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Abstract

Chain-of-thought (CoT) reasoning has become
a default paradigm across reasoning-intensive
tasks and is widely assumed to be, at worst,
harmless. Recent efficient-reasoning work
treats unnecessary CoT purely as a cost to be
reduced. We show that in boundary-dense clas-
sification tasks such as content moderation and
toxicity detection, CoT is instead actively harm-
ful. We identify the overthinking effect: ex-
tended reasoning amplifies weak surface sig-
nals into false evidence of violation, inflating
false positive rates on ambiguous non-violating
samples while its gains on ambiguous violating
samples mask the harm in aggregate metrics.
To address this, we propose OREKI, an adaptive
CoT framework that uses K-fold cross-probing
to label per-sample reasoning necessity and
fine-tunes on a mixture of full-reasoning and
reasoning-skipped formats. Across four base
models on video moderation and multi-label
toxicity detection, OREKI preserves CoT’s re-
call gains while suppressing its false positive
inflation, outperforming both Always-CoT and
Never-CoT. On toxicity detection, it cuts low-
agreement false positive rate from 0.467 to
0.257 while raising overall F1 from 0.792 to
0.851.

1 Introduction

Chain-of-Thought (CoT) reasoning has emerged
as a dominant paradigm for enhancing language
model performance. Its strong track record across
reasoning-intensive domains has fostered a general
assumption that reasoning is, at worst, harmless.
Yet this aggregate view has left its effect on any sin-
gle domain underexamined, particularly boundary-
dense classification, a setting structurally unlike
those where CoT was established. In this work,
we challenge this assumption by showing that for
boundary-dense classification tasks such as con-
tent moderation and toxicity detection, CoT can
systematically degrade performance.

The belief that reasoning is at worst harm-
less rests on its strong empirical track record.
Reasoning-native models such as DeepSeek-R1
(Guo et al., 2025) and OpenAI o1 (Jaech et al.,
2024) generate intermediate steps before produc-
ing answers, achieving substantial gains on math-
ematical, logical, and scientific benchmarks. Re-
cent work questions this belief only on efficiency
grounds: Zhang et al. (2025) and Lou et al. (2025)
show that reasoning models can skip thinking on
simple problems without accuracy loss, enabling
CoT selectively to reduce inference cost. Such
work frames unnecessary reasoning as wasteful but
harmless, leaving open a more basic question: can
reasoning itself degrade predictive performance?

This question matters because classification dif-
fers structurally from the tasks where CoT was
validated. Indeed, a large-scale meta-analysis finds
that CoT’s benefits concentrate in mathematical
and symbolic reasoning, with limited gains else-
where (Sprague et al., 2025). In mathematical rea-
soning, answers are unique and valid solution paths
are well-defined, so CoT is either a useful aid or
harmless overhead. Boundary-dense classification
offers no such anchor: when a substantial fraction
of samples lie near decision boundaries and anno-
tators disagree, there is no single correct reasoning
path for ambiguous inputs. On such inputs, we find
CoT not merely unhelpful, but actively harmful. We
term this the overthinking effect: extended reason-
ing amplifies weak surface signals into false evi-
dence of violation, systematically increasing false
positive rates on ambiguous non-violating samples.
Unlike prior use of the term to denote wasted com-
putation on easy problems (Chen et al., 2024), the
overthinking effect we study is a quality failure:
reasoning does not merely cost more, it changes
the answer for the worse. Figure 1 illustrates this
effect on two benign inputs, where disabling CoT
recovers the correct decision.

To isolate this effect, we introduce an agreement-
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The Overthinking Effect: Chain-of-Thought Talks Itself Into a False Violation

CASE 1: Video (Ear-cleaning ASMR Clip) CASE 2: Image (Digital Drawing Screenshot)

Input
Video Clip (various ear-
pick tools shown, but no ear 
wax actually removed)

Input
Screenshot (A drawing app 
with an anime line-art sketch)

CoT-off: answers directly — correct CoT-on: reasons first — false positive 

Reasoning-off Reasoning-offReasoning-on

Core Findings: On two benign inputs, the same model answers correctly with reasoning off but flags a 
violation with reasoning on.  Turning CoT off recovers the correct decision

Path 1 -Direct- : Correct Verdict Path 2 -Reasoning- : Overthinking

Reasoning-on

Scene Type: Real footage
Content Identification: Cover shows a close-up of an 
ear-pick tool cleaning inside the ear canal. Following 
frames show the ear-cleaning process throughout, 
using various tools (feather stick, ear pick, etc.). 
Clearly a wax-digging scene.

