigger
behavior fully equivalent to normal generation and directly optimizable via segmented
reward. ¢ does not appear in the final sequence and does not consume context window.
Comparison with natural-language self-correction: The trigger words of 01/DeepSeek-R1
(“wait,” “no”) are grammatically constrained to appear only at sentence boundaries and
cannot trigger mid-sentence, with effective trigger frequency of only 1/ Lsent (Lsent = 20-30).
By Theorem 2, the error length required to achieve the same detection probability increases
by Lsent X. The check token can trigger at any position, fully utilizing every generation
position (detailed analysis in Appendix D).

Figure 3 illustrates the workflow. After the model outputs c at position ¢, four steps execute:
1. Correction analysis: Generates structured analysis (judgment, error location, cause),
length < C;, not retained in the final sequence.

2. Error localization: Extracts error-start text (~10-20 characters), localized via string
matching. Four-level fallback: exact match — fuzzy match — step boundary —
give up; only 3.3% complete failure.

3. Truncation and rewriting: Truncates to y1.;_1, regenerates from position s.
4. False-positive handling: If no error is found, c is discarded and normal generation
continues.

Termination: Kpnay limits the maximum correction count; upon reaching the limit, the
model degrades to standard generation. Under typical parameters, P(K > 5) ~ 4.8%
(Proposition 3).
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Original seq.: 51 52 53 54 55 S6 c
—_—
Error segment
Truncate & rewrite: 1 S2 3 s} sk
— S——
Retained Rewritten

Figure 3: Check token workflow (true-positive path). After the error segment s4—s¢ (orange),
outputting c (red) triggers self-checking. After precise localization, s1—s3 (green) are retained,
and truncation-rewriting (blue) proceeds. On false positives, the check branch is discarded,
and the main branch’s speculative continuation directly becomes the final sequence (zero
latency cost).

Algorithm 1 Check token inference (speculative forking version)

Require: Policy model 7ty (with ¢); input x; correction prompt Peorrect (Appendix N); Kmax =

Ly« |[,t«<0,k«0

2: while end-of-sequence not generated do

3y~ me(+|x%, Y1)

4:  if y; = cand k < Kmayx then

5: k+—k+1

6 Fork: share KV cache of y1.;_1

7 Main branch: continue generating y°P*° from y1.;—1
8 Check branch: analysis < 7tg( Peorrect (X, Y1:t-1))

9: if true positive with error-start text Ts then
10: Discard y°P¢, s < locate(y1.4—1, Ts)
11: Y < Y1s—1, t < s —1, continue
12: else
13: Discard check branch, y < y/||y*P*® {zero FP latency}
14: end if
15:  end if

16: end while
17: return y

Speculative forking inference: In a naive implementation, false positives waste latency.
Speculative forking splits the sequence upon triggering into a main branch (speculative
continuation) and a check branch (correction analysis), sharing the prefix KV cache. On
false positives, the main branch output directly serves as the final sequence (zero latency
cost); on true positives, the main branch is discarded and truncation-rewriting executes.
Analysis blocking latency is reduced by ~ 77%. Under resource constraints, serial mode can
be used, producing identical outputs (implementation details in Appendix G).

3.2 Information Retention Theorem

Theorem 1 (Information Retention). In an N-step reasoning chain where the error starts at s;

and correction triggers at sy: unconditional rollback discards all k steps, while precise truncation
rewrites only k — j 4 1 steps. The information retention advantage is A = j — 1. When j = aN,
A = O(N).

Proof. N=k—(k—j+1)=j—1.Letj=aN;then A =aN —1=O(N). O

Corollary 1. If error positions are uniformly distributed, E[A] = (N —1)/2 = ©(N). For
N = 60: 29.5 steps (LiveCodeBench); N = 100: 49.5 steps (AIME25); N = 150: 74.5 steps
(HMMT25).
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The uniform assumption is a conservative lower bound: empirically, actual error positions
on AIME25 concentrate in the later portion (normalized > 0.5 accounts for 67.3%), so the
actual E[A] is higher. Detailed comparison with checkpoint methods is in Appendix A.

