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Abstract

Large Language Models (LLMs) acquire rea-
soning capabilities through shared inference
patterns in pre-training data, which are fur-
ther elicited via Chain-of-Thought (CoT). How-
ever, whether fundamental reasoning patterns,
such as induction, deduction, and abduction,
can be decoupled from specific problem in-
stances remains a critical challenge for model
controllability. In this paper, we present the
first systematic investigation of this problem
through the lens of reasoning conflicts, an ex-
plicit tension between parametric and contex-
tual information induced by mandating logi-
cal schemata that deviate from those expected
for a target task. Our evaluation reveals that
LLMs consistently prioritize sensibility over
compliance, favoring task-appropriate reason-
ing patterns despite conflicting instructions. We
further demonstrate that reasoning conflicts are
internally detectable, as confidence scores drop
during conflicting episodes. Probing experi-
ments confirm that reasoning types are linearly
encoded from middle-to-late layers, indicating
the potential for activation-level controllabil-
ity. Leveraging these insights, we steer models
towards compliance, increasing instruction fol-
lowing by up to 29%. Overall, our findings es-
tablish that while LLM reasoning is anchored to
concrete instances, active mechanistic interven-
tions can effectively decouple logical schemata
from data, offering a path toward improved con-
trollability, faithfulness, and generalizability.1

1 Introduction

Recent work has shown that Large Language Mod-
els (LLMs) acquire fundamental reasoning capa-
bilities by leveraging shared inference patterns and
procedural knowledge within their pre-training data
(Ruis et al., 2025). These capabilities, further
elicited via Chain-of-Thought (CoT) prompting,
offer remarkable performance on logical reasoning

1The experimental code can be found in: https://
github.com/Xingwei-Tan/compliance_sensibility

benchmarks (Wei et al., 2022; Kojima et al., 2022;
Sprague et al., 2025). By prompting the model to
generate a step-by-step sequence of intermediate
thoughts, CoT enables LLMs to decompose com-
plex problems and justify their final answer.

However, it is unclear whether the inference
patterns employed during CoT derive from gen-
eralizable, disentangled reasoning capabilities or
remain intrinsically tied to the specific tasks and
instances observed during pre-training. Standard
CoT typically leaves the choice of the actual rea-
soning mechanism entirely up to the model. The
LLM acts as a black box in deciding whether to
deploy deductive, inductive, or abductive reasoning
(Walton, 2001). If it naturally selects the correct
reasoning strategy for the task, this autonomy is
highly effective. But the lack of explicit structural
controllability raises robustness and faithfulness
issues. If a user accidentally applies the wrong
prompt template, or malevolently injects an ad-
versarial instruction forcing a suboptimal logical
path, it is not clear how models react. When a
human is handed a problem and told to use an in-
appropriate reasoning schema such as deduction
for an ambiguous abductive mystery, they rely on
meta-reasoning and cognitive flexibility to handle
the conflict (Ackerman and Thompson, 2017; Dia-
mond, 2013). Humans continuously monitor their
own reasoning processes (Nelson, 1990; Lemaire
and Siegler, 1995), hence they might recognize the
mismatch and switch to the task-appropriate rea-
soning, or attempt to follow the request, realize it
is failing, then revise it mid-thought. It is currently
unknown how LLMs navigate this exact tension,
leading to a fundamental, yet underexplored, re-
search question: How robust and controllable is
LLM reasoning when forced into a conflict between
instruction compliance and logical sensibility?

To answer this question, we first prepare a
testbed consisting of logical reasoning questions
that only require one of the fundamental reasoning
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Figure 1: Reasoning instructions are used to induce reasoning conflicts. Then, we evaluate the sensibility and
compliance of the responses.

types: deduction, induction, and abduction (Table
1). Then, we evaluate how LLMs react to instruc-
tions that align or conflict with the task-appropriate
reasoning. Our experiments reveal that a reasoning
conflict between compliance (i.e., following the
instruction) and sensibility (i.e., task-appropriate
reasoning) indeed exists: models often face a ten-
sion between a user’s reasoning instructions and
their own internal priors. To understand this phe-
nomenon, we provide a mechanistic analysis via
probing to demonstrate that LLMs successfully en-
code and understand reasoning instructions in their
middle-to-late layers. We show that the decision
to comply or diverge is an active process that be-
gins mid-computation. Finally, we use Contrastive
Activation Addition (CAA) (Rimsky et al., 2024)
to showcase that reasoning compliance can be aug-
mented during inference. Our contributions are as
follows:

• Comprehensive Systematic Evaluation: We
conduct the first rigorous assessment of rea-
soning conflicts across three open-source
model families and two frontier LLMs on four
logical reasoning datasets, presenting a com-
prehensive evaluation of how LLMs direct
their reasoning on diverse logical questions.

• Mechanistic Analysis of Reasoning Prompt-
ing: We provide the first in-depth investiga-
tion into the interplay between a user’s reason-
ing instructions and an LLMs’ own internal
priors for reasoning. Furthermore, we quan-
tify instruction compliance under varying rea-
soning types and instruction settings.

• Enhancing Reasoning Compliance via
Steering: We explore the efficacy of steer-

ing mechanisms in augmenting model com-
pliance which shows steering can enhance the
reasoning type compliance by up to 29%.

