
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

Under review as a conference paper at ICLR 2026

SELF-CORRECTION BENCH: UNCOVERING AND AD-
DRESSING THE SELF-CORRECTION BLIND SPOT IN
LARGE LANGUAGE MODELS

Anonymous authors
Paper under double-blind review

ABSTRACT

Although large language models (LLMs) have transformed AI, they still make
errors and follow unproductive reasoning paths. Self-correction is vital for safety-
critical applications. However, we uncover a failure: LLMs can correct errors (by
fixing external ones) but fail to activate this capability for identical internal errors -
a limitation we term the Self-Correction Blind Spot. To study this, we introduce
Self-Correction Bench, an evaluation framework that isolates self-correction be-
havior from knowledge limitations through controlled error injection. Testing 14
open-source non-reasoning models shows a 64.5% average blind spot rate. We
show robustness in mathematical reasoning across complexities, and extend to
closed-source models, non-mathematical domains, and on-policy errors. Causal
evidence links this to training data: human demonstrations lack error-correction
sequences, but fine-tuning with them reduces the blind spot. Appending a simple
“Wait” prompt cuts blind spots by 89.3%, revealing latent capabilities. Our work
exposes a training-induced limitation and provides practical fixes to boost LLM
reliability in critical domains.

1 INTRODUCTION

Large Language Models (LLMs) have rapidly advanced natural language processing, achieving
state-of-the-art results on a diverse range of tasks (OpenAI et al., 2024; Anthropic, 2024a; Gem-
ini Team, 2025; Yang et al., 2025; Meta, 2025; DeepSeek-AI et al., 2025a). However, despite their
impressive capabilities, LLMs are known to exhibit unpredictable failures and generate inaccurate
information (Maynez et al., 2020; Huang et al., 2025; Bang et al., 2023; Shi et al., 2023), or explore
an unproductive reasoning path and commit to it. A particularly concerning issue is that LLMs can
make errors even in simple tasks (Nezhurina et al., 2025), despite possessing the necessary underly-
ing knowledge to provide the correct solutions, raising reliability concerns that hinder deployment
in critical applications.

Studying LLM self-correction behavior in natural settings is challenging due to their inherent accu-
racy; the rarity of naturally occurring errors makes systematic diagnostic and evaluation challenging.
Our central question: Given that a model can correct an error when presented externally (proving
it has the capability), does it activate this capability when the identical error is presented to itself?
This isolates activation failures from knowledge gaps. To study this, we construct Self-Correction
Bench by systematically injecting errors into both the user prompt (defined as an external error) and
the model generation (defined as an internal error). Our off-policy error injection design enables this
distinction by keeping the error constant while varying only the attribution.

Our results reveal that LLMs fail to correct internal errors (64.5% average failure rate), but reliably
fix identical errors from external sources. We refer to this phenomenon as the Self-Correction Blind
Spot. This rules out knowledge deficiency as the root cause; instead, the blind spot stems from a
lack of activation for self-correction. Strikingly, appending a simple “Wait” serves as a diagnostic
probe, reducing the blind spot by 89.3%, confirming a minimum prompt can unlock latent correction
abilities.

We provide a systematic understanding of why the Self-Correction Blind Spot exists, supported by
analysis of correction marker patterns in post-training data and causal evidence that including error-
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correction traces in supervised fine-tuning (SFT) substantially mitigate the blind spot, explaining the
superior performance of reasoning models.

We further validate the robustness of this finding in closed-source frontier models, non-mathematical
domains (logic, object tracking), and on-policy errors.

Our contributions are threefold.

• Discovery of Self-Correction Blind Spot: a systematic failure of LLMs to correct internal
errors despite competency on external ones. We provide causal evidence that this is driven
by post-training data biases where human demonstrations rarely include self-correction
sequences.

• Self-Correction Bench: a controlled evaluation framework with error-injected reasoning
traces that isolates the self-correction behavior from internal knowledge limitations, for
cross-model comparison.

• Training recipe solution: causal evidence that including error-correction traces in SFT mit-
igates the blind spot, with “Wait” as a probe demonstrating activation is the limiting factor.

These results advance both our understanding of LLM reasoning flaws and provide a practical solu-
tion to improve their reliability in real-world use.

2 RELATED WORK

Intrinsic self-correction in LLMs. Recent work explores intrinsic self-correction via self-feedback
(Shinn et al., 2023; Madaan et al., 2023; Kim et al., 2023; Kamoi et al., 2024b) or critic ensemble
(Mousavi et al., 2023), but limitations persist. Feedback quality suffers without oracle labels (Huang
et al., 2024): prior studies attribute this to poor error localization (Tyen et al., 2024) and detection
(Kamoi et al., 2024a). Most approaches use multi-step prompting, whereas we focus on single-pass
self-correction and study limitations from a cognitive perspective. Related work using RL for self-
correction (Kumar et al., 2025) or training signals from ground truth (DeepSeek-AI et al., 2025a)
contrasts with our test-time, no-fine-tuning approach.

Prompt injection for evaluation. Traditional prompt injection research focuses on adversarial ma-
nipulation (e.g., attackers injecting malicious instructions to distort outputs) (Wei et al., 2023; Liu
et al., 2024). Controlled error injection to evaluate self-correction is underexplored. For example,
Lanham et al. (2023) injected mistakes into reasoning chains to measure consistency between steps
and conclusions, but not self-correction capability. Our work advances this by systematically in-
jecting errors across task complexities to reveal uncharacterized blind spots in how LLMs correct
themselves.

Hallucination snowballing. Zhang et al. (2024) demonstrate that once LLMs hallucinate, sub-
sequent tokens often align with the initial error, a “snowball” effect, suggesting inherent limits to
self-correction during generation. We explain this phenomenon by identifying Self-Correction Blind
Spot: LLMs reliably correct errors in external inputs, but fail to correct errors in their own outputs.
This distinction is critical to understanding why snowballing persists.

Test-time interventions. Recent efforts have shifted compute from training to test time (Snell et al.,
2025), yielding improved performance (e.g. Muennighoff et al. (2025) appends “Wait” to force
longer reasoning traces, but improvement mechanisms remain understudied. We show interven-
tions activate dormant self-correction capabilities in unfine-tuned models, improving performance
on error-prone tasks.

Cognitive bias in LLM. LLMs exhibit human-like cognitive biases (Koo et al., 2024; Echterhoff
et al., 2024; Jones & Steinhardt, 2022), and we link the bias blind spot (the tendency to overlook
one’s own biases) (Pronin et al., 2002) to impaired self-correction. This connects high-level cogni-
tive limitations to the fine-grained failure mode we characterize.

Our work integrates these threads into a systematic methodology for testing self-correction, reveals
that LLMs suffer from a blind spot (inability to correct internal errors) despite having the knowl-
edge.
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3 CONCEPTUAL MOTIVATION

Building on these insights, we now formalize the theoretical framework underlying our empirical
investigation. We provide conceptual motivation for our empirical study, focusing on error states,
self-correction mechanisms, and their measurement.

3.1 ERROR AND SELF-CORRECTION: THE CASE FOR MARGINALIZATION

Autoregressive LLMs cannot guarantee every generated token is correct as the number of token
grows, resulting in hallucination (Maynez et al., 2020), snowballing errors (Zhang et al., 2024), or
unproductive reasoning path or execution flaws. Thus, self-correction is necessary for robustness:
models must reverse errors to produce a correct answer. Note that a correct answer does not require
all previously generated tokens to be correct, as one might be concerned only with the final answer.

To formalize this, let E = {e0, e1, . . . , ek} denote a set of mutually exclusive and collectively
exhaustive discrete error states, where e0 represents the “no error” state, and e1, . . . , ek represent
distinct error conditions. For each state ei ∈ E , let Rei denote the response set. The probability of a
model, M , giving a correct answer can be marginalized over error states:

PM (rcorrect) =
∑
e∈E

PM (e) · PM (rcorrect|e) =
∑
e∈E

∑
rm∈Re

PM (e) · PM (rm|e) · PM (rcorrect|rm, e),

(1)
where rm is the model’s response, and PM (rcorrect|rm, e) captures self-correction of rm.
Here, PM (rcorrect) depends critically on self-correction: even with frequent errors, high
PM (rcorrect|rm, e) can yield strong performance. Error-free generation is a special case of this
framework - not the only path to correctness.

3.2 EXTERNAL AND INTERNAL SELF-CORRECTION, AND SELF-CORRECTION BLIND SPOT

We distinguish self-correction by error source:

1. Internal correction: Metacognitive monitoring of the model’s initial response rm.
2. External correction: Evaluation of errors in the user prompt ru.