3.3 Detection Probability, Token Overhead, and Joint Bound

Theorem 2 (Per-Token Correction Probability). Each position independently generates ¢ with

probability p. The detection probability for an error segment of length Lis 1 — (1 — p)*, approaching
1 at exponential rate; the length required to achieve 1 — e is L* = [Ine/In(1 — p)].

Proof. The probability that none of L positions triggers is (1 — p)*; detection probability is
1—(1—p)L. Setting > 1 — € and solving yields L*. O

The independence assumption generalizes to the non-uniform case (when p; > pmin, the

lower bound 1 — (1 — pmin)" retains the same form). Empirically, pmin =~ 0.02 for high-
confidence errors, corresponding to L* = 228 tokens. Detailed discussion in Appendix E.

Proposition 1 (Total Token Overhead). Expected extra token overhead Toytra = Np - Ca + Np -
q* - a - E[Ley|; relative overhead Textr, / N is independent of N. Under speculative forking, effective
latency overhead Tyyyency = Np - q* - a - (Cq + E[Ler]), with end-to-end latency reduction of ~ 69%.
Typical parameters (p = 0.05, C; = 100, ¢* = 0.29, a = 0.8): token overhead ~ 11%, latency
~ 3.5%.

Theorem 3 (Detection-Retention Joint Bound). For an error starting at j = «N with length L,
the expected retained steps under precise truncation:

[E[Retained steps] > [1— (1 —p)*]-a- (aN —1) 1)

Approaching ®(N) when L > L*. The joint bound reveals: when L approaches saturation, the
marginal value of improving a exceeds that of improving p (numerical example in Appendix F).

3.4 Segmented Reward RL Training

Standard RLOO broadcasts the final reward to all tokens, systematically misattributing
credit and penalizing correction behavior. Ablation verification: SFT without auxiliary
trigger loss has a false-positive rate of 44.2%; adding auxiliary loss reduces it to 38.7%;
SFT+RL further reduces it to 23.4%. AIME25 accuracy progresses from 75.4% (no auxiliary
loss) — 77.1% (SFT-only) — 82.1% (SFT+RL).

Definition 2 (Segmented Reward). K trigger points in a trajectory divide it into K 4 1 segments.
The reward for each check token:

rt true positive + final correct
_ + e . .
Tk = Toman tTU€ poszfz?e + final incorrect 2)
r~  false positive

where rt > rl > 0> r~. Truncated segments receive —0.5; the final segment receives Rfinal
(correct 41, incorrect —1). When K = 0, this degrades to standard RLOO. Rewards are entirely
based on the model’s own analysis and final answer, requiring no external annotation.
Proposition 2 (Optimal Trigger Policy). Trigger if and only if g > q* = |r~|/[a(rje + [r[)],
where 1y, = Br 4 (1 — B)r] - With default parameters r~ = —0.2 and a = 0.8, g* ~ 0.29.

small’
Proof. E|r|trigger]| =q¢-a - r;,g + (1 —g¢-a)-r~. Setting > 0 and solving yields g*. O

g* is monotonically decreasing in a: stronger analysis capability leads to a lower trigger
threshold (parameter sensitivity in Appendix I).
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3.5 Training Pipeline

Stage 1: SFT Fine-tuning on ~10K constructed samples, including: positive examples
60% (erroneous reasoning chains from the base model with errors localized and correction
analyses generated by GPT-5), false-positive samples 25%, and confident-error samples
15%. In positive examples, all token positions after the error location additionally compute
auxiliary cross-entropy with ¢ (weight A = 0.1), teaching the model to trigger correction
at any position after an error segment and directly guaranteeing pmin > 0. SFT provides
triggering and localization capability; RL optimizes triggering precision.

Stage 2: RL RLOO with segmented reward, trained for 1K steps on a mixed subset of
DeepMath-103K (He et al., 2026) and OpenCodeReasoning (Ahmad et al., 2025). Segmented
reward only modifies the reward assignment stage; the policy gradient update rule remains
identical to RLOO. ¢ is excluded from the KL term to avoid numerical instability. SFT takes
~128 GPU-h; RL takes ~384 GPU-h (8 x A100). Training details in Appendix H.