2 Related Work

2.1 Fundamental Logical Reasoning in LLMs
Although LLMs have demonstrated remarkable
reasoning capabilities on math, such as GSM8K
(Cobbe et al., 2021), they still face various issues in
logical reasoning or soft reasoning (Sprague et al.,
2025; Liu et al., 2025b; Sun and Saparov, 2025).
Recent work has shown that there is no one-size-
fits-all reasoning strategy for LLMs, and they need
to reason adaptively based on the context (Zheng
et al., 2025). Xu et al. (2025) evaluate the fun-
damental reasoning paradigms and reveal a sub-
stantial performance gap: models frequently fail
to identify the correct reasoning direction, particu-
larly in abductive and mixed-form tasks. Liu et al.
(2025a) find similar gaps persist in inherently rea-
soning models such as DeepSeek-R1 (Guo et al.,
2025) and Qwen3 (Yang et al., 2025). This struggle
is further evidenced in real-world claim verifica-
tion, where even frontier LLMs fail on abductive
reasoning questions (Dougrez-Lewis et al., 2025).
Recent efforts examine the structural interplay be-
tween the reasoning types, and investigate how
different fundamental reasoning paradigms induce
generalization or enhance LLMs’ reasoning (Hu
et al., 2025; Cao et al., 2026).

2.2 Chain-of-Thought Faithfulness
A growing body of evidence suggests that CoT fre-
quently fails to faithfully describe the model’s in-
ternal reasoning process (Turpin et al., 2023; Chen
et al., 2025). This discrepancy is often character-
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ized as a lack of causal dependence, where the
generated rationale serves as a post-hoc justifica-
tion rather than a functional roadmap to the final
answer (Lanham et al., 2023; Siegel et al., 2024).
Recent studies on soft-reasoning tasks indicate that
while CoT may be unfaithful, it can still impose
an active guidance effect on LLMs’ output (Lewis-
Lim et al., 2025), even if that guidance does not
follow a direct causal link (Tutek et al., 2025).

Our work is related to injecting misleading cues
to detect unfaithfulness (Turpin et al., 2023; Chua
and Evans, 2025), but we pivot the focus toward
reasoning compliance. While prior research has in-
vestigated whether models verbalize known causal
features (Bao et al., 2025), it remains unclear how
the verbalization relates to a model’s ability to ad-
here to a mandated logical schema. By explor-
ing how CoT influences predictions when a model
either acknowledges or unfaithfully omits an ex-
plicit structural cue, we move beyond simple error-
testing (Lanham et al., 2023) to investigate the fun-
damental reasoning conflicts between user instruc-
tions and internal model priors. This is particularly
important for high-stake domains, such as the legal
domain, where users would like full transparency
on the reasoning process and full control on the
reasoning schema (Kelsall et al., 2026).

2.3 Mechanistic Interpretation and Model
Steering for Logical Reasoning

Recent mechanistic interpretation studies suggest
that instruction-following and task-specific logic
are often localized within residual stream activa-
tions, typically maturing in the middle-to-late lay-
ers of the transformer architecture (Belrose et al.,
2025; Nanda et al., 2023). To bridge the gap be-
tween understanding these representations and con-
trolling them, model editing is a lightweight and
flexible alternative to fine-tuning (Hughes et al.,
2026). While early applications focused on mit-
igating toxicity or enhancing safety, recent work
applies these methods to reasoning. For instance,
Valentino et al. (2026) adopt Conditional Activa-
tion Steering (Lee et al., 2025) to mitigate content
effects. While prior steering research often tar-
gets binary attributes, we test CAA (Rimsky et al.,
2024) to the more abstract domain of reasoning
compliance by sampling responses on our reason-
ing conflict testbed.

3 Methodology

3.1 Problem Formulation

We aim to measure how controllable is LLM rea-
soning when forced into a conflict between instruc-
tion compliance and logical sensibility in logical
reasoning problems. We denote q as a question
that requires logical reasoning and a as its correct
answer. We assume q is associated with an a priori
known suitable reasoning type t, which is predeter-
mined by the dataset’s creators. t can be deductive,
inductive, or abductive reasoning. An instruction
gt (defined in §3.2) is formulated that includes a
mandated fundamental reasoning type t′ for guid-
ing the LLMs to reason and answer the question.
These instructions are presented as part of the in-
context prompt that will be fed into the LLMs. The
answer generation process is formulated as:

P (r̂, â) = LLM(q, gt′), t
′ ∈ {De., In., Ab.} (1)

where â is the generated final answer, and r̂ is the
reasoning chain generated by CoT. Finally, we au-
tomatically infer the reasoning type t̂ used in r̂,
and compare it with the mandated and suitable rea-
soning types, t′ and t respectively. When t̂ = t′,
the model is compliant (C). When t̂ = t, the
model is sensible (S). In some of the experiment
settings, we intentionally prompt with gt′ , t

′ ̸= t
to induce a reasoning conflict. Although part of
a long-form generation may contains a secondary
reasoning type, our formulation operates under a
Dominant Reasoning Mode assumption to build a
controlled testbed for analyzing our research ques-
tion. We define t̂ as the most prominent reasoning
type that contributes directly to the final answer.
All questions that we include in the experiments
are specifically designed to be answered with only
one reasoning type.