Scene Type: Digital-drawing software interface
Content Identification: At the center of the canvas 
is a hand-drawn anime female character line sketch. 
The character is fully nude; At the lower body the 
lines clearly outline the structure of the female 
genitals. The chest area has outline lines only, with 
no nipples drawn.Rule Match: Disgust-relief. The frames clearly and 

directly show the wax-digging process. Rule Match: Exposed genitalia; Female nudity; 

Direct Verdict:
No violation

Direct Verdict:
No violation

Disgust-relief Exposed genitalia; 
Female nudity

Final Answer Final Answer 

Figure 1: The overthinking effect in content moderation. On two benign inputs, Gemini-3.0-Flash answers
correctly with reasoning off but flags a violation with reasoning on. Each trace begins with a correct observation,
then amplifies a weak surface cue into false evidence of a violation. The harm is intrinsic to the reasoning itself:
turning CoT off recovers the correct decision.

based analysis framework that partitions test sam-
ples by annotator agreement. The partition reveals
a striking asymmetry: CoT-on and CoT-off per-
form nearly identically on high-agreement samples,
whereas on low-agreement non-violating samples
CoT substantially inflates false positives. Aggre-
gate metrics hide this asymmetry, because CoT’s
simultaneous recall gains on ambiguous violating
samples partially cancel the harm in overall F1.

To address the overthinking effect, we propose
OREKI1, an adaptive CoT framework that learns
when to reason. OREKI uses K-fold cross-probing
to empirically determine each training sample’s
CoT necessity, then trains the model on a mixture
where CoT-necessary samples retain full reasoning
chains and CoT-unnecessary samples use a brief
meta-reasoning template. At inference time, the
model autonomously decides whether to engage
reasoning based on input complexity. On a video
moderation dataset, OREKI achieves F1=0.915, out-
performing both Always-CoT (0.900) and Never-
CoT (0.902). On multi-label toxicity detection, it
reduces low-agreement false positive rate (FPR)

1Named after Houtarou Oreki from the anime Hyouka,
whose philosophy is “I don’t do anything I don’t have to.”

from 0.467 (Always-CoT) to 0.257 while preserv-
ing recall.

In summary, our key contributions are as fol-
lows: (1) We identify the overthinking effect in
boundary-dense classification and show it is in-
trinsic to CoT rather than a fine-tuning artifact,
establishing a failure mode distinct from the effi-
ciency concerns of prior work. (2) We introduce
an agreement-based analysis framework that par-
titions samples by annotator agreement to reveal
when CoT helps versus harms, applicable to any
classification task with measurable disagreement.
(3) We propose OREKI, an adaptive CoT method
that learns per-sample reasoning necessity and out-
performs both Always-CoT and Never-CoT across
four models, two datasets, and varying task com-
plexity.

2 Related Work

Chain-of-Thought. Wei et al. (2022) demon-
strated that generating intermediate reasoning steps
substantially improves language model perfor-
mance on arithmetic, commonsense, and symbolic
tasks, an effect that emerges even zero-shot (Ko-
jima et al., 2022). Reasoning-native models such as
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OpenAI o1 (Jaech et al., 2024) and DeepSeek-R1
(Guo et al., 2025) push this further, internalizing
extended thinking through large-scale RL, achiev-
ing state-of-the-art on mathematical and scientific
benchmarks.

Efficient Reasoning. While effective, CoT rea-
soning incurs substantial inference cost. Most work
addresses this by reducing reasoning length via
SFT with variable-length reasoning data (Kang
et al., 2025; Xia et al., 2025; Cui et al., 2025;
Liu et al., 2024), RL with length penalties (Shen
et al., 2025; Arora and Zanette, 2026; Aggarwal
and Welleck, 2025; Luo et al., 2025; Team et al.,
2025), or prompt-level token budgets (Han et al.,
2025; Xu et al., 2025; Lee et al., 2025; Renze and
Guven, 2024; Ma et al., 2025). Rather than shorten-
ing reasoning, a separate line of work learns to by-
pass it entirely on easy inputs. Zhang et al. (2025)
use constrained RL with importance sampling to se-
lect between thinking and no-thinking modes based
on problem difficulty. Lou et al. (2025) formulate
adaptive triggering as Pareto optimization with se-
lective loss masking. Zhan et al. (2025) introduce a
lightweight judge step to determine thinking neces-
sity before generation. These methods improve effi-
ciency but share one assumption: unnecessary CoT
is merely redundant, so reasoning should be gated
by problem difficulty. We depart from this view on
both axes. The harm we identify is a quality failure,
not a cost, so gating should track whether a sample
needs reasoning rather than how hard it is. OREKI

therefore learns per-sample CoT necessity through
empirical probing rather than difficulty heuristics.

