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Abstract

Chain-of-thought (CoT) prompting is widely
assumed to improve language model outputs,
yet recent work shows it can degrade
accuracy on tasks requiring implicit pattern
recognition.  Prior studies treat CoT as
a binary intervention and do not control
for confounds such as generation-budget
truncation and prompt-wording effects. We
introduce a three-condition depth manipulation
(no-CoT, short CoT, long CoT) and evaluate
five configurations of four model families
across artificial grammar learning (AGL) and
natural language inference (NLI), totaling
68,872 evaluations. = We report findings
spanning three categories. Core: (1) three
architectures produce three qualitatively
different depth-accuracy patterns on grammar;
(2) a taskxdepth crossover emerges within
individual models; (3) we decompose
CoT failure into mechanistically distinct
response-generation and reasoning failure.
Confound isolation: (4) the apparent collapse
is a generation-budget artifact; (5) response
failure is prompt-specific; (6) NLI findings
replicate on held-out stimuli. Novel analyses:
(7) item difficulty moderates CoT degradation,
with easy grammars suffering the largest drop
(—15.8 pp) while hard grammars lose only
—3.7pp; (8) cross-model error agreement
drops substantially under deep CoT, with
pairwise agreement falling from 72.7% to
42.3%; (9) cross-temperature response stability
collapses under long CoT, with only 2.8%
of items producing consistent outcomes
across three temperatures versus 79.4% under
short CoT. These results reveal that CoT
effects on implicit-pattern tasks are shaped
by the interaction of task structure, model
architecture, prompt wording, and generation
budget.

1 Introduction

Chain-of-thought (CoT) prompting (Wei et al.,
2022; Nye et al., 2021) has become a standard com-

ponent of language model inference. Reasoning-
native models embed extended deliberation directly
into decoding, assuming more reasoning yields
better outputs. A meta-analysis by Sprague et al.
(2025) challenged this, finding CoT benefits con-
centrate in mathematical and symbolic domains.
Liu et al. (2025) demonstrated that CoT reduces
accuracy on implicit-pattern tasks by up to 36
percentage points, drawing an analogy to the
verbal-overshadowing effect in human cognition
(Schooler and Engstler-Schooler, 1990).

Two critical questions remain. First, prior work
largely treats CoT as binary (present or absent),
though recent work on adaptive reasoning depth
(Jin et al., 2024; Muennighoff et al., 2025) has
begun exploring intermediate granularities. A
binary comparison cannot reveal non-monotonic
depth-accuracy relationships. Second, reported
failures have not been disentangled from experi-
mental confounds: generation budgets may trun-
cate reasoning traces, and specific prompt wordings
may trigger failure modes that alternative phrasings
avoid.

We address both questions with a three-condition
depth manipulation, five model configurations
spanning four families (including Qwen3-32B’s
think/no-think modes with identical weights), and
ablation studies isolating generation budget and
prompt wording as distinct contributors. We
additionally introduce three novel analyses: item-
difficulty moderation, cross-model error diver-
gence, and cross-temperature response stability.
Our nine contributions are enumerated in the
abstract.

2 Related Work

CoT prompting and its limits. CoT prompting
(Wei et al., 2022) improves mathematical and
symbolic tasks. Nye et al. (2021) introduced
scratchpads, and Kojima et al. (2022) showed zero-
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shot CoT achieves competitive results. However,
Sprague et al. (2025) found benefits are largely
confined to math and symbolic reasoning.

When CoT hurts. Liu et al. (2025) identi-
fied three archetypes where CoT reduces accu-
racy, drawing parallels to verbal overshadowing
(Schooler and Engstler-Schooler, 1990). They
classified NLI as CoT-safe because models possess
logical priors absent in humans (Khemlani and
Johnson-Laird, 2012). We extend their frame-
work with graded depth and ablations isolating
confounds.

Adaptive reasoning depth. Recent work has
moved beyond binary CoT toward controlling
reasoning length. Jin et al. (2024) proposed
token-budget-aware reasoning. Muennighoff et al.
(2025) introduced test-time compute scaling. Our
results complement this by identifying regimes
where less reasoning is more accurate.