3.2 Prompting for Reasoning Controllability

As prompting is the most accessible way a user
would interact with an LLM, we first test reasoning
controllability in-context via prompting. We want
to quantify how well LLMs understand fundamen-
tal reasoning types, and how well they can perform
them based on basic instructions. For that purpose,
we construct zero-shot prompts gt to control rea-
soning by showing LLMs the high level definition
of the available reasoning types, and the general
steps to perform them. Table 1 shows the prompts
for deductive, inductive and abductive reasoning.
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Type Prompt

Deductive You are a logician tasked with performing deductive
reasoning. You are given a general rule and specific
observations. Your task is to apply the general rule to
the observations to derive a logically certain conclusion.
Provide a detailed reasoning process leading to your
conclusion.

Inductive You are a logician tasked with performing inductive
reasoning. You are given a set of observations. Your task
is to infer the most probable general rule that explains
all observations. Then, use the inferred rule to make
predictions about new observations. Provide a detailed
reasoning process leading to your conclusion.

Abductive You are a logician tasked with performing abductive
reasoning. You are given a general rule and an obser-
vation. Your task is to generate the most probable and
simplest hypothesis that, if true, would logically explain
all the observations provided. Provide a detailed reason-
ing process leading to your conclusion.

Table 1: Prompts for controlling LLMs’ reasoning.

3.3 Automated Reasoning Type Classification

Given a generated CoT r̂, we classify the reason-
ing type t′ employed by the model as deductive,
inductive or abductive. Since this is challenging
and expensive for manual annotation, as models
often produce verbose and structurally ambiguous
outputs, we use the LLM-as-a-Judge framework
(Zheng et al., 2023).

We present the generated CoT to a frontier model
using a zero-shot instruction: What type of reason-
ing is the following process? To formalize the
judge’s output, we employ a rule-based parser that
maps responses into four categories: Deductive,
Inductive, Abductive, or Direct (no intermediate
reasoning). The Cohen’s κ agreement between
humans and GPT-5.1 is 0.84. Notably, we find
that frontier models are highly sensitive to lexical
mimicking, where an LLM superficially echoes
terms from the reasoning instructions (e.g., “logi-
cally certain” for deduction or “most probable” for
abduction) without executing the corresponding
logical operations (see §5.4). The details of judge
verification can be found in Appendix D, where we
also show the confusion matrices of the labels.

Finally, based on the comparison between the
mandated and generated CoT reasoning type, each
response is further categorized into the following
four categories:

• Sensible and Compliant (S ∩ C): The model
adopts the instructed reasoning type, which
happens to be the task-appropriate one.

• Sensible but Non-Compliant (S ∩ ¬C): The
model ignores the reasoning instruction and
defaults to the task-appropriate type.

• Compliant but Non-Sensible (¬S ∩ C): The
model follows the instruction even when it
is logically ill-suited for the task (e.g., using
induction for a deductive logic puzzle).

• Neither Sensible nor Compliant (¬S ∩ ¬C):
The model uses an unrelated reasoning type.

3.4 Steering for Reasoning Controllability

We adopt model steering to enhance the control-
lability of LLMs by guiding them towards com-
pliance with the reasoning instructions t′. We use
CAA (Rimsky et al., 2024) to identify the param-
eters of the LLM that are responsible for reason-
ing. CAA modifies internal activations during infer-
ence without updating model parameters. It effec-
tively enables fine-grained control of sycophancy,
refusal, and instruction-following behaviors (Stolfo
et al., 2025). Given multiple pairs of contrastive re-
sponses (rp, rn) of the question q (target behavior
and the opposite), a steering vector v is generated
by computing the Mean Difference of the residual
stream activations at a specific layer.

vMD =
1

|D|
∑

(q,rp,rn)∈D

(hL(q, rp)− hL(q, rn)) , (2)

where hL(·) is the activation at layer L and D the
training dataset. During inference, the steering
vector is added to the corresponding layer at every
token position. A multiplier (coefficient) µ controls
the intensity and direction of the effect.

To obtain a steering vector of instruction com-
pliance, we collect compliant and non-compliant
responses as contrastive pairs by sampling reason-
ing responses with the prompts in Table 1 on the
training datasets with 3 random seeds. Then, the
LLM judge introduced in §3.3 determines whether
the responses are compliant. To make sure that
only the reasoning compliance is contrasted, we
marginalize the effects of final answer correctness
and instructed type by only pairing those responses
with the same correctness and instructed type.

4 Experimental Setup

4.1 Models

We evaluate two frontier proprietary models: GPT-
5.1 (OpenAI, 2025) and GEMINI3-FLASH (Gem-
ini, 2025). Three famil of state-of-the-art open-
weight LLMs are also included in our experiments:
OLMO (Olmo, 2025), QWEN, and LLAMA. We
compare smaller versions (7B/8B), larger version
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(32B/70B), instruct version, and thinking version of
these open-weight LLMs. For QWEN, we include
the results with thinking mode on and off.

4.2 Data
We evaluate the LLMs across four datasets specifi-
cally selected to represent the fundamental reason-
ing types: deduction, induction, and abduction.

FOLIO (Deduction): A first-order logic dataset
containing textual premises and claims (Han et al.,
2024). Models must determine the truth value of
a claim based strictly on the provided logical con-
straints. We utilize FOLIO as a benchmark for
deductive reasoning, where conclusions must fol-
low necessarily from established premises.

