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Abstract

While LLMs demonstrate impressive reason-
ing capabilities, their internal decision dynam-
ics remain opaque. To render these process
interpretable and intervenable, we propose Dy-
namic Entropy Tracing, a mechanism-aware
framework that interprets the evolving “choice
state” of attention heads during CoT genera-
tion through stepwise head-wise option-logit
and entropy tracing. Our analysis reveals dis-
tinct functional behaviors at attention heads:
Steadfast Heads, characterized by consistently
low entropy and producing a sharp, option-
selective logit pattern with a stable top choice,
and Wavering Heads, characterized by consis-
tently high entropy and producing flat or oscil-
latory option logits without a persistent winner.
Leveraging these traces, we identify a set of in-
tervention targets and perform Selective Head
Fine-Tuning, updating solely these selected
heads against a frozen backbone. Experiments
across the LLaMA and Qwen families reveal
a striking plasticity hierarchy: fine-tuning just
30 Wavering Heads recovers over 98% of the
performance achieved by full-parameter tuning,
and in some settings modestly exceeds it. In
contrast, intervening on Steadfast Heads yields
much less gains. Our findings translate process-
level mechanistic observables into a principled
criterion for selective fine-tuning, offering a
fundamental insight: the most effective tuning
knobs are not the components that signal the
final decision, but those that retain uncertainty,
and thus plasticity, during its formation.1

1 Introduction

Large Language Models (LLMs) increasingly rely
on CoT generation to solve complex reasoning
tasks (Wei et al., 2022). By decomposing prob-
lems into intermediate steps, CoT ostensibly pro-

*Equal contribution.
†Corresponding author.
1Our dataset and code will be released at https://

github.com/t1anhe/Dynamic_Entropy_Tracing

vides a window into the model’s reasoning pro-
cess (Kojima et al., 2022; Wang et al., 2023). How-
ever, this surface-level transparency often masks
the opaque dynamics of the underlying decision
formation (Turpin et al., 2023). A growing body
of work suggests a disconnect between the gener-
ated rationale and the model’s actual choice mech-
anism (Lanham et al., 2023): models may suffer
from premature commitment (Zhao et al., 2021),
locking onto an answer early and generating ratio-
nales merely to justify a pre-determined conclu-
sion (Xu et al., 2024), or exhibit brittleness (Zhao
et al., 2021), where minor prompt perturbations
drastically alter the final decision without a coher-
ent change in reasoning logic (Vig, 2019).

These failures highlight a critical gap failures be-
tween observing what models explicitly output and
understanding what models are implicitly thinking.
In other words, there remains a lack of a process-
level observable that reveals where the model com-
mits to a specific option (Sharkey et al., 2025; Bel-
rose et al., 2023). Without locating the internal
components that govern this commitment, current
ability to control or correct model behavior remains
limited to black-box interventions (Clark et al.,
2019). Meanwhile, current parameter-efficient fine-
tuning (PEFT) methods, such as LoRA (Hu et al.,
2022), reduce computational costs but often lack a
mechanistic explanation for why specific parame-
ters serve as effective adaptation levers.

In this work, we propose a shift in perspective:
we treat the reasoning process not as a monolithic
generation of text, but as an evolving competition
among candidate answers observable at the granu-
larity of individual attention heads. We propose Dy-
namic Entropy Tracing, a framework that maps
the trajectory of this option competition throughout
the CoT generation onto an interpretable, head-
resolved decision-state representation (Figure 1).
By projecting head-wise activations into the op-
tion space and tracking their entropy over time, we
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Figure 1: Overview of the Dynamic Entropy Tracing Framework. 1-2) Observation & Tracing: We trace the
temporal logits and entropy of attention heads during Chain-of-Thought (CoT) generation, revealing a functional
dichotomy between Steadfast Heads and Wavering Heads. 3) Selection: By aggregating traces over a small probe
set (N = 40), we employ a frequency-based ranking strategy to identify a strictly constrained budget of M = 30
intervention targets. 4) Intervention: We implement Selective SFT, freezing the model backbone while exclusively
updating the selected heads.

uncover distinct functional behaviors of attention
heads: steadfast heads that quickly concentrate
probability mass on a single option and remain
stable, and wavering heads that keep competing
options active and frequently shift their transient
preference. This observation leads to our central
hypothesis: uncertainty is the primary interface for
plasticity. We posit that the model’s ability to adapt
its reasoning logic is not uniformly distributed but
is concentrated in components that retain uncer-
tainty. Theoretically, Steadfast Heads have already
collapsed their probability distributions, they offer
vanishing gradients to the optimization signal. In
contrast, Wavering Heads, by maintaining active
competition, remain responsive to supervision.