This distinction is motivated by the cognitive bias, “bias blind spot”. Pronin et al. (2002) show
that humans are able to identify cognitive biases in others while failing to see those same biases in
themselves, suggesting LLMs trained on human demonstration might share this limitation.

To quantify this, we define the Self-Correction Blind Spot as:

Self-Correction Blind Spot =

{
1− PM (rcorrect|rm,e)

PM (rcorrect|ru,e) if PM (rcorrect|ru, e) > 0

0 if PM (rcorrect|ru, e) = 0
(2)

A value of 1 indicates a total blind spot: the model can correct external errors but not internal ones.
By design, Self-Correction Blind Spot isolates activation failure from confounding factors. This
conditionality is why off-policy error injection is essential: it ensures we measure whether models
activate capabilities they provably possess, not whether they have the capabilities at all.

3.3 CONTROLLED ERROR INJECTION: MEASURING SELF-CORRECTION IN PRACTICE

The marginalization framework (Equation 1) is intractable in practice: PM (e), the true probabil-
ity of error states, is unobservable as LLMs operate over infinite prompt spaces. To solve this,
we introduce controlled error econtrolled. For internal correction, we inject an incorrect partial re-
sponse into the model’s “own” output (omitting stop tokens to allow continuation/self-correction);
for external correction, we inject the same error into the user prompt instead. We empirically
estimate PM (rcorrect|rm, econtrolled) and PM (rcorrect|ru, econtrolled) by measuring PM (rcorrect)
when controlled error is injected in rm and ru respectively, which forms the basis of our Self-
Correction Bench.

This framework - marginalizing over errors, distinguishing internal/external correction, and using
controlled injection - provides the conceptual underpinning for our empirical analysis.
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4 SELF-CORRECTION BENCH

Having established the theoretical foundation, we introduce a benchmark to measure Self-Correction
Blind Spot in LLMs across varying task complexities, enabling diagnosis of where correction fails.
By progressing from simple to realistic errors, we isolate confounding factors such as knowledge
limits or reasoning complexity. Our benchmark comprises “Self-correct Like I am 5” (SCLI5),
GSM8K-SC and PRM800K-SC, with controlled error injection to compare performance under iden-
tical conditions. See Table 5 in Appendix for details of dataset.

For each dataset, we systematically inject an identical error into both model response
(rm) and user prompt (ru), allowing empirical estimation of both correction probabilities
PM (rcorrect|rm, econtrolled) and PM (rcorrect|ru, econtrolled) under identical error conditions. Un-
like Zheng et al. (2025) and Song et al. (2025), which use explicit critic instruction, we minimize
prompt confounding by avoiding such prompt. Figure 1 illustrates how we inject error in user
message (i.e. external error) and in model (i.e. internal error), respectively, via chat template. The
resulting tokens differ, but in both settings, autoregressive LLM has access to the same error content,
although positioned differently.

<|start header id |>user<|end header id|>\n\n What is the answer of 1 + 1?
<|eot id|><|start header id|>assistant <|end header id |>\n\n The answer is 3.
<|eot id|>

Error Injection in Model

<|start header id |>user<|end header id|>\n\n What is the answer of 1 + 1?
The answer is 3. <|eot id|><|start header id|>assistant <|end header id |>\n\n
I’m afraid that’s not correct. The answer to the equation 1 + 1 is actually 2,
not 3. Basic arithmetic operations like addition follow a set of rules and pat-
terns that have been established for centuries. In this case, when you add 1
to 1, you are counting two units, which equals 2.\n\n If you’re unsure about
this, you can try using a calculator or counting blocks to visualize the con-
cept.<|eot id|>

Error Injection in User Message

Figure 1: Example of error injection. Grey color shows model completion. Above: Error injection
in model; Below: Error injection in user message

4.1 SCLI5

SCLI5 isolates basic correction by introducing simple answer errors (e.g., off-by-one, flip) to trivial
tasks (i.e. no reasoning required, just answer recall). Programmatic error generation ensures we test
the simplest possible correction: if models cannot detect obvious errors, subtle ones are impossible.
This dataset removes confounding factors like internal knowledge or multi-step reasoning, focusing
purely on error detection. The composition of the task is shown in Table 6.

4.2 GSM8K-SC

Built from Cobbe et al. (2021), a multi-step reasoning dataset, GSM8K-SC injects different
types of reasoning errors as shown in Table 7 that propagate to incorrect answer. We use ‘gpt-
4.1-2025-04-14’(OpenAI, 2025) to generate controlled errors and ‘gemini-2.5-flash-preview-05-
20’(Gemini Team, 2025) to validate that incorrect reasoning leads to inconsistent answers, resulting
in 1,313 high-quality samples. This dataset tests correction in multi-step reasoning, a middle ground
between simplicity and realism. The prompt can be found in Appendix D.1.
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Table 1: Mean accuracy and 95% confidence interval of models at temperature 0.0

Model SCLI5 GSM8K-SC PRM800K-SC

Llama-4-Maverick-17B-128E-Instruct-FP8 (Meta, 2025) 0.948 ± 0.026 0.416 ± 0.027 0.455 ± 0.046

DeepSeek-V3-0324 (DeepSeek-AI et al., 2025b) 0.825 ± 0.044 0.399 ± 0.026 0.475 ± 0.046

Qwen2.5-72B-Instruct (Qwen et al., 2025) 0.92 ± 0.032 0.58 ± 0.027 0.154 ± 0.033

Llama-4-Scout-17B-16E-Instruct (Meta, 2025) 0.976 ± 0.018 0.24 ± 0.023 0.263 ± 0.041

Llama-3.3-70B-Instruct (Meta, 2024) 0.538 ± 0.058 0.275 ± 0.024 0.246 ± 0.04

Qwen3-235B-A22B 1 (Yang et al., 2025) 0.563 ± 0.058 0.073 ± 0.014 0.348 ± 0.044

phi-4 (Abdin et al., 2024) 0.808 ± 0.046 0.076 ± 0.014 0.092 ± 0.027

Qwen2.5-7B-Instruct (Qwen et al., 2025) 0.559 ± 0.058 0.19 ± 0.021 0.141 ± 0.032

Qwen2-7B-Instruct (Yang et al., 2024) 0.601 ± 0.057 0.078 ± 0.014 0.058 ± 0.022

Qwen3-14B 1 (Yang et al., 2025) 0.004 ± 0.007 0.092 ± 0.016 0.254 ± 0.04

Qwen3-30B-A3B 1 (Yang et al., 2025) 0.056 ± 0.027 0.061 ± 0.013 0.194 ± 0.037

Llama-3.1-8B-Instruct (Grattafiori et al., 2024) 0.136 ± 0.04 0.019 ± 0.007 0.02 ± 0.013

Qwen3-32B 1 (Yang et al., 2025) 0.004 ± 0.007 0.05 ± 0.012 0.083 ± 0.026

Mistral-Small-24B-Instruct-2501 (Team, 2025) 0.042 ± 0.023 0.011 ± 0.006 0.016 ± 0.012

1 Qwen3 series models use non-thinking mode.

4.3 PRM800K-SC

PRM800K (Lightman et al., 2024), derived from a subset of MATH (Hendrycks et al., 2021), pro-
vides step-by-step annotations of multi-step reasoning. We selected 448 samples where the gener-
ated answers mismatch ground truth, capturing errors from real-world LLM use.

This progression from simple answer errors to realistic failures, lets us map exactly where self-
correction breaks down, making the benchmark a powerful tool for diagnosing and improving LLM
robustness.

5 EXPERIMENT

5.1 EXPERIMENT SETUP

We evaluated a wide range of open-source LLMs, as closed-source models lack support for fine-
grained control of prefix injection which is critical to our methodology. We apply model-specific
chat templates using ‘transformers’ library (Wolf et al., 2020). We leverage the DeepInfra1 comple-
tion API with 0.0 temperature as models’ most confident prediction should help self-correction, and
a fixed token budget of 1,024 to isolate the effect of test time compute. We provide more rationales
of our choices and perform sensitivity analysis in the Appendix C, confirming results are robust.

Evaluation. We use ‘gemini-2.5-flash-preview-05-20’ to compare LLMs’ completion against the
ground-truth answer. We instruct the model to output in JSON format. Due to the objectivity of
the task and the provision of ground truth in the prompt, we do not believe there is significant bias.
The prompt is provided in the Appendix D.2. We manually review 100 samples for each dataset to
ensure evaluation quality.