SPR (Induction): The Sequence Pattern Recog-
nition (SPR) task requires models to predict the
subsequent element in a numerical sequence gov-
erned by recurring arithmetic operations (Hu et al.,
2025). This task serves as a proxy for inductive rea-
soning, requiring the model to generalize a latent
rule from observed patterns.
αNLI (Abduction): The Abductive Natural Lan-

guage Inference (αNLI) dataset presents a story’s
beginning and ending, requiring the model to select
the most plausible intermediate hypothesis from
two options (Zhao et al., 2023). This represents
abductive reasoning, which is about inference to
the best explanation.

RECV (Deduction+Abduction): Reasoning
in Evidence-based Claim Verification (RECV)
dataset consists of real-world claim verifica-
tion tasks sourced from Wikipedia and Twitter
(Dougrez-Lewis et al., 2025). Unlike the other
benchmarks, every RECV question is associated
with a human-annotated reasoning type, providing
a diverse testbed for reasoning compliance.

4.3 Evaluation
Task Accuracy. We extract the final answer from
the generated output via a rule-based parser that
matches the special tags we put in the prompt tem-
plate (Appendix C, Table 3). Then, the answer is
compared against the gold answer to compute the
final answer accuracy.

Sensibility and Compliance. We classify CoT
r̂ with the LLM judge introduced in §3.3, and com-
pare against t and t′ to acquire the sensibility and
compliance rates respectively (see §3.1). We use
GPT-5.1 API with 0.1 temperature as a judge for
models other than GPT-5.1, then use GEMINI3-
FLASH to judge GPT-5.1.

Confidence Estimation. As textual CoT may be
unfaithful, it is necessary to also analyze signals be-
yond textual generation. We start with measuring
the confidence for generating answer a′ to quantify
how the reasoning conflict impact the LLM’s inter-
nal states. P (True) (Kadavath et al., 2022) let an
LLM generate a response with the original prompt
(the reasoning instructions in our case), then ask
a follow-up question in the same conversation: Is
the answer (A) True or (B) False. The confidence
score can thus be extracted as the probability of
generating the token A. The full prompt details are
shown in Appendix C.

Probing for Reasoning. To examine whether
reasoning instructions are encoded in the model’s
internal states, we apply linear probing to the resid-
ual stream activations of the open LLMs. For each
response generated under the reasoning instruc-
tions, we collect hidden states from every trans-
former layer after the feed-forward block, restrict
the representation to the question span, and obtain
one vector per layer by mean-pooling over the span
tokens. On top of these frozen representations,
we train independent multi-class linear probes to
predict: 1) the instructed reasoning type, 2) the
judge-inferred reasoning type, and 3) the reasoning
is compliant or not. Probe performance is mea-
sured layer-wise using accuracy and macro-F1, and
we summarize each model family by the strongest
probe layer and by the full layer-wise curves.

5 Results

5.1 Revealing Difficulty in Controllability

LLMs prioritize logical sensibility over instruc-
tion compliance. As illustrated in Fig. 2, our
aggregated results across all datasets, all instructed
reasoning types, and random seeds reveal a clear
hierarchy: LLMs consistently prioritize logical sen-
sibility over instruction compliance. On average,
models opt for the reasoning type that matches the
task requirements in 43.5% of cases (S ∩ ¬C). In
contrast, models exhibit total compliance by follow-
ing the instructed type at the expense of task appro-
priateness in only 18.6% of instances (¬S∩C). We
find that stray reasoning, where the model utilizes
a framework that is neither sensible nor compli-
ant, is notably rare, occurring in only 5.7% of the
samples. This “Neither” category consistently ac-
counts for less than 10% of total outputs across all
tested models. Furthermore, we observe a correla-
tion with model scale: larger models demonstrate a
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Figure 2: Whether the reasoning is sensible (S) or compliant (C) based on the LLM judge.

Figure 3: Proportion of sensible vs. compliant CoT
across models. Larger circles represent larger LLMs.

higher degree of “logical grounding”, reducing the
frequency of outputs that fall into the non-sensible,
non-compliant quadrant.

Reasoning sensibility scales with model sizes,
with notable exceptions. As shown in Fig. 3, rea-
soning sensibility generally improves with model
scale. GPT-5.1 exhibits the highest sensibility
score (88.1%), whereas LLAMA3.1-8B-IT is the
least sensible (58.2%). However, this scaling
trend is not universal. Most notably, the QWEN3
with thinking mode off demonstrates nearly iden-
tical sensibility rates (73.5% vs. 73.9%), de-
spite QWEN3-32B possessing a four-fold increase
in parameters over the 8B variant. Moreover,
GEMINI3-FLASH underperforms relative to its pa-
rameter class, trailing behind LLAMA3.3-70B-IT
and OLMO3.1-32B-IT. These results suggest that
while increased sizes typically fosters more sen-
sible reasoning, architectural choices and specific
instruction-tuning recipes play an essential role in
determining a model’s logical grounding.

Instruction compliance is family-dependent
and parameter-agnostic. Our results (Fig. 3)
indicate that compliance rates diverge greatly

across model families. Model scale serving as
an unreliable predictor of instruction compliance.
LLAMA3.1-8B-IT achieves a substantially higher
compliance rate (65.1%) than all other evaluated
models, while OLMO3-7B-IT exhibits the lowest
(39%). Within the QWEN3 and OLMO3 lineages,
we observe standard scaling, where the 32B vari-
ants outperform their 8B/7B counterparts in compli-
ance. Conversely, the LLAMA family demonstrates
an inverse trend: LLAMA3.1-8B-IT is notably
more compliant than the much larger LLAMA3.3-
70B-IT. This high variance across families and
the non-monotonic relationship with model size
suggest that compliance is primarily driven by spe-
cific post-training methodologies rather than their
scales.