Proposition 3 (Expected Corrections per Trajectory). K ~ Binomial(N, p). With typical
p = 0.05and N = 100, E[K] = 5, and Kmax = 5 is essentially saturated; with N = 60, E[K]| = 3,
imposing virtually no constraint.

4 Experiments

We validate three core theoretical predictions (pre-registered design: hypotheses uniquely
determined by closed-form formulas before experiments).

4.1 Experimental Setup

Base models Qwen3-32B (dense architecture) and Qwen3-Next-80B-A3B-Thinking (MoE
architecture, 3B activated parameters), covering both dense and MoE mainstream architec-
tures.

Training data Mixed subset of DeepMath-103K (He et al., 2026) (decontaminated mathe-
matical reasoning dataset) and OpenCodeReasoning (Ahmad et al., 2025) (decontaminated
coding reasoning dataset). The reward function is exact answer matching (r = 1 if the final
answer is correct, otherwise r = 0), requiring no reward model training.

Evaluation benchmarks AIME25 (Mathematical Association of America, 2024) (competi-
tion mathematics, N = 100 steps, 30 problems), HMMT?25 (Balunovic et al., 2026) (long-chain
mathematical reasoning, N ~ 150 steps), and LiveCodeBench v6 (Jain et al., 2025) (code
reasoning, N ~ 60 steps). Reasoning chain lengths span ~60 to ~150 steps.

Baselines (1) Standard inference (same SFT+RL weights, correction disabled); (2) Best-
of-8 (majority voting); (3) Self-Refine (Madaan et al., 2023) (2 iterations); (4) PRM-guided
search (Lightman et al., 2024) (base model weights, not SFT+RL weights; see Appendix J); (5)
Unconditional rollback baseline (same weights and trigger rate, replacing precise localization
with step-boundary rollback).

Inference settings Temperature 0.6, top-p = 0.95, speculative forking enabled. Token
multiplier counts all actually generated tokens (including analysis and rewrites), excluding
discarded speculative branches. All evaluations use 32 independent samples to compute
Acc avg@32.

4.2 Main Results

Hypotheses (H1) HMMT25 improvement > AIME25 > LiveCodeBench (longer chains
yield higher detection probability); (H2) Token efficiency superior to Best-of-n (overhead
~ 1.13x < 8.0x); (H3) Precise truncation advantage monotonically increases with chain
length (A = O(N)).
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Method AIME25 HMMT25 LiveCodeBench Token Mult.
Standard inference 729405 51.5+06 60.6 +0.4 1.0x
Best-of-8 78.540.4 58.1+05 66.2 +0.4 8.0x
Self-Refine 75.8 £0.5 54.6 +0.6 63.1+05 ~ 2.5x%
PRM-guided search® 79.2+04  59.4+05 67.0+0.4 ~ 3.2x
Unconditional rollback  76.4+05 55.3+0.6 63.8+0.5 ~ 1.15%
Check token (ours) 82.1+04 62.3 405 67.8+0.3 ~ 1.13x

Table 3: Main results (Qwen3-32B, Acc avg@32 %, mean £ 95% bootstrap CI over 5 random
seeds). TPRM uses base model weights (Appendix J). All three predictions are validated:
(H1) HMMT25 +10.8 > AIME25 +9.2 > LiveCodeBench +7.2 pp; (H2) token efficiency
10.8/0.13 ~ 83 pp/ x, Best-of-8 efficiency 6.6/7.0 ~ 0.94pp/ X, ratio = 88x; (H3) pre-
cise truncation advantage: HMMT25 +7.0 > AIME25 +5.7 > LiveCodeBench +4.0 pp,
monotonically increasing.