Metrics. We evaluate if LLMs can self-correct and arrive at the ground-truth answer given an
error. In GSM8K-SC and PRM800K-SC, we measure the behavior of LLMs before commit an
answer, as it is a more common scenario when an LLM backtracks, although we also report that
after commit an answer. We report mean accuracy (PM (rcorrect)) and Self-Correction Blind Spot
for each model. For statistical rigor, we report 95% confidence interval, which is estimated by
adding and subtracting 1.96 * standard error of mean (SEM) from mean. The SEM is estimated
using the formula σM = σ√

N
, where N is the sample size and σ is the sample standard deviation.
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5.2 RESULT

In Table 1, we summarize mean accuracy and 95% confidence interval of state-of-the-art non-
reasoning LLMs. We observe notably low accuracy for SCLI5 in some models. We observe mod-
erate to strong positive correlations between SCLI5, GSM8K-SC and PRM800K-SC (see Figure 4),
suggesting that there is a limitation of LLMs to self-correct across task complexities. If LLMs can-
not self-correct either easy or hard tasks, it implies an activation problem rather than a knowledge
problem. In Figure 5, we show some models (e.g. Qwen3-32B, LLama3.1-8B-Instruct and Mistral-
Small-24B-Instruct-2501) frequently give empty responses, highlighting unawareness of error.

We identify statistically significant Self-Correction Blind Spot for most models (see Figure 2). The
blind spot, on average, 64.5%, exists across models, regardless of model sizes. We observe mod-
erate correlation across datasets (see Figure 6), indicating a fundamental rather than task-specific
limitation. On average, when a model has committed an answer, it has a much higher blind spot to
recognize internal error, a finding similar to Zhang et al. (2024).

Figure 2: Self-Correction Blind Spot and 95% confidence interval across models

6 ANALYSIS

6.1 HOW DO LLMS SELF-CORRECT?

Analysis of model responses reveals that external errors trigger 179.5% and 73.6% more correction
markers2 in GSM8K-SC and PRM800K-SC respectively. We do not see so in SCLI5 because the
corrections are direct without reasoning.

This finding motivates us to perform a causal intervention. We append “Wait” after incorrect
reasoning or answer to prompt LLMs to self-correct, without finetuning. We observe significant
reductions in the blind spot after appending “Wait”, in some cases, a negative blind spot (see Figure
7). Averaging across models and datasets, the reduction amounts to 89.3%, and the macro average
of mean accuracy increases by 156.0% (see Figure 3).

1https://deepinfra.com/
2Correction markers include “Wait”, “But”, “However”, “No”, “Hold on”, “Hang on”, “Alternatively”,

“Hmm”.
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Figure 3: Macro average accuracy by non-reasoning model increases from original to appended
“Wait”

This evidence leads us to believe that “Wait” and similar correction markers serve as a strong con-
ditioning token that shift the model’s probability distribution toward self-evaluation sequences - it
artificially triggers the correction pathway that external errors naturally activate. We validate mul-
tiple markers to demonstrate generalization that they can activate self-correction across models and
datasets (see Table 8). All of them work, but “Wait” outperforms other markers (“But”/“However”)
because former signals re-evaluation while latter sometimes introduce contrasting information.

Post intervention, LLMs have a higher tendency to generate these markers subsequently, and cor-
respondingly the mean accuracy also increases. We observe strong correlations between the binary
term frequency of correction marker and the change in accuracy in GSM8K-SC and PRM800K-SC
across models in Figure 8.

6.2 REASONING MODELS

Reasoning models exhibit a small, even negative, Self-Correction Blind Spot in Figure 9, unlike
non-reasoning models. The mean accuracy is reported in Figure 10. Interestingly, appending “Wait”
to base model without finetuning can almost match the performance of finetuned/ RL trained model
in some models (see Table 2). This helps us understand one of the gaps between non-reasoning mod-
els and reasoning models - reasoning models are much better at self-correcting internal error (higher
PM (rcorrect|rm, e)) than non-reasoning models, leading to better performance (PM (rcorrect)) in
reasoning tasks requiring trial and error. However, correction markers can narrow the gap. Correc-
tion markers are exactly what reasoning models first generate when given an internal error before
arriving at correct response (see Table 9).

Table 2: Macro average of mean accuracy of base model vs appending “Wait” vs reasoning model

Base Model Reasoning Model Base Model Appending “Wait” Reasoning Model

DeepSeek-V3-0324 DeepSeek-R1-0528 0.578 0.918 0.908
phi-4 phi-4-reasoning-plus 0.325 0.704 0.707
Qwen3-14B 1 Qwen3-14B 2 0.121 0.884 0.843
Qwen3-32B 1 Qwen3-32B 2 0.046 0.791 0.894
Qwen3-30B-A3B 1 Qwen3-30B-A3B 2 0.102 0.869 0.845
Qwen3-235B-A22B 1 Qwen3-235B-A22B 2 0.335 0.865 0.876

1 Non-thinking mode
2 Thinking mode

7
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Table 3: Descriptive statistics of correction markers in post training dataset

Dataset 1st 5th 10th 25th 50th 75th 90th 95th 99th

OpenAssistant (Köpf et al., 2023) 0 0 0 0 0 0 1 1 2
OpenHermes2.5 (Teknium, 2023) 0 0 0 0 0 0 0 1 2
Infinity-Instruct-7M (Li et al., 2025) 0 0 0 0 0 0 0 1 2
UltraFeedback (Cui et al., 2024) 0 0 0 0 0 0 1 1 2
Tulu3-sft-olmo-2-mixture (Lambert
et al., 2025)

0 0 0 0 0 0 1 1 2

s1K-1.1 (Muennighoff et al., 2025) 0 0 0 0 0 1 3 5 9
Mixture-of-Thoughts (Face, 2025) 1 3 5 10 30 76 147 202 273
OpenThoughts3-1.2M (Guha et al.,
2025)

14 66 96 132 170 213 253 278 326

It is also worth noting that although Qwen3 models fuse thinking mode and non-thinking mode by
continual finetuning via a united chat template after GRPO (Shao et al., 2024), non-thinking mode
still suffers from blind spot, unlike in thinking mode, as the chat template conditions the model into
different distributions.

6.3 CORRECTION MARKERS IN POST-TRAINING DATA

These differences in reasoning models’ behavior prompted us to investigate the root cause in post-
training data composition. If correction markers could narrow the gap, and if we can make non-
reasoning models to predict correction markers upon seeing internal error, we can induce self-
correction capability in non-reasoning model, and that capability is already in the model when it
evaluates against external error. Motivated by this logic, we further investigate correction marker
density of open-source supervised finetuning datasets (Table 3). Data analysis reveals the statis-
tical foundation of this phenomenon. The 95th percentile correction markers frequency of non-
reasoning datasets (e.g., OpenAssistant3, OpenHermes2.5, UltraFeedback4, etc.) is 1. The result
is consistent with quality filtering and the removal of errors in supervised finetuning data in other
open-source models (Qwen et al., 2025; Grattafiori et al., 2024), although their datasets were not re-
leased. In contrast, reasoning datasets, generated by reasoning models, (e.g., Mixture-of-Thoughts,
OpenThoughts3) have median marker densities 30-170, with 99% of data containing at least 1
marker.

With such a systematic absence or presence of correction markers in training data, it follows from
basic statistical modeling principles that models will predict correction markers as next tokens pro-
portional to their frequency in training data - Razeghi et al. (2022) and Merullo et al. (2025) have
shown that LLMs perform better when related term frequency in pretraining data is higher. This
statistical likelihood directly determines self-correction behavior: models trained on less correction
data rarely generate correction markers, perpetuating the blind spot. This single powerful insight
unifies all of our empirical observations.

6.4 SFT WITH ERROR AND SELF-CORRECTION DATA

We provide causal evidence that performing SFT with error and self-correction data mitigates the
Self-Correction Blind Spot. We evaluate DeepSeek-R1-Distill-Llama-8B and DeepSeek-R1-Distill-
Llama-70B, fine-tuned respectively from Llama-3.1-8B and Llama-3.3-70B-Instruct with SFT data
including 600k reasoning trajectories generated by DeepSeek-R1 (DeepSeek-AI et al., 2025a).
While we cannot isolate error-correction data as the sole causal factor (as the training includes other
components), the dominant intervention is the addition of error-correction sequences.

Table 4 shows 84.1% reduction of blind spot across datasets and models, providing strong causal
evidence that fine-tuning with error and self-correction data substantially mitigates this limitation.