Models with build-in thinking are generally
more sensible and less compliant. Based on Fig.
2 and 3, QWEN models have higher sensible rate
when turning the thinking mode on. On the other
hand, switching thinking mode on makes the com-
pliant rate lower. The larger thinking OLMO also
has a lower compliant rate. This indicate a sub-
stantial behavior difference between the build-in
thinking and the CoT outside of the thinking tags.

Logical sensibility is the primary determi-
nant of task accuracy. As illustrated in Fig. 4,
LLMs consistently achieve higher accuracy when
their reasoning is sensible, regardless of instruc-
tion compliance (i.e., the sensible/compliant and
sensible/non-compliant cohorts). Due to its lim-
ited frequency, we exclude the fourth category (not
sensible/not compliant) from this analysis as it is
not sufficient for statistical significance testing (Fig.
2). This disparity is most pronounced on the FO-
LIO dataset, where sensible CoT maintains a 20%–
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Figure 4: The average accuracies of the final answers with respect to the categories.

40% accuracy lead over the compliant/not sensi-
ble category. Conversely, the RECV dataset ex-
hibits marginal gaps, with differences across all
categories falling below 20%. At the model level,
GEMINI3-FLASH displays relatively uniform accu-
racy across the three cohorts, with the notable ex-
ception of its compliant/not sensible performance
on FOLIO. This suggests that GEMINI3-FLASH

may rely more heavily on internal heuristics, with
its generated CoT serving primarily as post-hoc jus-
tification rather than functional reasoning steps. In
Appendix G, we show the numeric accuracies in Ta-
ble 6, and the accuracies grouped by the instructed
reasoning types in Table 7.

5.2 Confidence Reflects Internal Reasoning
Conflicts

Instruction compliance is positively correlated
with model confidence. To look beyond the textual
reasoning chains induced by our instructions, we
investigate the relationship between reasoning com-
pliance and the internal confidence of the LLMs.
We quantify confidence using the p(True) proba-
bility of the final answer, aggregated across the six
open-weight instruction LLMs over three instruc-
tions and three random seeds per dataset. To isolate
the impact of compliance from the correlation be-
tween accuracy and confidence, we marginalize
the effect of correctness by grouping results into
correct and incorrect cohorts (Table 2).

Correctness Compliant Not Compliant ∆ p value

Incorrect 0.5664 0.4831 0.0833 3e-14
Correct 0.7116 0.6937 0.0179 5e-13

Table 2: Average p(True) confidence scores of compli-
ant reasoning and not compliant reasoning grouped by
incorrect or correct final answers.

Our analysis reveals that p(True) confidence of
the compliant responses is significantly higher than
the non-compliant ones (p < 0.05), regardless of
the final answer’s correctness. However, the effect
size (Cohen’s d) is 0.09 on the correct responses
and 0.12 on the incorrect responses. These re-
sults indicate that reasoning conflicts do not cause
catastrophic drop in model confidence, but they
introduce a subtle frictional drag that is mathe-
matically verifiable during the response generation.
The significance in the confidence drop during non-
compliant episodes still implies that models main-
tain an internal awareness of the provided instruc-
tions, which imposes an implicit influence on the
generation process even when the model ultimately
defaults to a different reasoning paradigm. This
motivates us to further conduct mechanistic analy-
sis of the internal activation.

5.3 Mechanistic Analysis

Fig. 5 shows reasoning compliance is moderately
decodable from the model’s hidden states, with de-
coding accuracy typically peaking in the middle
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Figure 5: The probing scores across layers for complicant vs. non-compliant binary classification.

and late layers for OLMO and QWEN. This sug-
gests that the signal for compliance strengthens as
the forward pass progresses. In our preliminary
experiment, we also probe the instructed reasoning
type and judge-inferred reasoning type (Appendix
E). Compared to them, compliance is a weaker and
less linearly accessible property of the internal state.
These results show that although the LLMs robustly
encode the instructed reasoning types, whether they
eventually comply with it is a weaker and more en-
tangled property of the internal state.

Based on the probing results (Fig. 5 and Ap-
pendix E), we can identify the middle layers as the
primary site for encoding reasoning paradigms, we
applied CAA to layers 14–17 of OLMO3-7B-IT.
This model was specifically chosen for interven-
tion due to its baseline status as the least compliant
model in our study (Fig. 3). As shown in Fig.
6a, applying steering vectors with a positive multi-
plier (µ) greatly increases the compliance rate, with
the effect scaling alongside µ. This is particularly
evident when forcing inductive and deductive in-
structions on αNLI questions, where steering suc-
cessfully overrides the model’s natural abductive
inclination. However, the impact on task accuracy
(Fig. 6b) reveals a complex trade-off. For abductive
instructions, accuracy drops as µ increases; qualita-
tive analysis suggests this is due to a “task-neglect”
side effect, where the model becomes so focused
on the steered reasoning type that it fails to follow
formatting constraints (e.g., enclosing the final an-
swer in the required tags). Interestingly, for induc-
tive and deductive instructions, accuracy follows
a non-monotonic trend: initially declining before
reaching an upward peak as compliance is enforced.
Finally, we observe that steering with a negative µ
consistently improves accuracy across all instruc-
tion types. Such “anti-steering” also makes LLMs
resort to direct answer (Fig. 6c), potentially re-
ducing the cognitive friction caused by conflicting

reasoning. The steering results on FOLIO (Fig. 7)
also show a generally similar trend, where the com-
pliance rate of deductive instruction is substantially
increased. Moreover, the accuracies on all three
instructed reasoning type are greatly improved with
larger µ. More steering results on other datasets
and models are in Appendix F.