Content Moderation. Content moderation has
evolved from keyword filters and discriminative
classifiers (Markov et al., 2023) to LLM-based sys-
tems that interpret policy guidelines directly from
prompts (Inan et al., 2023; Mullick et al., 2023;
Palla et al., 2025). A key advantage of genera-
tive approaches is interpretability: by producing
reasoning chains alongside decisions, they offer
transparency that black-box classifiers lack. Ma
et al. (2023) show that fine-tuning LLMs with CoT
annotations alleviates overfitting even when rea-
soning is suppressed at inference, framing CoT as
a beneficial regularizer. Building on this insight,
recent industrial systems adopt CoT as a default
component: Lu et al. (2025) deploy VLMs with
CoT reasoning for short video moderation at scale,
and Li et al. (2026) combine policy-aligned rea-
soning with hierarchical labeling for multimodal

Method Viol. (R ↑) Non-viol. (FPR ↓) P R F1
High Low High Low

CoT-on .778 .651 .114 .450 .550 .678 .607
CoT-off .559 .387 .057 .244 .591 .424 .494

∆ +.219 +.264 +.057 +.206 −.041 +.254 +.113

Table 1: Qwen3.5-4B (no fine-tuning) on the Civil-
Comments test set, partitioned by annotator agree-
ment (toxicity_score): high-/low-agreement violat-
ing (score ≥ 0.8 / 0.5 ≤ score < 0.8) and high-/low-
agreement non-violating (score ≤ 0.2 / 0.2 < score
< 0.5). ∆ is CoT-on minus CoT-off. CoT roughly dou-
bles FPR on both non-violating partitions.

moderation (Yang et al., 2026). These works uni-
formly treat reasoning as beneficial for moderation
quality. We show that this consensus breaks down
on ambiguous content, where default CoT inflates
false positives, and offer an adaptive remedy rather
than always-on reasoning.

3 Motivation

Before developing our method, we establish that
the overthinking effect is intrinsic to CoT reason-
ing rather than an artifact of fine-tuning. We study
the simplest possible setting: a base model eval-
uated with CoT enabled versus disabled, without
any training. The central difficulty is that aggre-
gate metrics hide the effect, since CoT helps am-
biguous violating samples while hurting ambigu-
ous non-violating ones, so the two partially can-
cel. We therefore partition test samples by anno-
tator agreement and examine CoT’s effect within
each partition, measuring agreement either through
multi-annotator labels or through consensus among
strong independent models.

Specifically, we use CivilComments (Borkan
et al., 2019), a toxicity detection dataset where each
sample carries a toxicity_score, the fraction of
annotators who labeled it toxic. This continuous
score provides a natural measure of sample ambi-
guity without requiring additional annotation. We
frame the pilot as binary toxicity detection (toxic
vs. non-toxic) and evaluate Qwen3.5-4B on the full
test set (24,048 samples), generating 5 responses
per sample with CoT enabled and disabled, report-
ing majority-vote results.

As illustrated in Table 1, CoT improves re-
call on toxic samples by 22–26 points, but FPR
roughly doubles on both non-toxic groups (0.057
to 0.114 on high-agreement; 0.244 to 0.450 on
low-agreement). On ambiguous non-toxic inputs,
CoT over-interprets surface features as evidence of
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toxicity, a direct manifestation of the overthinking
effect. Crucially, this emerges from the base model
without any fine-tuning, confirming that the effect
originates in CoT reasoning itself, not in any train-
ing procedure. In §5, we show this effect persists
after SFT across four base models and two datasets,
and that adaptive reasoning can mitigate it. This
motivates OREKI.

4 Oreki

OREKI consists of two stages: (1) a K-fold cross-
probing procedure that labels each training sam-
ple’s CoT necessity without data leakage, and (2)
adaptive supervised fine-tuning on the labeled mix-
ture, where CoT-necessary samples retain full rea-
soning chains and CoT-unnecessary samples use a
brief meta-reasoning template. We describe each
stage below.

4.1 K-fold Cross-Probing for CoT Necessity
Given a training set D = {(xi, yi)}Ni=1, we
aim to assign each sample a binary label li ∈
{cot, no-cot} indicating whether CoT reasoning
improves its prediction. An alternative is to use a
stronger model as an oracle to judge sample diffi-
culty, but this transfers poorly: what a large model
finds trivial may still challenge a smaller model,
and general-purpose models often lack the domain-
specific knowledge required for specialized classi-
fication tasks. We therefore probe the target model
itself. To avoid data leakage from probing on mem-
orized training samples, we adopt a K-fold cross-
probing strategy.