Result analysis H1: Improvement increases with chain length (LiveCodeBench +7.2 <
AIME25 +9.2 < HMMT25 +10.8 pp); LiveCodeBench’s shorter code reasoning chains and
limited detection probability are consistent with theoretical expectations. H2: Check token
efficiency 10.8/0.13 ~ 83 pp/ x; Best-of-8 efficiency 6.6/7.0 ~ 0.94 pp/ x; ratio ~ 88x. The
absolute accuracy gap with PRM is 2.9 pp (AIME25, significant), but PRM’s token overhead
of ~ 3.2x far exceeds the check token’s ~ 1.13x. H3: Precise truncation advantage:
LiveCodeBench +4.0 < AIME25 4-5.7 < HMMT25 +7.0 pp, strictly monotonic (AIME25 vs.
LiveCodeBench difference marginally significant at p < 0.05). Detailed statistical analysis
in Appendix K.

Correction behavior statistics On the AIME25 test set: average 1.8 triggers/trajectory,
false-positive rate 23.4%, truncation precision 71.2%. Human evaluation (n = 100, x > 0.68):
error analysis correctness 76%, truncation reasonableness 82%, rewrite superior to original
68%. Of 28.8% fallback triggers, only 3.3% completely fail.

4.3 Ablation Study

5 Limitations

Truncation localization depends on self-analysis capability: Truncation precision is 71.2%;
28.8% requires fallback to fuzzy matching or step-level rollback. Conceptual error truncation
precision is only 51% (vs. 82% for computational errors), accounting for ~ 22% of AIME25
errors. Current SFT teaches format but does not explicitly optimize localization matchability.
We identify two annotation-free automatic training signals: (1) the fallback path as feedback:
exact match — " fallback to fuzzy match — zero reward, fallback to step-level rollback
= T atehs (2) correction outcomes should be tied to the RLOO within-group baseline: if
correct trajectories exist within the group, then still-incorrect after correction should be
penalized (localization or rewriting issue); if all trajectories in the group are incorrect, skip
penalization (the model lacks the ability to solve the problem; penalizing correction is mean-
ingless). The latter is naturally compatible with RLOO’s within-group relative advantage
computation (when all in-group are incorrect, advantage is zero and gradients automatically
vanish). Incorporating these signals into the segmented reward framework can improve
localization precision end-to-end without additional human annotation, representing an
important future direction.

Expected failure scenarios: (1) Conceptual errors (locally appear correct); (2) very short
errors (L = 1 yields detection probability of only 5%); (3) cascading corrections (exhausting
Kmax, empirically only 2.1%).
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Ablation AIME25 Triggers / FP Rate
False-positive penalty r~
r— =—-0.05 79.8 42 /41.8%
r~ = —0.2 (default) 82.1 1.8 / 23.4%
r—=-10 76.2 0.2 / 5.3%
Analysis budget C,
Cy, =50 78.6 -
C, = 100 (default) 82.1 -
C, =200 81.8 -
Truncation method
Step-level truncation 79.3 -
Precise truncation (default) 82.1 -
Training method
SFT (no auxiliary trigger loss) 75.4 3.8 /44.2%
SFT-only 77.1 3.1/ 38.7%
SFT + fixed threshold (#=0.85) 78.6 2.2 /29.1%
SFT+RL (default) 82.1 1.8 / 23.4%

Table 4: Ablation study (Qwen3-32B, AIME25 Acc avg@32). Key findings: (1) optimal
r~ = —0.2 matches closed-form prediction; (2) C,=100 is saturated; (3) precise truncation
yields 42.8 pp over step-level truncation; (4) auxiliary trigger loss contributes +1.7 pp and
reduces FP rate by 5.5 pp; (5) RL contributes an additional +5.0 pp on top of auxiliary loss.

Full ablation in Appendix L.

Theory-practice gap in latency: ~ 3.5% is the theoretical value (perfect parallelism as-
sumption); measured wall-clock time ratio is ~ 1.5x (upper bound from unoptimized
implementation). System-level latency benchmarking is important future work.

Base model scale: Validated on 32B (dense) and 80B-MoE. Theory predicts stronger effects
for larger models (a2 and pmin are higher), but marginal value may diminish when baseline
accuracy exceeds > 90%.

Evaluation scope: Focused on mathematical and code reasoning (clear correctness criteria).
Open-domain QA and similar tasks require task-specific adaptation.