3We use the highest-human-rated paths of conversation tree provided in ‘timdettmers/openassistant-
guanaco’.

4We use the chosen completion, and therefore the dataset reflects AI preference too.
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Table 4: Self-Correction Blind Spot in model fine-tuned with error and self-correction data

Model Dataset Mean Accuracy Blind Spot Blind Spot
External Error Internal Error (Base Model)

DeepSeek-R1-Distill-Llama-8B1 SCLI5 0.906 0.462 0.49 0.829
(DeepSeek-AI et al., 2025a) GSM8K-SC 0.692 0.599 0.134 0.971

PRM800K-SC 0.491 0.489 0.005 0.889
DeepSeek-R1-Distill-Llama-70B2 SCLI5 0.958 0.85 0.113 0.458
(DeepSeek-AI et al., 2025a) GSM8K-SC 0.889 0.916 -0.031 0.689

PRM800K-SC 0.625 0.656 -0.05 0.317
1 We report Llama-3.1-8B-Instruct as base model. Llama-3.1-8B-Instruct and DeepSeek-R1-Distill-Llama-8B share the
same base model Llama-3.1-8B.
2 Base model is Llama-3.3-70B-Instruct.

7 VALIDATION ACROSS SETTINGS

Section 6 established that blind spots correlate with training data composition and provided causal
evidence through comparison of models trained with and without error-correction data. We now
validate whether this phenomenon generalizes beyond our main experimental setup.

7.1 CLOSED-SOURCE MODEL EVALUATION

Unlike open-source models, closed-source APIs do not provide full control over prompt format-
ting and chat templates, except Claude, which officially support prefilling model response in non-
extended thinking mode5. We evaluate Claude 3.5 Haiku (Anthropic, 2024b) and Sonnet 4 (An-
thropic, 2025). Table 10 shows they exhibit average 52.5% and 41.4% blind spots respectively
across all datasets, suggesting this phenomenon extends to frontier models.

7.2 DOMAIN BEYOND MATHEMATICAL REASONING

SFT datasets undergo quality filtering and remove errors across all domains, making error-free train-
ing data a universal property of SFT datasets, not specific to mathematical reasoning. This domain-
agnostic mechanism (absence of error-correction in training leading to activation failure) predicts
that the blind spot should appear wherever SFT data lacks error sequences.

We empirically validate this prediction using BIG-Bench Mistake (Tyen et al., 2024), which contains
reasoning traces with errors generated by PaLM 2 (Anil et al., 2023). We select two tasks unrelated
to mathematical reasoning: Tracking Shuffled Objects (spatial reasoning) and Logical Deduction
(logical reasoning).

Table 11 shows consistent average blind spot of 62.8% across tasks, and model families. These re-
sults establish that Self-Correction Blind Spot is a general phenomenon, not an artifact of mathemat-
ical problem structure. Same as Section 6.4, we also observe that DeepSeek-R1-Distill-Llama-70B,
SFTed with self-correction data, can reduce the blind spot by 80.7% on average, compared to its
base model, Llama-3.3-70B-Instruct.

7.3 EXISTENCE OF BLIND SPOT IN ON-POLICY ERROR

Our main experiments use injected errors to isolate correction capability from knowledge. To verify
the blind spot phenomenon extends to models’ own errors, we test whether models can correct
mistakes they generated themselves when these errors are presented externally.

We use incorrect completions from ProcessBench (Zheng et al., 2025), which contains wrong so-
lutions generated by LLMs across four mathematical reasoning datasets: GSM8K (Cobbe et al.,
2021), MATH (Hendrycks et al., 2021), OlympiadBench (He et al., 2024), and Omni-MATH (Gao
et al., 2025). For each wrong completion, we present it to the same model that generated it, but place
in the user prompt as an external error, without any prompt engineering.

5https://platform.claude.com/docs/en/build-with-claude/prompt-engineering/prefill-claudes-response
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Table 12 shows models achieve statistically significant non-zero correction rates ranging from 6% to
10% when their own errors are presented externally. The low absolute rates reflect two factors. First,
Zheng et al. (2025) samples particularly challenging problems. The correction rates increase to 10%-
12% when we exclude OlympiadBench and Omni-MATH. Second, on-policy errors necessarily
conflate self-correction capability with knowledge limitations - the precise issue our controlled off-
policy benchmark was designed to avoid. Nevertheless, the performance confirms the existence of
Self-Correction Blind Spot in the model’s own distribution.

8 DISCUSSION

Benefit of error and self-correction data. LLMs are known to exhibit cognitive bias (Koo et al.,
2024; Echterhoff et al., 2024; Jones & Steinhardt, 2022). Self-Correction Blind Spot bears resem-
blance to bias blind spot of human. As analyzed in Section 6.3, we identify two root causes: First,
supervised fine-tuning and reinforcement learning from human feedback (Ouyang et al., 2022) rely
on human demonstrations and preferences , which strongly favor polished, error-free responses over
those with errors and self-correction. Second, synthetic instruction data (Teknium, 2023; Li et al.,
2025) and AI feedback (Cui et al., 2024) ultimately learn from human demonstration and prefer-
ences, inheriting this artifact.

Traditional machine learning emphasizes alignment of training data with the production environ-
ment, but human-dominated data lack exposure to the “error-and-correct” process. Outcome-based
RL like GRPO (Shao et al., 2024) addresses this by encouraging diverse reasoning paths, includ-
ing error and self-correction, while given ground-truth feedback, as shown in the high correction
markers density in RL trained models’ generation in Section 6.3. This complements error-free hu-
man demonstration and preference, making models more robust to errors (consistent with work on
learning from mistakes (An et al., 2024) and critique finetuning (Wang et al., 2025)) and better at
backtracking. An error-free response is not the only path leading to a correct final output - error and
self-correction provides an equally important training signal as error-free demonstration.

Benefit of off-policy error. While on-policy errors better capture a model’s natural distribution, our
use of off-policy injection is a deliberate design tradeoff that isolates self-correction from knowledge
limitations. It also offers additional methodological advantages: (1) enables cross-model compari-
son using identical error traces, (2) allows targeted evaluation of specific reasoning skills, (3) sup-
ports efficient evaluation without per-model on-policy error sampling, and (4) simulates real-world
scenarios where errors originate from external tools or systems.

Off-policy errors serve as a practical proxy for on-policy behavior when measuring behavioral fail-
ures like activation gaps rather than knowledge deficiencies. Therefore, we cannot directly compare
blind spot magnitudes between off-policy and on-policy settings: on-policy errors conflate activation
failures with genuine knowledge gaps, while off-policy errors do not. To address this limitation, our
benchmark incorporates three realism levels progressing from synthetic to realistic errors. Figure 4
demonstrates a 0.6+ correlation in blind spot across realism levels. As realism increases, off-policy
measurement better approximates on-policy behavior.

Understanding cognitive behavior via markers. Frequency analysis of correction markers is a
scalable way to study cognitive behaviors present in pretraining data and post-training data. We
believe that they can serve as important heuristics for pretraining and post-training data curation.

9 CONCLUSION AND LIMITATION

In this work, we identified and systematically measured the Self-Correction Blind Spot: non-
reasoning LLMs fail to correct 64.5% of internal errors while successfully correcting identical ex-
ternal errors. This systematic failure has important implications for AI reliability and safety-critical
applications. While our off-policy methodology does not directly replicate on-policy errors, which
inherently conflate knowledge gaps with activation failures, it deliberately isolates self-correction
capabilities from confounding factors, demonstrating the blind spot’s generality as a behavioral phe-
nomenon across models and tasks. Importantly, it provides actionable insights to training recipe.
We encourage future research to expand the benchmark to programming, logic and common sense
reasoning, and to multilingual and multimodal reasoning.
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REPRODUCIBILITY STATEMENT

Our experiments utilize various open source models, close source models, and datasets. Self-
Correction Bench is available under an anonymous account in Hugging Face (click here). Our
codes for constructing datasets, running the experiment, and building tables and graphs are released
in Anonymous Github (click here).