We partition D into K equal folds
{D1, . . . ,DK}. For each fold k, we fine-
tune a model Mk on D \ Dk, then probe each
held-out sample xi ∈ Dk by generating R
responses in both CoT-on and CoT-off modes. We
aggregate via majority vote (Wang et al., 2022) to
obtain binary correctness signals ccot

i and cno-cot
i ,

and assign each sample a CoT necessity label
according to the rule in Table 2. Algorithm 1
summarizes the full procedure.

4.2 Adaptive Supervised Fine-Tuning
Given the per-sample labels (distribution detailed
in Appendix A), we construct a mixed training set
where the response format varies by CoT necessity:
• cot samples: full reasoning chain, i.e.,
<think>{reasoning}</think>{answer}

• no-cot samples: a brief meta-reasoning
template, i.e., <think>Features are

ccot
i cno-cot

i Label

✓ ✓ no-cot (unnecessary)
✓ × cot (beneficial)
× ✓ no-cot (harmful)
× × cot (give CoT a chance)

Table 2: CoT necessity labeling rules. A sample is
labeled cot only when CoT demonstrably helps or when
both modes fail (defaulting to the richer signal).

Algorithm 1 K-fold Cross-Probing for CoT Neces-
sity Labeling

Require: Training setD, fold count K, repetitions
R

Ensure: Labeled set {(xi, yi, li)} where li ∈
{cot, no-cot}

1: Partition D into K folds {D1, . . . ,DK}
2: for k = 1 to K do
3: Fine-tune modelMk on D \ Dk

4: for each (xi, yi) ∈ Dk do
5: Generate R responses with CoT; ccot

i ←
majority_vote

6: Generate R responses without CoT;
cno-cot
i ← majority_vote

7: Assign li according to Table 2
8: end for
9: end for

clear; no step-by-step analysis
needed.</think>{answer}

We use a meta-reasoning template rather than an
empty <think></think> tag. The empty tag pro-
vides no learning signal about when or why reason-
ing should be skipped; the model may still generate
extended reasoning despite the empty prefix. The
explicit template instead teaches a recognizable
“skip” pattern tied to input clarity.

We fine-tune the base model directly on this
adaptive mixture. The model learns from both for-
mats simultaneously: on cot samples it practices
full reasoning, and on no-cot samples it learns the
meta-reasoning shortcut. At inference time, the
model autonomously decides whether to engage
full reasoning or skip based on input complexity.
Compared with the global, manual thinking / non-
thinking switch that many recent LLMs expose,
OREKI learns to set this toggle per sample and
folds the decision into the model itself, supplying
the input-conditional policy such modes lack.
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Model Method Violating (R ↑) Non-violating (FPR ↓) P R F1
High-Agr. Low-Agr. High-Agr. Low-Agr.

VidMod

Qwen3.5-4B
Always-CoT 0.899 0.714 0.041 0.216 0.918 0.883 0.900
Never-CoT 0.888 0.636 0.030 0.137 0.941 0.866 0.902
OREKI 0.906 0.701 0.030 0.127 0.943 0.888 0.915

Qwen3.5-9B
Always-CoT 0.920 0.766 0.046 0.196 0.917 0.907 0.912
Never-CoT 0.916 0.753 0.041 0.127 0.930 0.902 0.916
OREKI 0.919 0.792 0.036 0.127 0.937 0.908 0.922

Qwen3-VL-4B
Always-CoT 0.881 0.701 0.039 0.157 0.927 0.866 0.895
Never-CoT 0.914 0.766 0.034 0.137 0.937 0.901 0.919
OREKI 0.931 0.792 0.046 0.167 0.921 0.919 0.920

InternVL3.5-4B
Always-CoT 0.918 0.792 0.094 0.313 0.851 0.907 0.878
Never-CoT 0.889 0.714 0.035 0.157 0.932 0.874 0.902
OREKI 0.909 0.831 0.042 0.196 0.921 0.902 0.911

CivilComments

Qwen3.5-4B
Always-CoT 0.923 0.820 0.088 0.467 0.736 0.858 0.792
Never-CoT 0.934 0.779 0.030 0.287 0.826 0.835 0.831
OREKI 0.939 0.812 0.028 0.257 0.845 0.858 0.851