6 Conclusion

ECC safeguards hardware data integrity at ~12.5% overhead. This paper introduces the
idea of “built-in self-verification within the data stream” to language models for the first
time: the check token safeguards reasoning correctness at ~13% overhead, giving the gen-
eration stream per-position self-verification capability and internalizing error correction
from “post-generation external checking” to “per-token self-checking during generation.”
Speculative forking eliminates false-positive latency (theoretical ~ 3.5%), segmented reward
makes trigger timing end-to-end learnable (§* closed-form solution), and three theorems
form a complete argument chain. Experiments validate all theoretical predictions (+10.8 pp,
88 x efficiency, advantage monotonically increasing with chain length). The core mecha-
nism (vocabulary extension + segmented reward + text-level localization) applies to any
autoregressive LLM and can generalize to code correction, fact-checking, and other domains.
Future directions: incorporating exact match success into RL rewards to improve localiza-
tion precision, multi-domain extension, scaling law quantification, and end-to-end latency
benchmarking.

Reproducibility Statement

Code will be open-sourced upon acceptance.
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A Extended Discussion of the Information Retention Theorem

Theorem 1 analyzes the case without checkpoints. Backtracking can use M uniformly spaced
checkpoints, with expected regeneration cost of N/(2M) steps when rolling back to the
nearest checkpoint. When M = O(1), the difference from precise truncation is @(N). As
M — N, the two converge, but KV cache storage rises to ©(N - d), and checkpoints must be
fixed in advance and cannot adapt to the error distribution. Precise truncation requires no
preset checkpoints, has O(0) additional storage, and the error analysis provides direction
for rewriting.

Empirical ablation (AIME25, 30 problems): unconditional rollback recurrence rate 41%;
precise truncation reduces to 23% (difference 18 pp, 95% CI +13 pp, marginally significant).

Terminology note: The “unconditional rollback” analyzed in the theorem refers to regen-
eration from the start (worst case); the experimental baseline rolls back to the nearest step
boundary (stronger than the theoretical case), so the measured +3.4/+4-5.6/+6.7 pp are
conservative lower bounds.

B Full Notation Table

C Detailed Analysis of Method Comparison

Detailed analysis of each method in Table 1:
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Symbol Meaning | Symbol Meaning
c Check token qt Error probability at position ¢
p Per-token trigger probability a Error detection accuracy
L Error segment length (tokens) B Prob. of correctness after rewrite
N Total reasoning chain steps rt, r:man, r~  Segmented reward params
ik Error start / trigger step r;i';,g Mean successful detection reward
o Error start ratio (j/N) q* Optimal trigger threshold
Kmax Max correction count C, Tokens per correction analysis
Pmin Per-token trigger prob. lower bound Lstep Mean tokens per step (= 50)
s Truncation point T Error-start text segment
Textra Extra token overhead Tatency Effective latency overhead

Table 5: Full notation table. 15, = B + (1 — B)r

small”

STaR (Zelikman et al., 2022) iteratively trains via outcome reward filtering (hence “learned”),
but does not trigger in-generation correction and lacks precise localization or truncation.
CRITIC (Gou et al., 2024) invokes external tools for verification; error analysis depends on
external sources rather than the model itself, with fixed trigger thresholds. ReAct (Yao et al.,
2023b) triggers actions by preset rules without performing precise truncation on reasoning
chains. Self-RAG (Asai et al., 2024)’s critique tokens evaluate retrieval passage quality but
do not trigger truncation, primarily targeting open-domain QA. Reflective Confidence (Zeng
et al., 2025) uses a fixed threshold and cannot learn end-to-end. Backtracking (Zhang et al.,
2025)’s [RESET] token performs unconditional rollback (for safety alignment scenarios)
without error analysis or precise localization.

Note: Reflective Confidence and Backtracking are based on arXiv preprints; capability
assessments are based on method descriptions rather than independent experiments. The
comparison with the “unconditional rollback” baseline in our experiments is a controlled
ablation (same weights, only replacing the truncation strategy), not a direct comparison
using original Backtracking weights.