To validate this, we perform Selective Head
Fine-Tuning (SHFT). Instead of updating the en-
tire model or adding external adapters, we freeze
the multi-billion parameter backbone and restrict
gradient updates exclusively to a sparse subset of
heads identified by our entropy traces.

Our experiments on the LLaMA-2-7B-chat and
Qwen families across multiple reasoning bench-

marks reveal a striking plasticity hierarchy. We find
that targeting just 30 Wavering Heads (updating
< 1% of parameters) recovers over 98% of the per-
formance achieved by Full Supervised Fine-Tuning
(SFT), and in some scenarios modestly exceeds it.
Conversely, intervening on Steadfast Heads yields
much less gains, confirming that "certainty" acts as
a barrier to adaptation. These experimental results
empirically demonstrates the hypothesis proposed
above.

Our contributions are as follows:

• Shifting from Static Representations to Dy-
namic Trajectories. Moving beyond static
weight analysis, we propose Dynamic En-
tropy Tracing to monitor the evolving deci-
sion process. By viewing reasoning as an ob-
servable “option competition,” we structurally
distinguish between heads that commit early
and those that sustain deliberation.

• Solving the “Locus of Plasticity” Problem.
We address a fundamental question: which
components govern adaptability? We pro-
pose the Uncertainty-Plasticity Hypothesis,
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revealing that adaptation capacity is concen-
trated in high-entropy (Wavering) heads rather
than confident ones. This establishes a direct
link between functional uncertainty and train-
ability.

• Achieving SFT Performance with Surgical
Precision. We demonstrate that mechanis-
tic insights can directly guide training effi-
ciency. We show that surgically updating just
30 Wavering Heads (freezing >99% of param-
eters) matches Full SFT performance, and in
some cases modestly exceeds it. Crucially,
this targeted intervention also significantly
mitigates the catastrophic forgetting typical
of full-model tuning.

2 Related Work

2.1 Mechanistic Interpretability of Reasoning
Understanding how Transformers arrive at a pre-
diction requires opening the black box of internal
activations (Olah et al., 2020). Mechanistic inter-
pretability approaches have successfully decom-
posed model behaviors into specific sub-circuits,
such as induction heads (Olsson et al., 2022) or
factual retrieval components (Meng et al., 2022;
Chen et al., 2025). Parallel work on “logit lens”
and dynamic probing maps hidden states directly to
the vocabulary space to decode intermediate confi-
dence (Fang and Marks, 2025; Belrose et al., 2023).
However, in the context of CoT reasoning, the chal-
lenge shifts from static attribution to tracking evolv-
ing decision states (Lightman et al., 2024). Prior
studies have highlighted that CoT rationales can be
unfaithful, suffering from premature commitment
or post-hoc rationalization (Turpin et al., 2023; Lan-
ham et al., 2023). While these works diagnose the
existence of such failures via input perturbations or
final outputs (Zhao et al., 2021), they lack a process-
level observable to pinpoint where the model con-
siders and discards options (Zhao et al., 2021). Our
proposed Dynamic Entropy Tracing fills this gap
by turning step-wise, head-wise uncertainty into
a tangible signal, distinguishing between compo-
nents that are functionally decisive (Steadfast) and
those that sustain deliberation (Wavering).

2.2 Parameter-Efficient and Selective
Fine-Tuning

Parameter-Efficient Fine-Tuning (PEFT) meth-
ods, such as LoRA (Hu et al., 2022) and
Adapters (Houlsby et al., 2019), enable adaptation

with minimal compute by updating low-rank matri-
ces or inserted modules (He et al., 2022). Other se-
lective tuning approaches update sparse subsets of
parameters, such as bias terms (Zaken et al., 2022)
or specific layers, typically selecting them based on
architectural heuristics or gradient sensitivity (Guo
et al., 2021). Crucially, these selection criteria are
often agnostic to the model’s internal reasoning
mechanics (Voita et al., 2019; Michel et al., 2019).
Our work introduces a paradigm of interpretability-
guided intervention: we use the mechanistic sig-
nature of option competition (entropy traces) to
determine which parameters to update. By demon-
strating that “Wavering Heads” serve as more ef-
fective adaptation knobs than “Steadfast Heads,”
we provide a causal link between internal decision
plasticity and efficient fine-tuning, moving beyond
heuristic-based parameter selection.