Qwen3.5-9B
Always-CoT 0.952 0.863 0.120 0.523 0.715 0.896 0.795
Never-CoT 0.935 0.826 0.045 0.373 0.789 0.866 0.825
OREKI 0.968 0.886 0.077 0.459 0.755 0.916 0.828

Qwen3-VL-4B
Always-CoT 0.939 0.849 0.111 0.513 0.718 0.882 0.792
Never-CoT 0.928 0.863 0.063 0.401 0.775 0.887 0.827
OREKI 0.951 0.844 0.049 0.396 0.781 0.883 0.829

InternVL3.5-4B
Always-CoT 0.937 0.810 0.175 0.573 0.674 0.856 0.754
Never-CoT 0.940 0.842 0.065 0.404 0.771 0.878 0.821
OREKI 0.957 0.840 0.062 0.421 0.767 0.883 0.821

Table 3: Results on VidMod and CivilComments multi-label across four base models. Samples are grouped by
annotator agreement (High-/Low-Agr.) crossed with the ground-truth label; we report Recall on violating and FPR
on non-violating samples within each partition, plus overall P/R/F1. Always-CoT consistently inflates Low-Agr.
non-violating FPR (the overthinking effect) across all backbones. OREKI suppresses this inflation while preserving
recall, attaining the best or tied-best F1 in all eight settings. Bold marks the best P/R/F1 per backbone.

5 Experiments

5.1 Setup
Datasets. We evaluate on two classification tasks.
(1) VidMod: a content moderation dataset from
a major online video platform covering 3 major
categories and 22 fine-grained violation types, with
12,002 training and 2,116 test samples. Each sam-
ple consists of video frames, a text prompt, and
ASR transcripts. Its content is predominantly Chi-
nese with a smaller English portion, and labels
come from trained in-house moderators who an-
notate each sample independently under a uni-
fied policy, with disagreements resolved by senior
moderators. (2) CivilComments (Borkan et al.,
2019): a public, English-language multi-label tox-
icity detection dataset with 5 sub-labels (insult,
identity_attack, obscene, threat, sexual_explicit)
plus non-toxic. Each sub-label carries a continu-
ous annotator agreement score in [0, 1], the fraction

of its roughly ten crowd annotators who endorse
that label, and we use threshold ≥ 0.5 for positive
labels. Since the original dataset contains no rea-
soning annotations, we sample 9,958 training and
3,378 test examples via stratified sampling across
(sub-label × score-bin) to construct a manageable
subset for CoT generation. For both datasets, rea-
soning chains are generated by Gemini-3.0-Flash
and quality-checked by Gemini-3.1-Pro, GPT-5.4,
and Qwen-Max (Zheng et al., 2023). We also vali-
date this supervision by hand: annotators reviewed
100 CivilComments chains, sampled evenly across
the four agreement partitions (25 each), and judged
96 of them sound and the remaining 4 borderline.

Implementation Details. Our main experiments
are based on four base models: Qwen3.5-4B,
Qwen3.5-9B, Qwen3-VL-4B, and InternVL3.5-4B.
We fine-tune each for 1 epoch with learning rate
1 × 10−5, micro-batch size 16, and global batch
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size 128, on 4×A100 GPUs. K-fold probing uses
K = 5 folds with R = 3 repetitions per sample,
generated under each model’s recommended decod-
ing settings. At test time the trained model carries
none of this probing overhead: it self-gates in a
single forward pass with no external router, and by
reasoning only on inputs its labels mark as neces-
sary, generates fewer reasoning tokens per input
than Always-CoT.

Agreement Partitioning and Metrics. Follow-
ing the agreement-based framework introduced
in §3, we partition test samples to isolate CoT’s
effect on ambiguous versus clear-cut cases. For
VidMod, we define agreement using consensus
among three strong models (Qwen-Max, Gemini-
3.0-Flash, GPT-5.4). A sample is high-agreement
if all three models agree with the ground truth,
and low-agreement otherwise. For CivilComments,
we directly use the native annotator agreement
scores: high-agreement violating (score ≥ 0.8),
low-agreement violating (0.5 ≤ score < 0.8), low-
agreement non-violating (0.2 < score < 0.5), and
high-agreement non-violating (score ≤ 0.2). We
report recall on violating samples and FPR on non-
violating samples within each agreement partition,
along with overall precision, recall, and F1. For
brevity, we abbreviate the four partitions as HA-
V/LA-V (high-/low-agreement violating) and HA-
NV/LA-NV (high-/low-agreement non-violating).