Example 1

To determine the validity of the conclusion “Montana
is home to the city of Missoula” based on the given
premises, let’s analyze each premise step by step and
apply abductive reasoning to find the most probable
and simplest hypothesis that explains all observations.
[...] Given the direct statement in premise 2 that “The
state of Montana includes the cities of Butte, He-
lena, and Missoula”, we have explicit information
supporting the conclusion that Montana is home to
the city of Missoula. The other premises either pro-
vide additional context that does not contradict this
conclusion or introduce information about other loca-
tions that do not directly impact the conclusion about
Missoula. Therefore, based on the premises provided,
the conclusion that “Montana is home to the city of
Missoula” is supported directly by premise 2 and is
not contradicted by any other premise.

5.4 Case Study

Example 1 shows the output of LLAMA3.3-70B-IT

when explicitly instructed to use abductive reason-
ing. Notably, the model exhibits a form of lex-
ical mirroring: it incorporates key abductive ter-
minology from the prompt (e.g., “most probable”
and “simplest hypothesis”) to signal compliance.
However, the internal logic later pivot to deduc-
tive logical entailment to reach the final answer.
This suggests that while the model knows the re-
quested reasoning is inappropriate for the task, its
true reasoning process is masked behind a com-
pliant textual facade. Our LLM judge correctly
identifies the reasoning type as deductive, despite
the model’s self-proclamation of abduction.
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(a) Compliance Rate (b) Final Answer Accuracy (c) Direct Answer Ratio.

Figure 6: The impact of multiplier µ on α-NLI when steering the layer 14-17 of OLMO3-7B-IT.

(a) Compliance Rate (b) Final Answer Accuracy (c) Direct Answer Ratio

Figure 7: The impact of multiplier µ on FOLIO when steering the layer 14-17 of OLMO3-7B-IT.

6 Conclusion

We characterized the reasoning conflict in LLMs,
showing that while they successfully encode rea-
soning instructions in middle-to-late layers, they
often struggle to prioritize compliance. Our system-
atic evaluation reveals that this tension is an active,
mid-computation process that varies significantly
by model scale and architecture. We also showed
that this conflict is not an immutable limitation;
rather, it can be mitigated through activation steer-
ing, which enhances instruction compliance by up
to 29%. This study provides both a mechanistic
explanation for reasoning failures and a lightweight
solution for enforcing reasoning compliance, estab-
lishing a critical foundation for developing more
robust and controllable reasoning engines for high-
stakes applications. A promising direction for fu-
ture work is to extend the analysis into questions
that involve multiple reasoning types.

Limitations

While CAA proves capable of steering model com-
pliance, it does so at a visible cost to generation
quality. Our intervention experiments are primarily
validated on localized open-weights architectures
where strong activation steering frequently induced
formatting degradation or task neglect. Future re-
search is required to evaluate whether scaling laws
or dynamic, layer-specific steering vectors can iso-

late reasoning compliance without destabilizing the
model’s core textual coherence.
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A Implementation Details

We use vLLM (Kwon et al., 2023) on NVIDIA
GH200 (96G), A100 (80G), and AMD MI300X
(192G) for generating the responses with open
LLMs. The inference temperature is set to 0.5.
We sample responses from LLMs with 3 different
random seeds. For QWEN3-8B and QWEN3-32B,
the thinking mode is disable. We use EasyEdit
2.0 for model steering (Wang et al., 2024; Zhang
et al., 2024). For probing, we use a default logistic
regression classifier with C = 1.0 and L2 penalty.

B Dataset Details

For Sequence Pattern Recognition (SPR), we use
the code of Hu et al. (2025) to generate a training
set of 4, 300 samples and a test set of 100 samples.
We randomly split RECV (Dougrez-Lewis et al.,
2025) by stratifing the labels in to train, dev, and
test sets. Each subset (i.e., climate fever, VitC, and
PhemePlus) has the exact same number of samples.
This results in 99 test samples and 1, 302 train sam-
ples. We randomly sample 100 questions from the
test set of αNLI to have a balanced number of test
samples as the other datasets. We use the training
set of FOLIO, αNLI, and SPR for generating the
steering vectors. For all the evaluation, we use the
test split of αNLI, SPR, and RECV, and the valida-
tion split of FOLIO as it does not have a test split
available.

C Prompt Details

This section presents the complete prompts used
in our evaluation pipeline. Table 3 show the full
prompts for inducing reasoning conflicts, including
the special tags we ask the models to add for the
answer matching.

Below is the prompt for p(True) confidence esti-
mation:

p(True) Prompt

User: [Question + Reasoning Instruction]
LLM: [CoT + Final Answer]
User:
Is this answer:
(A) True
(B) False
The answer is: (

Figure 8: The confusion matrix between the aggregated
human labels and the LLMs’ labels. The rows represents
human predictions.