DISCLOSURE OF LLM USAGE

LLMs are utilized to refine writing, including enhancing grammar, clarity, word choice and proof-
reading. Additionally, LLMs are used to assist in writing some selected Python functions for graph
plotting.
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Zhang, Pengwei Li, Petar Vasic, Peter Weng, Prajjwal Bhargava, Pratik Dubal, Praveen Krishnan,
Punit Singh Koura, Puxin Xu, Qing He, Qingxiao Dong, Ragavan Srinivasan, Raj Ganapathy, Ra-
mon Calderer, Ricardo Silveira Cabral, Robert Stojnic, Roberta Raileanu, Rohan Maheswari, Ro-
hit Girdhar, Rohit Patel, Romain Sauvestre, Ronnie Polidoro, Roshan Sumbaly, Ross Taylor, Ruan
Silva, Rui Hou, Rui Wang, Saghar Hosseini, Sahana Chennabasappa, Sanjay Singh, Sean Bell,
Seohyun Sonia Kim, Sergey Edunov, Shaoliang Nie, Sharan Narang, Sharath Raparthy, Sheng
Shen, Shengye Wan, Shruti Bhosale, Shun Zhang, Simon Vandenhende, Soumya Batra, Spencer
Whitman, Sten Sootla, Stephane Collot, Suchin Gururangan, Sydney Borodinsky, Tamar Herman,
Tara Fowler, Tarek Sheasha, Thomas Georgiou, Thomas Scialom, Tobias Speckbacher, Todor Mi-
haylov, Tong Xiao, Ujjwal Karn, Vedanuj Goswami, Vibhor Gupta, Vignesh Ramanathan, Viktor
Kerkez, Vincent Gonguet, Virginie Do, Vish Vogeti, Vı́tor Albiero, Vladan Petrovic, Weiwei
Chu, Wenhan Xiong, Wenyin Fu, Whitney Meers, Xavier Martinet, Xiaodong Wang, Xiaofang
Wang, Xiaoqing Ellen Tan, Xide Xia, Xinfeng Xie, Xuchao Jia, Xuewei Wang, Yaelle Gold-
schlag, Yashesh Gaur, Yasmine Babaei, Yi Wen, Yiwen Song, Yuchen Zhang, Yue Li, Yuning
Mao, Zacharie Delpierre Coudert, Zheng Yan, Zhengxing Chen, Zoe Papakipos, Aaditya Singh,
Aayushi Srivastava, Abha Jain, Adam Kelsey, Adam Shajnfeld, Adithya Gangidi, Adolfo Victoria,
Ahuva Goldstand, Ajay Menon, Ajay Sharma, Alex Boesenberg, Alexei Baevski, Allie Feinstein,
Amanda Kallet, Amit Sangani, Amos Teo, Anam Yunus, Andrei Lupu, Andres Alvarado, An-
drew Caples, Andrew Gu, Andrew Ho, Andrew Poulton, Andrew Ryan, Ankit Ramchandani, An-
nie Dong, Annie Franco, Anuj Goyal, Aparajita Saraf, Arkabandhu Chowdhury, Ashley Gabriel,
Ashwin Bharambe, Assaf Eisenman, Azadeh Yazdan, Beau James, Ben Maurer, Benjamin Leon-
hardi, Bernie Huang, Beth Loyd, Beto De Paola, Bhargavi Paranjape, Bing Liu, Bo Wu, Boyu
Ni, Braden Hancock, Bram Wasti, Brandon Spence, Brani Stojkovic, Brian Gamido, Britt Mon-
talvo, Carl Parker, Carly Burton, Catalina Mejia, Ce Liu, Changhan Wang, Changkyu Kim, Chao
Zhou, Chester Hu, Ching-Hsiang Chu, Chris Cai, Chris Tindal, Christoph Feichtenhofer, Cynthia
Gao, Damon Civin, Dana Beaty, Daniel Kreymer, Daniel Li, David Adkins, David Xu, Davide
Testuggine, Delia David, Devi Parikh, Diana Liskovich, Didem Foss, Dingkang Wang, Duc Le,
Dustin Holland, Edward Dowling, Eissa Jamil, Elaine Montgomery, Eleonora Presani, Emily
Hahn, Emily Wood, Eric-Tuan Le, Erik Brinkman, Esteban Arcaute, Evan Dunbar, Evan Smoth-
ers, Fei Sun, Felix Kreuk, Feng Tian, Filippos Kokkinos, Firat Ozgenel, Francesco Caggioni,
Frank Kanayet, Frank Seide, Gabriela Medina Florez, Gabriella Schwarz, Gada Badeer, Georgia
Swee, Gil Halpern, Grant Herman, Grigory Sizov, Guangyi, Zhang, Guna Lakshminarayanan,
Hakan Inan, Hamid Shojanazeri, Han Zou, Hannah Wang, Hanwen Zha, Haroun Habeeb, Harri-
son Rudolph, Helen Suk, Henry Aspegren, Hunter Goldman, Hongyuan Zhan, Ibrahim Damlaj,
Igor Molybog, Igor Tufanov, Ilias Leontiadis, Irina-Elena Veliche, Itai Gat, Jake Weissman, James
Geboski, James Kohli, Janice Lam, Japhet Asher, Jean-Baptiste Gaya, Jeff Marcus, Jeff Tang, Jen-
nifer Chan, Jenny Zhen, Jeremy Reizenstein, Jeremy Teboul, Jessica Zhong, Jian Jin, Jingyi Yang,
Joe Cummings, Jon Carvill, Jon Shepard, Jonathan McPhie, Jonathan Torres, Josh Ginsburg, Jun-
jie Wang, Kai Wu, Kam Hou U, Karan Saxena, Kartikay Khandelwal, Katayoun Zand, Kathy
Matosich, Kaushik Veeraraghavan, Kelly Michelena, Keqian Li, Kiran Jagadeesh, Kun Huang,
Kunal Chawla, Kyle Huang, Lailin Chen, Lakshya Garg, Lavender A, Leandro Silva, Lee Bell,
Lei Zhang, Liangpeng Guo, Licheng Yu, Liron Moshkovich, Luca Wehrstedt, Madian Khabsa,
Manav Avalani, Manish Bhatt, Martynas Mankus, Matan Hasson, Matthew Lennie, Matthias
Reso, Maxim Groshev, Maxim Naumov, Maya Lathi, Meghan Keneally, Miao Liu, Michael L.
Seltzer, Michal Valko, Michelle Restrepo, Mihir Patel, Mik Vyatskov, Mikayel Samvelyan, Mike
Clark, Mike Macey, Mike Wang, Miquel Jubert Hermoso, Mo Metanat, Mohammad Rastegari,
Munish Bansal, Nandhini Santhanam, Natascha Parks, Natasha White, Navyata Bawa, Nayan
Singhal, Nick Egebo, Nicolas Usunier, Nikhil Mehta, Nikolay Pavlovich Laptev, Ning Dong,
Norman Cheng, Oleg Chernoguz, Olivia Hart, Omkar Salpekar, Ozlem Kalinli, Parkin Kent,
Parth Parekh, Paul Saab, Pavan Balaji, Pedro Rittner, Philip Bontrager, Pierre Roux, Piotr Dollar,
Polina Zvyagina, Prashant Ratanchandani, Pritish Yuvraj, Qian Liang, Rachad Alao, Rachel Ro-
driguez, Rafi Ayub, Raghotham Murthy, Raghu Nayani, Rahul Mitra, Rangaprabhu Parthasarathy,
Raymond Li, Rebekkah Hogan, Robin Battey, Rocky Wang, Russ Howes, Ruty Rinott, Sachin
Mehta, Sachin Siby, Sai Jayesh Bondu, Samyak Datta, Sara Chugh, Sara Hunt, Sargun Dhillon,

14



756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

Sasha Sidorov, Satadru Pan, Saurabh Mahajan, Saurabh Verma, Seiji Yamamoto, Sharadh Ra-
maswamy, Shaun Lindsay, Shaun Lindsay, Sheng Feng, Shenghao Lin, Shengxin Cindy Zha,
Shishir Patil, Shiva Shankar, Shuqiang Zhang, Shuqiang Zhang, Sinong Wang, Sneha Agarwal,
Soji Sajuyigbe, Soumith Chintala, Stephanie Max, Stephen Chen, Steve Kehoe, Steve Satter-
field, Sudarshan Govindaprasad, Sumit Gupta, Summer Deng, Sungmin Cho, Sunny Virk, Suraj
Subramanian, Sy Choudhury, Sydney Goldman, Tal Remez, Tamar Glaser, Tamara Best, Thilo
Koehler, Thomas Robinson, Tianhe Li, Tianjun Zhang, Tim Matthews, Timothy Chou, Tzook
Shaked, Varun Vontimitta, Victoria Ajayi, Victoria Montanez, Vijai Mohan, Vinay Satish Ku-
mar, Vishal Mangla, Vlad Ionescu, Vlad Poenaru, Vlad Tiberiu Mihailescu, Vladimir Ivanov,
Wei Li, Wenchen Wang, Wenwen Jiang, Wes Bouaziz, Will Constable, Xiaocheng Tang, Xiao-
jian Wu, Xiaolan Wang, Xilun Wu, Xinbo Gao, Yaniv Kleinman, Yanjun Chen, Ye Hu, Ye Jia,
Ye Qi, Yenda Li, Yilin Zhang, Ying Zhang, Yossi Adi, Youngjin Nam, Yu, Wang, Yu Zhao,
Yuchen Hao, Yundi Qian, Yunlu Li, Yuzi He, Zach Rait, Zachary DeVito, Zef Rosnbrick, Zhao-
duo Wen, Zhenyu Yang, Zhiwei Zhao, and Zhiyu Ma. The llama 3 herd of models, 2024. URL
https://arxiv.org/abs/2407.21783.