D Detailed Comparison with Natural-Language Self-Correction

Natural-language trigger words (“wait,” “no,” etc.) are grammatically constrained to appear
only at sentence or clause boundaries, presenting three structural limitations:

(1) During sentence generation (e.g., the “9” in “3 + 5 = 9”), even if the model has internally
accumulated “possibly wrong” signals, it must wait until the sentence completes before
outputting a correction trigger. Every intermediate token reinforces the erroneous context.

(2) Token positions within sentences are entirely unavailable for correction judgment, wast-
ing parameter capacity. For reasoning sentences with Lsent ~ 20-30 tokens, the effective
trigger frequency is only 1/ Lgent.

(3) By Theorem 2, reduced trigger frequency directly causes decreased detection probability.
The effective p drops to p/ Lsent, and L* increases by Lsent X.

E Discussion of Independence Assumption

Theorem 2 assumes i.i.d. across positions, which is violated in practice in two ways:

(1) Context dependence: Trigger probability is higher after complex steps. Generalizing to
the non-uniform independent case: if p; > Pmin > 0, then P(detection) > 1 — (1 — pmin)b,
and the lower bound form is preserved. The correlated case requires considering the FKG
inequality, left for future work.

(2) Confident errors: When high-confidence errors occur, pmin is small and L* increases.
Empirically, pmin =~ 0.02 for high-confidence errors (auxiliary trigger loss improves from
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0.005 to 0.02), giving L* = 228 tokens (~ 4-5 steps), which still provides reasonable detection
probability for medium-length errors.

Numerical intuition: At p = 0.1, L* = 44; at p = 0.05, L* =90; at p = 0.02, L* = 228. Even
at p = 0.05, the average error segment (50 tokens) has detection probability ~ 92.3%.

F Numerical Example and Marginal Improvements

Take N = 100 steps, @ = 0.375 (error starts at step 37), L = 50, p = 0.05, a = 0.8: detection
probability ~ 0.923, expected retained steps ~ 25.8.

Marginal improvement comparison: Increasing a from 0.8 to 0.9 yields +12.5% retained
steps; a proportional increase of p to 0.056 yields only +2%. When L approaches saturation,
the marginal value of improving a far exceeds that of improving p, providing theoretical
justification for prioritizing self-analysis capability.

G Speculative Forking Implementation Details

Implementation: Both branches share the prefix KV cache in read-only mode (copy-on-
write), each maintaining independent decoding states, compatible with continuous batching
frameworks such as vLLM.

Distinction from speculative decoding: Speculative decoding decodes the same content
(small model draft + large model verification); speculative forking decodes different content
(continuation + correction analysis), forking only when a check token triggers. The two can
be stacked.

Serial fallback mode: Under memory constraints, correction analysis executes sequentially;
latency rises to ~ 11% but output is identical. Controlled by the speculative_fork boolean
flag.

Batch inference compatibility: Forking is equivalent to temporarily inserting a new se-
quence into the batch; serial mode pauses and resumes, both compatible with dynamic
batching. Decoding uses temperature sampling (T = 0.7); beam search extension is left for
future work.

Analysis blocking reduction: Given trigger probability p and true-positive fraction g* - a,
blocking drops from p - C; to p - ¢* - a - Cs, a reduction of ~ 77%. End-to-end reduction is
~ 69% (Tiatency / Textra =~ 0.31).

H Training Details

SFT data construction: Positive examples (60%) are generated by GPT-5 performing step-
level error localization and analysis on erroneous reasoning chains from the base model
(replaceable with Qwen3-72B with performance difference < 0.5 pp). False-positive samples
(25%) insert ¢ at random positions in correct reasoning followed by “no error found.”
Confident-error samples (15%) are selected by softmax max probability > 0.9 with incorrect
answers. GPT-5 annotation quality: 89% reasonable (x = 0.76); remaining 11% are coarse-
grained localizations.