5.2 Main Results

Table 3 reports agreement-partitioned results for
Always-CoT, Never-CoT, and OREKI across all
four base models. On high-agreement samples,
all three methods perform comparably, as these
clear-cut cases leave little room for reasoning to
help or hurt. The key divergence appears on low-
agreement samples. Across all four backbones,
Always-CoT lifts recall on ambiguous violating
inputs but inflates FPR on non-violating ones: com-
pared to Never-CoT, enabling CoT raises LA-NV
FPR from .137 to .216 on VidMod and from .287
to .467 on CivilComments for Qwen3.5-4B. This
inflation holds across all backbones, confirming
that the overthinking effect is robust rather than an
artifact of any single model. Never-CoT avoids this
inflation but forfeits recall on low-agreement vio-
lating inputs. OREKI combines both advantages: it
matches Always-CoT’s recall on these inputs while
cutting LA-NV FPR well below Always-CoT (e.g.,
.467→.257 on CivilComments and .313→.196 on

Method CoT F1 LA-V LA-NV
rate R ↑ FPR ↓

Always-CoT 100% .792 .820 .467
Never-CoT 0% .831 .779 .287
Rate-matched random 12.88% .825 .784 .310
Lightweight router (F1) 50.95% .810 .812 .398
Lightweight router (rate) 13.77% .827 .789 .314
OREKI 12.88% .851 .812 .257

Table 4: Routing baselines on CivilComments
(Qwen3.5-4B), at OREKI’s inference budget or trained
on its probing labels. Rate-matched random isolates
which samples are routed; the lightweight router iso-
lates internalizing the decision into the model. OREKI
attains the best F1 and the lowest LA-NV FPR while
using CoT on only 12.88% of inputs.

InternVL3.5-4B/VidMod), and attains the best or
tied-best F1 in all eight settings.

5.3 Further Analysis

To further analyze where OREKI’s advantage
comes from, we run two controlled experiments
that ask whether the gain stems from its probing
signal or merely from reasoning less often (Table 4).
The first, rate-matched random routing, skips the
same 12.88% of samples as OREKI but at random;
this alone lifts F1 only to .825, short of OREKI’s
.851, so the gain lies in which samples bypass rea-
soning, not in how often. The second, a lightweight
router trained on the same probing labels but kept
as a separate classifier, tests the value of internal-
ization: tuned for F1 it over-triggers (a 50.95%
CoT rate), and even when rate-matched it still trails
OREKI (.827 vs. .851). OREKI, which instead folds
the routing decision into the model itself, is the
only method to push LA-NV FPR down to .257,
below even the reasoning-free Never-CoT (.287),
while essentially matching Always-CoT’s recall on
ambiguous violations (.812 vs. .820).

Beyond where the gain comes from, we also ver-
ify that it is stable rather than run-specific. Across
three training seeds (CivilComments, Qwen3.5-
4B), the defining recall–FPR combination barely
moves: LA-V recall .811 ± .010, LA-NV FPR
.260± .018, and overall F1 .849± .002. The prob-
ing stage that produces OREKI’s labels is equally
consistent: the CoT-necessary share stays within
19.8–21.6% across the five folds, and a single draw
(R=1) agrees with the R=3 majority on 94.5–
94.8% of samples, with the few remaining disagree-
ments confined to the ambiguous LA-V/LA-NV
samples where R=3 helps most.
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Method Viol. (R ↑) Non-viol. (FPR ↓) P R F1
High Low High Low

Always-CoT .828 .720 .136 .455 .715 .774 .744
Never-CoT .924 .806 .052 .409 .780 .865 .820

Table 5: CivilComments binary classification (Qwen3.5-
4B, after SFT), on the same test set as Table 3 with labels
collapsed. Never-CoT dominates Always-CoT across
all metrics, indicating CoT is purely harmful when the
decision boundary is simple.

5.4 Online Deployment

OREKI now runs in the production moderation
pipeline of a major online video platform, handling
the platform’s entire moderation stream of millions
of daily submissions. It reached full production
through a standard staged rollout, first serving a
small traffic slice that we monitored for moderation-
quality regressions and then, once this canary phase
showed no adverse effects, taking over the full
stream. To isolate its impact we compare the week
before with the week after this rollout, looking only
at the affected violation categories, which under-
went no other pipeline changes in that window so
that the reported movements are not confounded
by concurrent releases.