Etash Guha, Ryan Marten, Sedrick Keh, Negin Raoof, Georgios Smyrnis, Hritik Bansal, Marianna
Nezhurina, Jean Mercat, Trung Vu, Zayne Sprague, Ashima Suvarna, Benjamin Feuer, Liangyu
Chen, Zaid Khan, Eric Frankel, Sachin Grover, Caroline Choi, Niklas Muennighoff, Shiye Su,
Wanjia Zhao, John Yang, Shreyas Pimpalgaonkar, Kartik Sharma, Charlie Cheng-Jie Ji, Yichuan
Deng, Sarah Pratt, Vivek Ramanujan, Jon Saad-Falcon, Jeffrey Li, Achal Dave, Alon Albalak,
Kushal Arora, Blake Wulfe, Chinmay Hegde, Greg Durrett, Sewoong Oh, Mohit Bansal, Saadia
Gabriel, Aditya Grover, Kai-Wei Chang, Vaishaal Shankar, Aaron Gokaslan, Mike A. Merrill,
Tatsunori Hashimoto, Yejin Choi, Jenia Jitsev, Reinhard Heckel, Maheswaran Sathiamoorthy,
Alexandros G. Dimakis, and Ludwig Schmidt. Openthoughts: Data recipes for reasoning models,
2025. URL https://arxiv.org/abs/2506.04178.

Chaoqun He, Renjie Luo, Yuzhuo Bai, Shengding Hu, Zhen Thai, Junhao Shen, Jinyi Hu, Xu Han,
Yujie Huang, Yuxiang Zhang, Jie Liu, Lei Qi, Zhiyuan Liu, and Maosong Sun. OlympiadBench:
A challenging benchmark for promoting AGI with olympiad-level bilingual multimodal scien-
tific problems. In Lun-Wei Ku, Andre Martins, and Vivek Srikumar (eds.), Proceedings of the
62nd Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Pa-
pers), pp. 3828–3850, Bangkok, Thailand, August 2024. Association for Computational Linguis-
tics. doi: 10.18653/v1/2024.acl-long.211. URL https://aclanthology.org/2024.
acl-long.211/.

Dan Hendrycks, Collin Burns, Saurav Kadavath, Akul Arora, Steven Basart, Eric Tang, Dawn
Song, and Jacob Steinhardt. Measuring mathematical problem solving with the MATH dataset.
In Thirty-fifth Conference on Neural Information Processing Systems Datasets and Benchmarks
Track (Round 2), 2021. URL https://openreview.net/forum?id=7Bywt2mQsCe.

Jie Huang, Xinyun Chen, Swaroop Mishra, Huaixiu Steven Zheng, Adams Wei Yu, Xinying Song,
and Denny Zhou. Large language models cannot self-correct reasoning yet, 2024. URL https:
//arxiv.org/abs/2310.01798.

Lei Huang, Weijiang Yu, Weitao Ma, Weihong Zhong, Zhangyin Feng, Haotian Wang, Qianglong
Chen, Weihua Peng, Xiaocheng Feng, Bing Qin, and Ting Liu. A survey on hallucination in large
language models: Principles, taxonomy, challenges, and open questions. ACM Transactions on
Information Systems, 43(2):1–55, January 2025. ISSN 1558-2868. doi: 10.1145/3703155. URL
http://dx.doi.org/10.1145/3703155.

Erik Jones and Jacob Steinhardt. Capturing failures of large language models via human cognitive
biases. In Alice H. Oh, Alekh Agarwal, Danielle Belgrave, and Kyunghyun Cho (eds.), Ad-
vances in Neural Information Processing Systems, 2022. URL https://openreview.net/
forum?id=fcO9Cgn-X-R.

Ryo Kamoi, Sarkar Snigdha Sarathi Das, Renze Lou, Jihyun Janice Ahn, Yilun Zhao, Xiaoxin
Lu, Nan Zhang, Yusen Zhang, Haoran Ranran Zhang, Sujeeth Reddy Vummanthala, Salika
Dave, Shaobo Qin, Arman Cohan, Wenpeng Yin, and Rui Zhang. Evaluating LLMs at de-
tecting errors in LLM responses. In First Conference on Language Modeling, 2024a. URL
https://openreview.net/forum?id=dnwRScljXr.

15

https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2506.04178
https://aclanthology.org/2024.acl-long.211/
https://aclanthology.org/2024.acl-long.211/
https://openreview.net/forum?id=7Bywt2mQsCe
https://arxiv.org/abs/2310.01798
https://arxiv.org/abs/2310.01798
http://dx.doi.org/10.1145/3703155
https://openreview.net/forum?id=fcO9Cgn-X-R
https://openreview.net/forum?id=fcO9Cgn-X-R
https://openreview.net/forum?id=dnwRScljXr


810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863

Under review as a conference paper at ICLR 2026

Ryo Kamoi, Yusen Zhang, Nan Zhang, Jiawei Han, and Rui Zhang. When can LLMs actually
correct their own mistakes? a critical survey of self-correction of LLMs. Transactions of the
Association for Computational Linguistics, 12:1417–1440, 2024b. doi: 10.1162/tacl a 00713.
URL https://aclanthology.org/2024.tacl-1.78/.

Geunwoo Kim, Pierre Baldi, and Stephen Marcus McAleer. Language models can solve computer
tasks. In Thirty-seventh Conference on Neural Information Processing Systems, 2023. URL
https://openreview.net/forum?id=M6OmjAZ4CX.

Ryan Koo, Minhwa Lee, Vipul Raheja, Jong Inn Park, Zae Myung Kim, and Dongyeop Kang.
Benchmarking cognitive biases in large language models as evaluators. In Lun-Wei Ku, An-
dre Martins, and Vivek Srikumar (eds.), Findings of the Association for Computational Linguis-
tics: ACL 2024, pp. 517–545, Bangkok, Thailand, August 2024. Association for Computational
Linguistics. doi: 10.18653/v1/2024.findings-acl.29. URL https://aclanthology.org/
2024.findings-acl.29/.
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APPENDIX

A DATASET CONSTRUCTION

Table 5: Dataset comparison

Dataset Complexity Realism of Error Reasoning Size
SCLI5 Low Low N 286
GSM8K-SC Medium Medium Y 1,313
PRM800K-SC High High Y 448

Table 6: Task composition of SCLI5

Task Count Error Type Question and Answer

Add one 20 Off-by-one Q: What is the answer of 1 + 1?
A: The answer is 3.

Subtract one 20 Off-by-one Q: What is the answer of 3 - 1?
A: The answer is 1.

Next character 52 Off-by-one Q: What letter comes after A?
A: The answer is C.

Previous character 52 Off-by-one Q: What letter comes before C?
A: The answer is A.

Larger number 71 Flip Q: Which one is smaller, 1 or 2?
A: The answer is 2.

Smaller number 71 Flip Q: Which one is larger, 2 or 5?
A: The answer is 2.
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Table 7: Error composition of GSM8K-SC

Category Description

Problem Representation Errors These errors arise when the solver misunderstands or misinter-
prets the problem’s requirements or given information. This can
involve misreading the problem statement, confusing the rela-
tionships between quantities, or failing to grasp what is being
asked.

Planning Errors These occur when the solver devises an incorrect or incomplete
strategy to tackle the problem. This might include choosing the
wrong operations, setting up flawed equations, or overlooking
key components of the problem.

Execution Errors These are mistakes made while carrying out the planned steps,
such as errors in calculations, misapplication of mathematical
rules, or procedural slip-ups, even if the plan itself is sound.