D LLM Judge Agreement

To verify the reliability of the automated judge,
we prepare a validation dataset from a balanced
subset of 360 responses, which are sampled across
three model families and questions representing the
three fundamental reasoning types. The annotators
are asked to select the dominant reasoning type
that directly contribute to the final answer. Two
humans annotate the full validation dataset, then
a third annotator reconcile their disagreement to
form the gold standard. Both GEMINI-3-FLASH

and GPT-5.1 demonstrate high alignment with hu-
man, achieving Cohen’s kappa (κ) scores of 0.83
and 0.84, respectively (Table 4). To further vali-
date the LLM judge on steered model’s outputs,
we conduct additional human evaluation on a sub-
set of OLMo3-7B-IT’s results from αNLI (Fig. 5).
The human evaluation results show that the compli-
ance rate rises as the multiplier µ increases. Fig. 8
show the confusion matrix between the aggregated
human labels and the LLMs’ labels. GEMINI-3-
FLASH mostly fails on the abduction type, and often
confuses it with the induction type. For GPT-5.1,
the confusion between abduction and induction is
less common, but it misclassified some deduction
type into the “Other”. Alternatively, we also test
prompting LLM judges with options of the reason-
ing types and their definitions, but that results in a
lower agreement with the humans. Table 4 show
the accuracy and κ of the LLM judges and human
annotators.
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Type Prompt

Deductive You are a logician tasked with performing deductive reasoning. You are given a general rule and specific observations. Your task is to apply
the general rule to the observations to derive a logically certain conclusion. Provide a detailed reasoning process leading to your conclusion.
[Question, Context, and Options...] Please enclose the answer in <answer></answer>.

Inductive You are a logician tasked with performing inductive reasoning. You are given a set of observations. Your task is to infer the most probable
general rule that explains all observations. Then, use the inferred rule to make predictions about new observations. Provide a detailed reasoning
process leading to your conclusion. [Question, Context, and Options...] Please enclose the answer in <answer></answer>.

Abductive You are a logician tasked with performing abductive reasoning. You are given a general rule and an observation. Your task is to generate the most
probable and simplest hypothesis that, if true, would logically explain all the observations provided. Provide a detailed reasoning process leading
to your conclusion. [Question, Context, and Options...] Please enclose the answer in <answer></answer>.

Table 3: Prompts for controlling LLMs’ reasoning.

Model Accuracy Cohen’s κ

GPT-5.1 .89 .84
Gemini-3-flash .88 .83

Table 4: Agreement between the LLM judges and the
human annotators.

µ Compliance Rate

−1.0 24.2
0 81.8
1.0 87.9

Table 5: Human evaluation of the compliance rate with
respect to the steering vector multiplier µ.

E Probing Results

Probing Instruction Encoding and Reasoning
Compliance. Fig. 9 shows our probe analysis
across the three open model families. A consis-
tent pattern emerges from the results, the instructed
reasoning type is almost perfectly decodable from
the residual stream in all families, including on
non-compliant cases. This suggests that failures of
compliance are not primarily caused by a failure
to represent the instruction. Instead, the models
appear to encode the prompted reasoning paradigm
early and robustly, but may still follow a compet-
ing internal trajectory when the instruction conflicts
with the question’s logical structure. This pattern
is strongest in LLaMA, where the gap between
instruction decodability and judge-inferred reason-
ing is largest; OLMO shows the same trend with a
smaller gap; and Qwen is the most aligned over-
all, with both high instruction decodability and the
strongest judge-side signal. Taken together, these
results support our main finding that the reasoning-
instruction conflict is visible at the level of model
representations. Models know what reasoning type
they were asked to use, yet this does not guarantee
compliance. On the judge side, the weaker proba-

Figure 9: This figure shows the strongest probe accu-
racy for instructed reasoning type and judge-inferred
reasoning type, split by compliant and non-compliant
cases, across model families. A larger gap between
the non-compliant instructed-reasoning bar and the non-
compliant judge-reasoning bar indicates that the model
represented the instruction clearly, but did not fully real-
ize it in its final reasoning behavior.

bility of judge-inferred reasoning on non-compliant
cases suggests that textual reasoning type is a nois-
ier proxy for internal computation than the explicit
instruction signal. Fig. 10 shows the full layer-wise
accuracy results.

F Steering Results

Figure 11 show the steering results of LLAMA3.1-
8B-IT on α-NLI. The compliance rates are moder-
ately increased with higher µ values.

G Complete Accuracy Results

Table 6 shows the numeric accuracies of the judge-
inferred S ∩C, S ∩¬C, and ¬S ∩C categories in
the four datasets, which is corresponding to Figure
4. Table 7 shows the accuracy results grouped by
the instructed reasoning type t′.
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Figure 10: The layer-wise accuracy for each family of model and their instructed and judge-inferred reasoning
types.