Both metrics we track move as our offline anal-
ysis predicts. The effective-problem rate of the
human-review queue, the fraction of auto-flagged
items that reviewers confirm as genuine violations,
rises by 22.7 percentage points, so fewer benign
items reach a reviewer; meanwhile user negative-
feedback rates on recommended content fall across
all three violation categories: 0.047%→0.030%
(Category 1), 0.028%→0.017% (Category 2), and
0.005%→0.0038% (Category 3). This is the dual
benefit our analysis anticipated: by engaging rea-
soning only when warranted, OREKI suppresses
the false positives that inflate review-queue load
under Always-CoT while preserving the recall that
keeps genuine violations from reaching users.

5.5 Effect of Task Complexity

To investigate how task complexity interacts with
the overthinking effect, we additionally evaluate
on a binary version of CivilComments (toxic vs.
non-toxic).

As shown in Table 5, when the task is re-
duced to binary classification, Never-CoT domi-
nates Always-CoT across all metrics (F1: .820
vs. .744): with a single coarse decision boundary,
reasoning adds no useful discrimination and only

manufactures false positives, lowering recall and
raising FPR. The multi-label results in Table 3 qual-
ify this verdict. As the label space grows to six
fine-grained classes, CoT begins to earn its keep,
recovering recall on low-agreement violating (LA-
V) samples that require separating closely related
categories. Its harm, however, does not abate: FPR
inflation on low-agreement non-violating (LA-NV)
samples is nearly identical in both settings (.455
binary, .467 multi-label). Task complexity thus
governs only how much compensating benefit CoT
delivers; the overthinking harm stays an essentially
fixed cost. OREKI exploits precisely this asymme-
try, paying the cost of reasoning only where its
benefit materializes.

6 Conclusion

In this work, we identify the overthinking ef-
fect: in boundary-dense classification, CoT inflates
false positives on ambiguous non-violating inputs,
a harm masked by aggregate metrics yet robust
across models, datasets, and task complexity. To
address it, we propose OREKI, an adaptive CoT
framework that uses K-fold cross-probing to label
per-sample reasoning necessity and fine-tunes the
model to engage CoT only when beneficial. On
video moderation and multi-label toxicity detec-
tion, OREKI outperforms both Always-CoT and
Never-CoT, demonstrating that learning when not
to think is as important as learning to think well.

Limitations

The overthinking effect is not limited to small mod-
els: Gemini-3.0-Flash exhibits it as well (Figure 1).
While our results consistently demonstrate both
the effect and the effectiveness of OREKI, we note
three scope limitations. First, due to computational
constraints, we train and evaluate OREKI only on
base models up to the 9B scale; whether its adap-
tive training scales to substantially larger models
(e.g., 27B and beyond) remains an open question
we leave to future work. Second, OREKI introduces
an additional training-time compute cost: the K-
fold probing stage trains K intermediate models
at roughly K× the cost of a single run (5× here).
This cost is one-time and offline, and it adds no
overhead at inference. Third, OREKI treats reason-
ing as a binary choice, either full CoT or none. Yet
our analysis shows that a harmful trace typically
starts from a correct observation and only later
amplifies a weak surface cue into false evidence
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(Figure 1), which suggests an intermediate regime:
reasoning that halts before it begins to inflate noise.
Learning when to stop reasoning, rather than only
whether to start, is a promising direction we leave
to future work.

Ethics Statement

The VidMod dataset is built from real-world user-
generated content, which inevitably contains sensi-
tive information. We strictly followed data privacy
regulations and platform compliance requirements:
all samples passed through an anonymization and
de-identification pipeline that removes facial bio-
metrics and user metadata before any training or
evaluation, and the public CivilComments bench-
mark is used under its original license. VidMod
was annotated by a team of professional content
reviewers. Because moderation labeling exposes
workers to disturbing and explicit material, all an-
notators were informed in advance of the nature
of the content, gave written consent, were compen-
sated at fair rates consistent with local regulations,
and could opt out at any time. To limit misuse,
and because it contains sensitive user content, the
VidMod dataset is not publicly released; we report
only aggregate, de-identified metrics.

Definitions of harm and the strictness of enforce-
ment are inherently normative and vary across
cultures, jurisdictions, and platforms. The vio-
lation categories used here are platform-specific,
grounded in national regulations and user feedback
rather than offered as universal standards. A mod-
eration system can improve user safety but could
also be repurposed to suppress legitimate speech
or probed to evade enforcement. We therefore cau-
tion that no automated moderator should serve as
a sole arbiter in high-stakes decisions, and recom-
mend retaining human oversight over automated
enforcement.
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A Probing Label Distribution

Violating Non-violating Total

cot 417 619 1,036 (8.6%)
no-cot 4,561 6,405 10,966 (91.4%)

Table A1: K-fold probing label distribution on the VidMod training set.