Native reasoning modes. Qwen3 (Qwen
Team, 2025) supports think/no-think on identical
weights; DeepSeek-R1 (DeepSeek Al, 2025)
generates reasoning traces by default. No prior
study compares these toggles across graded depth
conditions.

3 Experimental Setup

Tasks. We evaluate on two tasks from Liu et al.
(2025). AGL: 100 finite-state grammars with
4,400 items requiring implicit pattern recognition.
NLI: 200 logical-consistency judgments following
Khemlani and Johnson-Laird (2012), plus 300
SNLI-derived items for replication. Chance: 50%.

Models. Five configurations span four fami-
lies (Table 1). The Qwen3-32B pair provides a
controlled manipulation: identical weights with
reasoning toggled by a prefix.

Depth conditions. We note that our three
conditions differ in both instructed depth and
prompt wording, a confound we partially address
through the prompt-wording ablation (§4.4):

* No-CoT: “Answer ONLY Yes or No.”

e Short CoT: “Think briefly, then answer

ONLY Yes or No.”

* Long CoT: “Carefully infer the grammar
rules, reason step by step, and explain your
reasoning. Then answer ONLY Yes or No.”

Protocol. All models accessed via OpenRouter
at temperature 0. We note this departs from official
Qwen3 guidance (which recommends non-zero
temperature) and may affect results for reasoning-

Table 1: Model configurations. The Qwen3 pair shares
identical weights.

Model Family Paradigm Params
Llama-3.3-70B Meta Standard 70B
Gemma-2-27B Google Standard 27B
Qwen3 (no-think)  Alibaba Hybrid 32B
Qwen3 (think) Alibaba Hybrid 32B
DeepSeek-R1 DeepSeek  Native 671B

Table 2: Raw accuracy (%) across all configurations.
Bold: best per row. Chance: 50%. DeepSeek-R1
evaluated on no-CoT grammar only ($0.02/call vs.
$0.0001 for others).

Model No-CoT Short Long
Llama 60.9 62.2 65.4
— Gemma 68.3 67.2 58.2
% Qwen3-NT 59.1 67.3 18.6
Qwen3-T 26.3 33.2 22.0
DSR1 48.7 n/a
Llama 50.0 51.0 46.0
5 Gemma 50.0 51.5 58.5
Z  Qwen3-NT 51.5 545 705
Qwen3-T 29.5 71.0 36.5

native configurations. Default budget: 800 tokens
for CoT, 50 for no-CoT. We completed 68,872
evaluations. Responses without extractable Yes/No
are response failures, counted as incorrect.

4 Results

4.1 Three Depth-Accuracy Patterns

Figure 1 presents accuracy across depth levels.
On grammar, three qualitatively distinct patterns
emerge. Llama improves monotonically
(60.9%—65.4%, p < 0.001). Gemma declines
gradually (68.3%—58.2%, p < 0.001) with zero
response failures, a pattern consistent with explicit
reasoning disrupting implicit pattern recognition.
Qwen3 (no-think) collapses from 67.3% to 18.6%,
predominantly from response-generation failure
(valid-only accuracy preserved at 63.9%). On NLI,
both Qwen3 and Gemma improve with long CoT
(Table 2).

4.2 TaskxDepth Crossover

A sign reversal occurs within individual models
(Figure 2). For Qwen3, long CoT shifts gram-
mar accuracy by —40.5 pp but NLI by +19.0 pp
(p < 0.001 for both). Gemma shows the same
directional crossover: grammar —10.1 pp, NLI
+8.5 pp. The three-level design reveals an inverted-
U on grammar: Qwen3’s accuracy increases at
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Figure 1: Accuracy vs. reasoning depth for four model configurations on AGL (blue) and NLI (red). Three
qualitatively different grammar patterns emerge: improvement (Llama), gradual decline with zero response failures
(Gemma), and response-generation collapse (Qwen3 no-think).
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Figure 2: Task xdepth crossover within Qwen3-32B (no-
think). Grammar follows an inverted-U; NLI improves
monotonically.

short CoT (59.1%—67.3%) before collapsing, a
non-monotonicity invisible to binary comparisons.
The NLI crossover replicates on 150 additional
SNLI pairs (Qwen3: 70.5%—70.3%).