Auxiliary trigger loss: In positive examples, for all positions t > t, after the first error token
position t,, auxiliary cross-entropy with ¢ is computed: Laux = A Yoy, —log P(c | x<¢),
A = 0.1. This term directly constrains the output probability of c at every position after the
error segment to be > 0, guaranteeing pmin > 0 at the training level rather than relying on
data augmentation for implicit emergence. Ablation: without auxiliary loss, pmin decays to
~0.005 at the tail of long chains; with it, pmin stabilizes at ~0.02.

RL details: RLOO group size G = 8, prompt batch size 64, learning rate 1 x 107 (Qwen3-
32B) / 5 x 1077 (Qwen3-Next), KL coefficient B = 0.002, maximum sequence length 32768,
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1K steps. Training data is a mixed subset of DeepMath-103K and OpenCodeReasoning.
Qwen3-32B trained on 8 x A100 80GB; Qwen3-Next on 16 x A100 80GB.

New token embedding initialization: Mean initialization (arithmetic mean of all token
embeddings), converging ~ 30% faster than random initialization. c is excluded from the
KL term; the trigger baseline is established by the SFT auxiliary loss, and trigger precision is
fine-tuned by segmented reward.

Variable-length trajectories: Right-padded to the longest in the group; padded positions
have gradient masking and are excluded from reward normalization.

Truncated segment reward: Ablation over {-1,-0.5,-0.3,0}: AIME25
80.5/82.1/81.9/81.4%; robust in [—0.5,0].

Parameter choices: r* = 1.0, r:mau =03,r =-02,5=05.r~ = —0.2 corresponds to
g* ~ 0.29, matching empirical error rates.

Why not a fixed confidence threshold: (a) Threshold 6 lacks theoretical guidance; (b) high-
confidence errors (accounting for 34.7%) are invisible to threshold-based methods. Ablation:
fixed threshold 6 = 0.85 yields 78.6%, lower than SFT+RL by 3.5 pp.

Convergence: Proposition 2 establishes optimal policy structure (threshold policy), not
an RL convergence proof. ¢* is uniquely determined by reward parameters, providing
closed-form hyperparameter guidance.

I Parameter Sensitivity Analysis of Proposition 2

+ *
Tavg T a‘q

065 -0.1 08| 0.17
0.65 -0.2 0.8 | 0.29
065 -05 08054
065 -02 0.6 | 039
065 -02 1.0 024
1.00 -02 0.8 0.21

Table 6: Parameter sensitivity. Larger |r~ | raises 4* (more conservative); higher a lowers g*
(more aggressive); larger r;'i,g lowers g*.

J Experimental Fairness and Statistical Details

PRM fairness: PRM candidate paths are generated by the base model (without SFT+RL).
If PRM were retrained on SFT+RL weights, accuracy would likely be higher, but token
overhead would remain ~ 3.2x, with efficiency still far below the check token. The core
argument of H2 (88 x efficiency) does not depend on the PRM comparison.

Self-Refine fairness: Running on the SFT+RL model is more favorable to Self-Refine
(stronger base model); on the original model it achieves 73.9% (1.9 pp lower).

Token multiplier explanation: Reflects total token generation from a single-branch per-
spective, proportional to FLOPs. Measured wall-clock time ratio of ~ 1.5x exceeds 1.13x;
the gap is due to forking scheduling overhead. Additional FLOPs from attention quadratic
terms are ~ 1.005x, negligible in practice.

Data separation: All hyperparameters are determined on a DeepMath-103K held-out dev
set (= 2000 problems); final results are reported on AIME25/HMMT25/LiveCodeBench in
a single pass.
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K Detailed Statistical Analysis

H1: LiveCodeBench +7.2pp < AIME25 +9.2pp < HMMT25 +10.8 pp; improvement
increases with chain length. LiveCodeBench’s shorter code reasoning chains and higher
localization difficulty are consistent with expectations.

H2: Check token vs. Best-of-8 difference +-3.6 pp (AIME25), significant. vs. PRM difference
+2.9pp (McNemar p < 0.05, significant), with token efficiency difference of ~ 2.8x.

H3: AIME2S5 precise truncation advantage +5.7 vs. LiveCodeBench +4.0, difference 1.7 pp,
joint half-width ~ 1.5pp, z = 2.27 (p < 0.05, marginally significant). HMMT25 +7.0 pp
further validates the trend.