B FIGURES

Figure 4: left: Mean accuracy correlation matrix across datasets middle: Scatter plot between SCLI5
vs GSM8K-SC right: Scatter plot between GSM8K-SC vs PRM800K-SC
BCA: Before commit an answer

Figure 5: Summary of error and empty response across models
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Figure 6: left: Blind spot correlation matrix middle: Scatter plot between SCLI5 vs GSM8K-SC
right: Scatter plot between GSM8K-SC vs PRM800K-SC
BCA: Before commit an answer

Figure 7: Self-Correction Blind Spot and 95% confidence interval across non-reasoning models after
appending “Wait”

Table 8: Mean accuracy and relative change after appending various correction markers

Correction Markers SCLI5 GSM8K-SC PRM800K-SC

Internal Error (Baseline) 0.499 (0%) 0.183 (0%) 0.200 (0%)
External Error 0.910 (+82.5%) 0.881 (+382.1%) 0.620 (+210.3%)
“Wait” 0.957 (+91.9%) 0.796 (+335.1%) 0.504 (+152.0%)
“But” 0.922 (+85.0%) 0.611 (+234.2%) 0.430 (+114.8%)
“However” 0.897 (+79.8%) 0.602 (+229.0%) 0.438 (+119.3%)
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Figure 8: Correlation of absolute change in keyword presence vs absolute change in accuracy -
original vs appending “Wait”

Figure 9: Self-Correction Blind Spot and 95% confidence interval across reasoning models

Table 9: Most common first word and relative frequency generated by reasoning models

Model SCLI5 GSM8K-SC PRM800K-SC

QwQ-32B (‘Wait,’, 0.377) (‘Wait,’, 0.725) (‘Wait,’, 0.768)
Qwen3-14B (thinking) (‘In’, 1.0) (‘Wait,’, 0.38) (‘Therefore,’, 0.219)
Qwen3-32B (thinking) (‘After’, 1.0) (‘The’, 0.288) (‘I’, 0.189)
Qwen3-30B-A3B (thinking) (‘Wait,’, 0.312) (‘Therefore,’, 0.25) (‘So’, 0.195)
Qwen3-235B-A22B (thinking) (‘**Step-by-step’, 0.292) (‘Wait,’, 0.198) (‘Therefore,’, 0.256)
DeepSeek-R1-0528 (‘No,’, 0.324) (‘But’, 0.267) (‘But’, 0.486)
gemma-3-12b-it (‘The’, 0.284) (‘The’, 0.239) (‘Alternatively,’, 0.205)
gemma-3-27b-it (‘Here’s’, 0.31) (‘Let’, 0.256) (‘However,’, 0.292)
phi-4-reasoning-plus (‘Wait,’, 0.861) (‘Wait,’, 0.677) (‘However,’, 0.217)
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Figure 10: Summary of mean accuracy across reasoning models

Table 10: Self-Correction Blind Spot in close-source model

Model Dataset Mean Accuracy Blind Spot
External Error Internal Error

claude-3-5-haiku-20241022 SCLI5 0.822 0.692 0.157
GSM8k-SC 0.884 0.328 0.629
PRM800K-SC 0.382 0.08 0.789

claude-sonnet-4-20250514 SCLI5 0.997 0.427 0.572
GSM8k-SC 0.974 0.655 0.328
PRM800K-SC 0.877 0.576 0.344

Table 11: Self-Correction Blind Spot in other domains in BIG-Bench Mistake

Model Dataset Mean Accuracy Blind Spot Size
External Error Internal Error

Meta-Llama-3.1-8B-Instruct Tracking shuffled objects 0.246 0.073 0.703 260
Logical deduction 0.208 0.14 0.328 294

Qwen3-14B Tracking shuffled objects 0.996 0.096 0.904 260
Logical deduction 0.854 0.262 0.693 294

Mistral-Small-24B-Instruct-2501 Tracking shuffled objects 0.554 0.2 0.639 260
Logical deduction 0.449 0.255 0.432 294

Llama-3.3-70B-Instruct Tracking shuffled objects 0.931 0.127 0.864 260
Logical deduction 0.694 0.371 0.466 294

Model SFTed with error and self-correction data
DeepSeek-R1-Distill-Llama-70B Tracking shuffled objects 0.973 0.95 0.024 260

Logical deduction 0.905 0.694 0.233 294

Table 12: Mean accuracy when on-policy errors in ProcessBench are presented externally

ProcessBench Without OlympiadBench and Omni-Math
model Accuracy (95% CI) Size Accuracy (95% CI) Size

Qwen2-7B-Instruct 0.061 ± 0.033 198 0.105 ± 0.059 105
Qwen2.5-7B-Instruct 0.064 ± 0.037 172 0.125 ± 0.082 64
Llama-3.1-8B-Instruct 0.099 ± 0.035 274 0.124 ± 0.063 105
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C SENSITIVITY ANALYSIS

C.1 RESULT OF DIFFERENT TEMPERATURE

Apart from using models’ most confident prediction, we use temperature of 0.0 for 3 reasons:

• More deterministic6 output eliminates sampling variance as a confounding factor.
• It enables standardized comparison across models with different temperature calibrations.
• Renze (2024) suggests different temperatures do not have a statistically significant impact

on LLM performance in problem-solving tasks.

We also report results using a temperature of 0.6 below and the result does not change our conclu-
sion.

Table 13: Mean accuracy and 95% confidence interval of models at temperature 0.6

Model SCLI5 GSM8K-SC PRM800K-SC

Llama-4-Maverick-17B-128E-Instruct-FP8 0.954 ± 0.024 0.424 ± 0.027 0.469 ± 0.046

DeepSeek-V3-0324 0.874 ± 0.039 0.42 ± 0.027 0.504 ± 0.046

Qwen2.5-72B-Instruct 0.902 ± 0.035 0.574 ± 0.027 0.165 ± 0.034

Llama-4-Scout-17B-16E-Instruct 0.976 ± 0.018 0.248 ± 0.023 0.272 ± 0.041

Llama-3.3-70B-Instruct 0.496 ± 0.058 0.273 ± 0.024 0.243 ± 0.04

Qwen3-235B-A22B 0.57 ± 0.057 0.091 ± 0.016 0.4 ± 0.045

phi-4 0.794 ± 0.047 0.093 ± 0.016 0.116 ± 0.03

Qwen2.5-7B-Instruct 0.563 ± 0.058 0.183 ± 0.021 0.127 ± 0.031

Qwen2-7B-Instruct 0.601 ± 0.057 0.071 ± 0.014 0.065 ± 0.023

Qwen3-14B 0.007 ± 0.01 0.101 ± 0.016 0.27 ± 0.041

Qwen3-30B-A3B 0.108 ± 0.036 0.07 ± 0.014 0.232 ± 0.039

Qwen3-32B 0.038 ± 0.022 0.068 ± 0.014 0.105 ± 0.028

Meta-Llama-3.1-8B-Instruct 0.182 ± 0.045 0.025 ± 0.008 0.022 ± 0.014

Mistral-Small-24B-Instruct-2501 0.122 ± 0.038 0.02 ± 0.008 0.038 ± 0.018

6Temperature of 0.0 will not generate fully deterministic result due to finite precision.
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C.2 PRM800K-SC RESULT IN 4,096 TOKEN BUDGET

To ensure a fair comparison between internal and external error correction, and across models, we
maintain a fixed token budget of 1,024 across all conditions. This design choice partly isolates
self-correction capabilities from the effect of test time compute, providing a more rigorous test of
the blind spot phenomenon. We also report our results of PRM800-SC with a fixed tokens budget
of 4,096 below, which does not change our conclusion. We do not report the result of SCLI5 and
GSM8K-SC as the ratio of model responses exceeding 1,024 tokens is immaterial.

Table 14: Mean accuracy of models in PRM800K-SC at different compute budget

Model External Error Internal Error Appending “Wait”
Compute budget 1,024 4,096 1,024 4,096 1,024 4,096

Llama-4-Maverick-17B-128E-Instruct-FP8 0.71 0.721 0.455 0.458 0.67 0.676
DeepSeek-V3-0324 0.775 0.938 0.475 0.509 0.772 0.821
Qwen2.5-72B-Instruct 0.612 0.614 0.154 0.161 0.438 0.449
Llama-4-Scout-17B-16E-Instruct 0.58 0.578 0.263 0.257 0.545 0.542
Llama-3.3-70B-Instruct 0.359 0.366 0.246 0.257 0.46 0.469
Qwen3-235B-A22B 0.786 0.806 0.348 0.368 0.705 0.732
phi-4 0.714 0.719 0.092 0.092 0.328 0.337
Qwen2.5-7B-Instruct 0.576 0.569 0.141 0.141 0.442 0.444
Qwen2-7B-Instruct 0.658 0.65 0.058 0.058 0.324 0.333
Qwen3-14B 0.705 0.743 0.254 0.268 0.696 0.746
Qwen3-30B-A3B 0.779 0.817 0.194 0.19 0.683 0.712
Qwen3-32B 0.754 0.781 0.083 0.085 0.527 0.522
Meta-Llama-3.1-8B-Instruct 0.181 0.183 0.02 0.02 0.194 0.203
Mistral-Small-24B-Instruct-2501 0.496 0.498 0.016 0.016 0.27 0.277
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D PROMPT

D.1 GENERATING GSM8K-SC

from pydantic import BaseModel

class ReasoningWithMistake(BaseModel):
reasoning_steps_with_one_mistake: List[str]
mistake_step: int
type_of_mistake: str
description_of_mistake: str
incorrect_answer: str

You are a helpful assistant that follow instructions. Output in
JSON format.