4.3 Decomposing Failure

Table 3 decomposes performance, revealing three
mechanistically distinct patterns. Qwen3 (no-think)
on AGL: valid-only accuracy preserved (63.9%)
despite 18.6% raw accuracy, indicating response-
generation failure. Gemma on AGL: zero response
failures, indicating genuine reasoning degradation.
Qwen3 (think) on NLI: valid-only accuracy drops
from 75.5% to 43.5%, indicating the model reasons
into wrong conclusions. We note that conditioning
on response availability may select different item
subsets across conditions.

4.4 Ablation Studies

Generation budget. Re-evaluating 100 grammar
items at 2,000 and 4,000 tokens (Figure 3, left),
the response rate rises from 29% to 100% and raw
accuracy from 18.6% to 66.7%. Valid-only accu-
racy remains stable (62-67%), though different

Table 3: Decomposing raw accuracy (%) into response
rate and valid-only accuracy.

Cond. Raw Resp. Valid
No-CoT 591 100  59.1
ggin}NT Short 673 100 673
Long 186 291  63.9
No-CoT 295 390 756
SVLVf“}T Short 710 940 755
Long 365 840 435

response subsets may contribute.

Prompt wording. Testing alternative prompts
on 880 items (Figure 3, right), “infer rules” yields
29% response rate, “think carefully” 72%, “analyze
systematically” 94%. Valid-only accuracy is
constant (62—64%). This demonstrates that prompt
wording strongly modulates response-generation
behavior independently of instructed depth, and
that rule-articulation instructions specifically trig-
ger verbose traces that exhaust the budget.

4.5 Qualitative Error Analysis

To understand the behavioral patterns underly-
ing long-CoT failures, we manually analyzed 50
randomly sampled Qwen3 (no-think) long-CoT
grammar failure traces and identified four cate-
gories. Token exhaustion (40%): the reasoning
trace reaches the generation limit mid-sentence.
Spurious rule construction (30%): the model
invents explicit rules the FSG does not impose
(e.g., “all strings must be exactly 7 characters”) and
rejects valid strings accordingly. Under short CoT,
the same model correctly classifies the same items
without constructing rules. Premature negative
default (14%): the model defaults to “No” as the
token limit approaches. Overgeneralization (16%):
surface-level patterns lead to incorrect acceptance.
The spurious-rule-construction pattern is consistent
with the hypothesis that explicit rule articulation
can override implicit pattern recognition, though
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Figure 3: Left: Generation-budget ablation. The collapse disappears at 4,000 tokens. Right: Prompt-wording
ablation. “Analyze systematically” raises response rate from 29% to 94%. Valid-only accuracy is constant for both.

we acknowledge this behavioral observation does
not conclusively establish the underlying mecha-
nism.

4.6 Item Difficulty Moderates CoT
Degradation

We binned 100 FSGs into difficulty tiers by mean
no-CoT accuracy across models. We acknowledge
that using the same models’ performance to define
difficulty introduces potential circularity.

Figure 4 reveals a striking asymmetry. For
Llama, CoT helps most on hard items (+7.3 pp).
For Gemma, easy grammars suffer the largest
degradation (—15.8 pp) while hard grammars de-
cline only —3.7pp. One interpretation is that
on easy patterns where Gemma’s implicit system
achieves 76.4%, explicit reasoning disrupts a well-
functioning process, while on hard patterns there is
less to disrupt. However, we note that alternative
explanations (e.g., ceiling effects, regression to the
mean) cannot be ruled out without independent
difficulty estimates.

4.7 Cross-Model Error Divergence

We computed pairwise agreement on AGL items
under no-CoT and long CoT (Figure 5). Agreement
drops sharply from 72.7% (no-CoT) to 42.3% (long
CoT) for Llama vs. Qwen3. Under the reported
long-CoT accuracies, the marginal-independence
baseline for this pair is approximately 40.3%,
placing the observed 42.3% slightly above, not
below, this baseline. The finding is therefore not
anti-correlation, but rather a sharp reduction in
agreement: models that largely agree under no-CoT
diverge substantially under deep CoT, suggesting
that CoT-induced failure patterns differ across
model families.