(a) Compliance Rate (b) Final Answer Accuracy (c) Direct Answer Ratio

Figure 11: The impact of multiplier µ across reasoning types on α-NLI when steering the layer 14-17 of LLAMA3.1-
8B-IT.
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Data LLM S and C S but not C C but not S

F
O

L
IO

GPT-5.1 76.81 71.67 n.a.
GEMINI3-FLASH 88.50 87.37 42.11

OLMO3.1-32B-IT 70.58 68.95 39.40
LLAMA3.3-70B-IT 68.67 70.52 45.00
QWEN3-32B 84.27 81.09 53.06

OLMO3-7B-IT 49.26 54.62 41.82
LLAMA3.1-8B-IT 58.60 61.58 46.12
QWEN3-8B 81.14 79.66 62.32

S
P

R

GPT-5.1 67.79 70.56 50.00
GEMINI3-FLASH 89.23 90.09 90.16

OLMO3.1-32B-IT 69.32 69.32 46.88
LLAMA3.3-70B-IT 66.44 70.42 52.63
QWEN3-32B 64.36 66.28 41.72

OLMO3-7B-IT 69.13 70.84 61.81
LLAMA3.1-8B-IT 38.11 45.24 23.35
QWEN3-8B 57.88 69.41 37.65

α
N
L
I

GPT-5.1 90.00 90.62 80.00
GEMINI3-FLASH 85.57 86.67 89.68

OLMO3.1-32B-IT 48.82 30.48 34.21
LLAMA3.3-70B-IT 83.00 83.01 77.57
QWEN3-32B 79.93 80.95 79.61

OLMO3-7B-IT 61.11 32.14 32.12
LLAMA3.1-8B-IT 62.42 63.03 64.52
QWEN3-8B 68.90 70.61 61.85

R
E

C
V

GPT-5.1 78.75 80.66 81.18
GEMINI3-FLASH 82.42 88.54 85.63

OLMO3.1-32B-IT 77.78 74.42 69.39
LLAMA3.3-70B-IT 80.79 83.41 84.83
QWEN3-32B 77.78 80.84 80.87

OLMO3-7B-IT 75.00 55.56 70.59
LLAMA3.1-8B-IT 83.06 83.04 82.63
QWEN3-8B 72.84 80.94 75.58

Table 6: The average accuracies of the sensible and
compliant reasoning.

Data LLM DIRECT DEDUCTIVE INDUCTIVE ABDUCTIVE

F
O

L
IO

GPT-5.1 70.61 0.8 76.68 0.6 70.44 1.1 71.10 1.4
GEMINI3-FLASH 88.01 0.7 88.51 1.3 79.47 1.2 83.25 1.3

OLMO3.1-32B-IT 63.05 0.0 76.85 1.1 62.89 0.2 65.35 0.8
LLAMA3.3-70B-IT 59.28 0.2 68.97 1.1 67.82 1.3 69.13 0.6
QWEN3-32B 71.43 0.4 85.55 0.5 83.42 1.9 81.94 1.2

OLMO3-7B-IT 54.35 1.8 53.69 0.4 52.96 0.7 50.08 1.6
LLAMA3.1-8B-IT 53.86 1.7 57.96 1.6 57.47 3.3 54.84 0.2
QWEN3-8B 60.43 1.5 80.95 1.2 79.47 0.6 77.83 1.2

S
P

R

GPT-5.1 68.67 0.5 66.33 3.7 67.33 3.7 70.33 0.5
GEMINI3-FLASH 89.33 0.6 89.67 0.5 89.33 1.9 90.33 0.4

OLMO3.1-32B-IT 43.67 0.5 81.00 1.6 57.00 0.8 55.33 0.9
LLAMA3.3-70B-IT 46.67 0.5 67.33 3.1 65.67 4.2 67.00 0.8
QWEN3-32B 60.67 0.5 59.00 0.8 59.33 2.9 61.67 2.9

OLMO3-7B-IT 41.00 0.8 70.67 0.9 69.00 3.7 68.00 1.4
LLAMA3.1-8B-IT 34.67 2.5 38.00 2.8 37.00 1.6 36.00 2.2
QWEN3-8B 40.00 0.0 60.67 0.4 58.00 2.4 61.00 2.9

α
N
L
I

GPT-5.1 85.00 1.6 89.00 0.8 90.00 0.8 90.00 0.8
GEMINI3-FLASH 90.331.5 88.67 0.8 88.33 0.9 90.33 1.3

OLMO3.1-32B-IT 75.67 0.5 33.33 0.9 44.67 0.5 59.33 0.5
LLAMA3.3-70B-IT 83.00 0.0 83.33 0.5 81.33 0.9 83.00 0.8
QWEN3-32B 76.00 0.0 83.33 1.2 79.67 0.9 81.00 0.8

OLMO3-7B-IT 60.00 0.0 25.33 2.5 48.00 0.8 57.33 3.1
LLAMA3.1-8B-IT 64.00 0.8 67.00 1.6 64.00 3.6 62.67 2.5
QWEN3-8B 69.00 0.8 67.33 2.5 66.33 3.3 69.00 0.8

R
E

C
V

GPT-5.1 83.16 1.3 77.10 1.3 83.84 0.8 83.84 2.5
GEMINI3-FLASH 81.48 1.1 80.47 0.8 86.53 0.6 86.53 1.9

OLMO3.1-32B-IT 72.39 0.5 79.12 2.5 80.47 1.0 78.45 0.5
LLAMA3.3-70B-IT 79.80 0.0 80.81 1.4 83.84 0.8 81.14 1.7
QWEN3-32B 82.49 0.5 75.76 0.8 78.11 0.5 84.18 1.3

OLMO3-7B-IT 69.36 1.7 67.00 2.1 65.66 1.6 68.01 2.5
LLAMA3.1-8B-IT 78.45 0.5 80.47 3.3 83.84 0.0 83.50 1.0
QWEN3-8B 76.09 0.5 72.05 1.9 74.75 1.6 76.09 1.9

Table 7: The average accuracies of the final answer and
their standard deviations with respect to the instructed
reasoning types.
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