<question>
{question}
</question>

<reasoning_steps>
{reasoning_steps}
</reasoning_steps>

<answer>
{answer}
</answer>

<type_of_mistake>
{error_type}: {error_description}
</type_of_mistake>

You task is to introduce one mistake in step {mistake_step} in <
reasoning_steps> and arrive at an answer different from <answer>.
You will output:
- <reasoning_steps> with mistake
- the step that contains the mistake
- type of the mistake
- description of the mistake
- incorrect answer

Figure 11: Output schema, system prompt and prompt for generating GSM8K-SC dataset
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from pydantic import BaseModel

class Calculation(BaseModel):
incorrect_answer: float

You are a helpful assistant that follow instructions. Output in
JSON format.

<question>
{question}
</question>

<description_of_mistake>
{description_of_mistake}
</description_of_mistake>

<incorrect_reasoning>
{incorrect_reasoning}
</incorrect_reasoning>

You are given a question, a description of the mistake, and the
resulting incorrect reasoning.
Your task is to follow the incorrect reasoning to arrive at the
incorrect answer.

Figure 12: Output schema, system prompt and prompt for validating GSM8K-SC dataset

D.2 AUTOMATIC EVALUATION

from pydantic import BaseModel

class Evaluation(BaseModel):
is_correct_answer: bool
is_correct_reasoning: bool
is_backtracking: bool
is_admitting_mistake: bool

You are a helpful assistant that follow instructions. Output in
JSON format.

Figure 13: Output schema and system prompt for automatic evaluation of error in model
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# FOR SCLI5
<question>
{question}
</question>

<golden_answer>
{golden_answer}
</golden_answer>

<given_wrong_answer>
{given_wrong_answer}
</given_wrong_answer>

<completion_from_model>
{completion_from_model}
</completion_from_model>

The model was provided a wrong answer <given_wrong_answer>, and is
required to self correct and arrive at the golden answer.
You have to assess if <completion_from_model> :
- has backtracked
- has finally provided the answer that matches the <golden_answer>
- has provided correct reasoning
- has admitted the mistake.

# FOR GSM8K-SC AND PRM800K-SC
<question>
{question}
</question>

<golden_answer>
{golden_answer}
</golden_answer>

<given_wrong_reasoning>
{given_wrong_reasoning}
</given_wrong_reasoning>

<completion_from_model>
{completion_from_model}
</completion_from_model>

The model was provided a wrong step in the reasoning process <
given_wrong_reasoning>, and is required to self correct and arrive
at the golden answer.
You have to assess if <completion_from_model> :
- has backtracked
- has finally provided the answer that matches the <golden_answer>
- has provided correct reasoning
- has admitted the mistake.

Figure 14: Prompt for automatic evaluation of error in model
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from pydantic import BaseModel

class EvaluationErrorInUser(BaseModel):
is_correct_answer: bool
is_correct_critique: bool

You are a helpful assistant that follow instructions. Output in
JSON format.

Figure 15: Output schema and system prompt for automatic evaluation of error in user

# FOR SCLI5
<question_and_user_answer>
{question_and_user_answer}
</question_and_user_answer>

<golden_answer>
{golden_answer}
</golden_answer>

<response_from_model>
{response_from_model}
</response_from_model>

The model was provided with <question_and_user_answer> from user.
You have to assess if <response_from_model> :
- contains correct answer that matches the <golden_answer>
- contains correct critique of <question_and_user_answer>

# FOR GSM8K-SC AND PRM800K-SC
<question_and_user_reasoning>
{question_and_user_reasoning}
</question_and_user_reasoning>

<golden_answer>
{golden_answer}
</golden_answer>

<response_from_model>
{response_from_model}
</response_from_model>

The model was provided with <question_and_user_reasoning> from user
.
You have to assess if <response_from_model> :
- contains correct answer that matches the <golden_answer>
- contains correct critique of <question_and_user_reasoning>

Figure 16: Prompt for automatic evaluation of error in user
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E EXAMPLE OF SELF-CORRECTION BENCH

E.1 SCLI5

# error in user prompt
[

{
"content": "What is the answer of 20 + 1? The answer is 22.",
"role": "user"

}
]

# error in model response
[

{
"content": "What is the answer of 20 + 1?",
"role": "user"

},
{

"content": "The answer is 22.",
"role": "assistant"

}
]

E.2 GSM8K-SC

# error in user prompt
[

{
"content": "Harry slept 9 hours last night. His friend James slept only 2/3
of what Harry slept. How many more hours did Harry sleep than James? James
slept 9 hours / 2/3 = 13.5 hours. So, Harry slept 9 - 13.5 = -4.5 hours more
than James.",

"role": "user"
}

]

# error in model response
[

{
"content": "Harry slept 9 hours last night. His friend James slept only 2/3
of what Harry slept. How many more hours did Harry sleep than James?",
"role": "user"

},
{

"content": "James slept 9 hours / 2/3 = 13.5 hours. So, Harry slept 9 - 13.5
= -4.5 hours more than James.",

"role": "assistant"
}

]
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E.3 PRM800K-SC

# error in user prompt
[

{
"content": "A Senate committee has 5 Democrats, 5 Republicans, and 1
Independent. In how many ways can they sit around a circular table if all
the members of each party all sit next to each other? (Two seatings are
considered equivalent if one is a rotation of the other.) I notice that
there are three groups of people: Democrats, Republicans, and Independent. I
wonder how many ways I can arrange these groups around the circle, ignoring
the order within each group for now. I recall that the number of ways to

arrange n distinct objects around a circle is (n-1)!, since we can fix one
object and then permute the rest. So, for the three groups, there are (3-1)!
= 2! = 2 ways to arrange them around the circle. For example, one way is D-

R-I, and the other way is R-D-I, where D stands for Democrats, R for
Republicans, and I for Independent. Now, I need to consider the order within
each group. For the Democrats, there are 5! ways to order them in a line,

but only half of them are distinct around a circle, since reversing the
order gives the same seating. So, there are 5!/2 = 60 ways to order the
Democrats around a circle. Similarly, there are 60 ways to order the
Republicans around a circle. For the Independent, there is only one way to
order him or her around a circle. So, to get the total number of ways to
seat the committee, I need to multiply the number of ways to arrange the
groups by the number of ways to order each group. That gives me 2 x 60 x 60
x 1 = 7200 ways.",
"role": "user"

}
]
# error in model response
[

{
"content": "A Senate committee has 5 Democrats, 5 Republicans, and 1
Independent. In how many ways can they sit around a circular table if all
the members of each party all sit next to each other? (Two seatings are
considered equivalent if one is a rotation of the other.)",
"role": "user"

},
{

"content": "I notice that there are three groups of people: Democrats,
Republicans, and Independent. I wonder how many ways I can arrange these
groups around the circle, ignoring the order within each group for now. I
recall that the number of ways to arrange n distinct objects around a circle
is (n-1)!, since we can fix one object and then permute the rest. So, for

the three groups, there are (3-1)! = 2! = 2 ways to arrange them around the
circle. For example, one way is D-R-I, and the other way is R-D-I, where D
stands for Democrats, R for Republicans, and I for Independent. Now, I need
to consider the order within each group. For the Democrats, there are 5!
ways to order them in a line, but only half of them are distinct around a
circle, since reversing the order gives the same seating. So, there are 5!/2
= 60 ways to order the Democrats around a circle. Similarly, there are 60

ways to order the Republicans around a circle. For the Independent, there is
only one way to order him or her around a circle. So, to get the total

number of ways to seat the committee, I need to multiply the number of ways
to arrange the groups by the number of ways to order each group. That gives
me 2 x 60 x 60 x 1 = 7200 ways.",
"role": "assistant"

}
]
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