K-fold probing labels only 8.6% of VidMod training samples as CoT-necessary. For the remaining
91.4%, the probed model is already correct without reasoning. This skew is what drives the overthinking
effect under Always-CoT: reasoning is forced on over 90% of samples that never needed it, and on the
ambiguous non-violating ones it manufactures false positives.

B Overthinking Case Studies

To make the overthinking effect concrete, we present five cases where the same backbone (Gemini-3.0-
Flash) classifies a benign input correctly with reasoning disabled, yet flags a violation once reasoning is
enabled. Each box shows the input, both verdicts, and the chain of thought that manufactures the violation.
The three text cases are drawn from CivilComments and the two multimodal cases from VidMod; all carry
a ground-truth non-violating label, and the text cases all sit at a low toxicity score of 0.2. We reproduce
the full reasoning for the CivilComments cases, but only an excerpt for the VidMod cases, as their chains
of thought quote the platform’s proprietary moderation guidelines.

Case 1 — CivilComments (toxicity score 0.2)

Input. “Here’s the line for the country song again. ‘Well he whipped out his .223, I guess that means he had a teeny tiny
pee pee, and I’m getting tired of running and hiding from the Mandalay Bay.’ Use it as a gift from me to country music.”
Human annotation scores. sexual_explicit 0.3, insult 0.1, obscene 0.1, identity_attack 0.0, threat 0.0.
CoT-off: non-violating ✓ CoT-on: insult ✗

Reasoning. “The comment contains a mocking reference to a person’s anatomy (‘teeny tiny pee pee’), which qualifies as a
rude and disrespectful attack on a person. Therefore, it fits the category of an insult.”

Case 2 — CivilComments (toxicity score 0.2)

Input. “There were no transgender inmates demanding hormone treatment until PC liberalism hit the scene. What a way to
get some attention.”
Human annotation scores. identity_attack 0.3, insult 0.0, obscene 0.0, threat 0.0, sexual_explicit 0.0.
CoT-off: non-violating ✓ CoT-on: identity_attack, insult ✗

Reasoning. “The comment targets transgender inmates, a protected group, by dismissing their medical needs (hormone
treatment) and their identity as merely ‘attention-seeking’ behavior resulting from ‘PC liberalism.’ This constitutes negative
targeting and a disrespectful portrayal of a protected identity group. Insult: disrespectful and dismissive, characterizing a
group’s identity and medical needs as a ploy for attention; a rude attack. Identity_attack: negatively targets ‘transgender
inmates’ (a protected identity group) by delegitimizing their identity and needs.”

Case 3 — CivilComments (toxicity score 0.2)

Input. “It’s long past time that Patwant Singh was deleted.”
Human annotation scores. threat 0.2, insult 0.0, identity_attack 0.0, obscene 0.0, sexual_explicit 0.0.
CoT-off: non-violating ✓ CoT-on: insult ✗

Reasoning. “The comment ‘It’s long past time that Patwant Singh was deleted’ is an aggressive and disrespectful statement
directed at an individual. In online discourse, the term ‘deleted’ when applied to a person can either mean their social
media account should be banned/removed or, in more violent contexts, serve as a dehumanizing euphemism for death or
removal from existence. Insult: a rude and disrespectful attack on the person, implying they are so unwanted that they
should be ‘deleted’ (erased/removed); dehumanizing and disparaging.”
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Case 4 — VidMod, video game footage

Input. A clip from a video-game livestream of the Soulslike game Where Winds Meet.
CoT-off: non-violating ✓ CoT-on: gore game ✗

Reasoning excerpt. “The video contains an obvious game UI . . . identified as game footage . . . The cover directly shows
the boss ‘executing’ the player character, accompanied by a blood-splatter effect . . . Conclusion: violated.”

Case 5 — VidMod, beard-waxing video

Input. A video demonstrating facial waxing to remove beard hair. Due to privacy constraints, and since the person’s face
occupies most of the frame, we do not show the frames. The cover is a close-up of the chin while waxing off the beard;
later frames show the waxing process and the cleaned skin afterward, with no violating content.
CoT-off: non-violating ✓ CoT-on: trypophobia ✗

Reasoning excerpt. “The cover . . . shows densely packed beard roots . . . after the wax is torn off, the chin shows densely
distributed red follicle bleeding spots . . . the beard is extremely dense and readily triggers discomfort in sensitive viewers
. . . Conclusion: violated.”
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