4.8 Cross-Temperature Response Stability

We evaluated Qwen3 (no-think) on 432 matched
AGL items at temperatures 0, 0.3, and 0.5. Short
CoT achieves 79.4% full consistency, no-CoT
73.8%. Long CoT drops to 2.8% (Figure 6). This
low value is substantially driven by stochastic
response failure: with response rates of 28-32%,
the probability of all three producing a valid
response under independence is approximately
2.7%. Among the 52 items with valid responses
at both t=0.3 and ¢=0.5, agreement is 59.6%,
indicating genuine answer variability beyond re-
sponse availability. The practical implication
remains: at non-zero temperatures, long CoT on
implicit-pattern tasks produces unstable outputs
compared to short CoT.

5 Discussion

Extending prior work. Our graded design re-
veals a non-monotonic depth-accuracy relationship
invisible to binary comparisons (Liu et al., 2025).
The ablations show that generation-budget con-
straints and prompt-wording effects are substantial
contributors to previously reported CoT failures.
Practical implications. The optimal depth
varies by model and task: Llama achieves best AGL
accuracy with long CoT, Gemma with no-CoT,
and Qwen3 with short CoT. For configurations
where long CoT degrades performance, short
CoT offers a favorable trade-off: comparable
valid-only accuracy, 100% response rate, and
substantially greater cross-temperature stability.
The difficulty moderation finding suggests adaptive
depth selection could optimize efficiency.
Interpretive caution. While we draw parallels
to verbal overshadowing (Schooler and Engstler-
Schooler, 1990), our behavioral evidence does not
conclusively establish this mechanism. Alterna-
tive explanations, including task-specific prompt
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Item Difficulty Moderates CoT Degradation on AGL
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Figure 4: Item difficulty moderates CoT degradation. Gemma: easy grammars drop —15.8 pp; hard only —3.7 pp.

Llama: opposite pattern.

Cross-Model Agreement on AGL

No-CoT Long CoT

Llama Gemma Qwen3

Figure 5: Cross-model agreement on AGL items drops
sharply from 72.7% (no-CoT) to 42.3% (long CoT).
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Figure 6: Cross-temperature consistency. Long CoT:
2.8% (largely driven by response failure). Even among
valid responses, agreement is only 59.6%.

sensitivity and generation-budget interactions, may
account for some observed patterns. Future work
should investigate the internal representations un-
derlying these effects.

Future directions. The cross-model diver-
gence under deep CoT raises the possibility that
heterogeneous model ensembles or dynamic rout-
ing architectures could mitigate individual models’
CoT failure modes. Extending to additional task
archetypes from Liu et al. (2025) and to closed-
source models would strengthen generalizability
claims.

6 Conclusion

The relationship between CoT depth and
performance is shaped by the interaction of task
structure, model architecture, prompt wording,
and generation budget. On implicit-pattern tasks,

apparent catastrophic failure is predominantly
a response-efficiency problem compounded by
prompt-specific effects. Genuine reasoning
degradation exists but is gradual, and its severity
varies by item difficulty. These results underscore
that configuring reasoning depth appropriately for
task demands is itself an important design decision
for NLG systems.

Limitations

We evaluate two of six task archetypes from
Liu et al. (2025); extending to remaining tasks
is important future work. All main results use
temperature 0, departing from official guidance
for Qwen3 and DeepSeek-R1. DeepSeek-R1 was
evaluated on one condition only. The difficulty
analysis uses non-independent estimates, invit-
ing regression to the mean. The 4,400 AGL
items are clustered within 100 grammars; our
item-level tests do not account for this clustering,
and grammar-clustered analyses would provide
more conservative estimates. The qualitative
error analysis is based on a single annotator’s
categorization of 50 traces.

Ethical Considerations

This work evaluates publicly available models
on existing benchmarks without involving human
subjects or generating harmful content.

Data Availability

All datasets derive from the publicly
released benchmark of Liu et al. (2025).
Code, prompts, and all 68,872 per-item
model outputs are available at https:

//github.com/2005-Aneeshdutt/
cot-reasoning-depth.
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