L Full Ablation Study

Table 4 in the main text is a condensed version; supplementary results here:

r~ = —0.1: 81.2%, 2.7/31.2%. r— = —0.5: 79.5%, 0.6/12.1%. C, = 500: 81.5% (excessively
long analysis may disrupt continuation coherence). Kmax = 1: 78.9%; Kmax = 3: 81.0%;
Kmax = 10: 82.2% (vs. Kmax = 5, only +0.1 pp).

SFT-only decomposition: Replacing segmented reward with standard RLOO broadcast
yields AIME25 79.1% (vs. segmented 82.1%, difference 3.0 pp), indicating that ~ 3.0 pp of
RL’s +5.0 pp contribution comes from improved reward attribution. Auxiliary trigger loss
independently contributes +1.7 pp (75.4% — 77.1%); full pipeline gain: auxiliary loss +1.7
+RL +5.0 = +6.7 pp.

Miss penalty: Adding ryiss = —0.1 actually reduces to 81.5%; Ry already provides
sufficient miss-detection signal.

M Correction Behavior Analysis

Qwen3-Next (MoE) results

Method AIME25 HMMT25 LiveCodeBench
Standard inference 87.8 73.9 68.7
Best-of-8 91.5 79.2 73.4
Unconditional rollback 90.2 77.1 71.3
Check token 94.1 82.6 74.8

The check token is equally effective on Qwen3-Next: AIME25 4-6.3 pp, HMMT25 +8.7 pp,
LiveCodeBench +6.1 pp. Improvement magnitudes are slightly lower than Qwen3-32B
(stronger base, diminishing marginal returns), but the chain-length trend HMMT25 >
AIME25 > LiveCodeBench still holds.

SFT data source Replacing GPT-5 with Qwen3-72B: AIME25 81.8% (difference 0.3 pp <
statistical error); not dependent on GPT-5.

Behavioral patterns (1) Triggers concentrate in the later portion (normalized > 0.5 ac-
counts for 67.3%); (2) computational error truncation 82% > logical 64% > conceptual 51%;
(3) RL starting FP rate 38.7% (auxiliary loss already reduced from 44.2%), drops to ~ 30% in
the first 50 RL steps, converging to 23.4%; (4) AIME25 medium-difficulty problems improve
+8-12 pp; very hard problems only +3-5 pp.

Pareto analysis All check token configurations strictly Pareto-dominate Best-of-n (n &
{2,4,8,16}). Best-of-16 on AIME25: 80.8%/16.0x, still below check token 82.1%/1.13 x.
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Preprint. Under review.

N Correction Prompt Template

Carefully analyze the following reasoning process you just
generated and determine whether any errors exist:

[Generated reasoning content y_{1:t-1}]

Please respond in the following format:

Judgment: [Yes/No]

Error start text: [original text fragment where the error
begins, approximately 10-20 characters]

Error end text: [original text fragment where the error
ends, approximately 10-20 characters]

Error reason: [brief explanation]

Text fragments are used instead of absolute positions to reduce localization difficulty. The

10-20 character range maximizes exact match rate (ablation: 5-10 chars 58.3%, 10-20 chars
71.2%, 20-30 chars 68.9%).

17



	Introduction
	Related Work
	Method
	Check Token Mechanism
	Information Retention Theorem
	Detection Probability, Token Overhead, and Joint Bound
	Segmented Reward RL Training
	Training Pipeline

	Experiments
	Experimental Setup
	Main Results
	Ablation Study

	Limitations
	Conclusion
	Extended Discussion of the Information Retention Theorem
	Full Notation Table
	Detailed Analysis of Method Comparison
	Detailed Comparison with Natural-Language Self-Correction
	Discussion of Independence Assumption
	Numerical Example and Marginal Improvements
	Speculative Forking Implementation Details
	Training Details
	Parameter Sensitivity Analysis of Proposition 2
	Experimental Fairness and Statistical Details
	Detailed Statistical Analysis
	Full Ablation Study
	Correction Behavior Analysis
	Correction Prompt Template