3 Dynamic Entropy Tracing for Steadfast
and Wavering Heads

In this section, we formalize Dynamic Entropy
Tracing. We first define the mathematical formula-
tion for mapping head-specific activations to the op-
tion subspace. Subsequently, we operationalize the
distinction between Steadfast and Wavering behav-
iors through entropy time-series analysis. Finally,
we outline a selection strategy to aggregate these
metrics and identify a compact subset of heads that
serve as the most effective targets for intervention.

3.1 Stepwise Head-wise Option Readout
Formalized. During CoT generation, we seek a
head-resolved and time-aligned view of the compe-
tition among answer options K (e.g., {A,B,C,D}
for 4-way benchmarks, or {A,B,C,D,E} for 5-
way benchmarks such as AQUA-RAT). Since atten-
tion heads write to the residual stream, their outputs
share the vocabulary’s latent space. At decoding
step t, for head (ℓ, h) with output o(t)ℓ,h ∈ Rd, we ap-
ply a logit-lens style unembedding WU ∈ R|V |×d.
To isolate the decision signal from noise, we restrict
the projection to option tokens:

z
(t)
ℓ,h[k] = (WU o

(t)
ℓ,h)[π(k)], k ∈ K, (1)

where π(k) maps option label k to its token id
(aggregating multi-token labels if necessary). We
then normalize these scores over K to obtain a
focused option distribution:

p
(t)
ℓ,h = softmax

(
β z

(t)
ℓ,h

)
∈ ∆|K|, (2)
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(a) Head-logit curve (Layer 0, Head 3). (b) Head-logit curve (Layer 26, Head 24).

(c) Entropy heatmap (Layer 1). (d) Entropy heatmap (Layer 29).

Figure 2: Visualizing the Entropy Dichotomy. We map the temporal entropy traces of representative heads during
CoT generation on LLaMA-2-7B-chat. Like the attention heads highlighted by the red boxes, heads that remain in
deep blue over time are Wavering Heads, while heads that stay light-colored or nearly white are Steadfast Heads.

where β is an inverse temperature for calibration.
This probability vector p(t)ℓ,h serves as the per-step
decision readout, translating internal activations
into an interpretable categorical preference for sub-
sequent entropy analysis.

Extensibility. While we focus on single-answer
multiple-choice benchmarks for clarity, the readout
is not tied to option letters. More generally, one
can define a task-specific token set K that repre-
sents the relevant decision symbols and apply the
same restricted unembedding and normalization.
For instance, in arithmetic evaluation problems, K
can be chosen as Arabic numerals and operator
symbols (e.g., {0, . . . , 9,+,−,×,÷,=}), and we
can measure entropy over this set to track how de-
cisively a head supports the emerging computation
or final value. Concrete paths for extending this
readout to open-ended generation are outlined in
Appendix H.5.

3.2 Entropy Trajectories Tracing

Given the head-wise option distribution p
(t)
l,h, we

quantify the uncertainty of head (l, h) at decoding
step t via its entropy:

H(t)
l,h = −

∑

k∈K
p
(t)
l,h[k] log p

(t)
l,h[k]. (3)

We use the natural logarithm throughout, so the
entropy satisfies H(t)

ℓ,h ∈ [0, log |K|].
This yields a temporal trace Hl,h =

(H(1)
l,h , . . . ,H

(T )
l,h ) capturing the evolution of

option competition.
As visualized in Figure 2, we observe a robust

dichotomy in the structure of these traces, moti-
vating a regime-based classification.

3.3 Probe-Set Aggregation for Stable Head
Selection

To select a global set of intervention targets, we
aggregate head behaviors over a small probe dataset
Dprobe (N = 40). A critical prerequisite for using
such a small sample is the statistical stability of the
metric.To verify this, we proceed as follows.

Metric Stability. We validate the reliability of
our readout via split-half analysis, randomly par-
titioning the probe set 200 times. As shown in
Figure 3, the head-wise entropy exhibits excep-
tional stability. The scatter plot reveals a tight
diagonal alignment with a Spearman rank corre-
lation of ρ = 0.973 (p ≈ 0) and a narrow IQR of
0.969–0.975. This confirms that Steadfast and Wa-
vering behaviors are robust intrinsic properties of
the heads rather than artifacts of specific samples.

Selection Protocol. Given this stability, we ver-
ify the existence of consistent functional heads us-
ing the frequency analysis in Appendix C. The
structural sparsity we uncovered motivates a robust
aggregation strategy to isolate the most canonical
instances.We employ the following pipeline:

1. Per-Sample Candidate Identification: For
each example in the probe set, we identify
candidate heads that satisfy strict behavioral
thresholds for steadfast or wavering heads.

2. Global Frequency Ranking: We aggregate
these local candidates and rank them primarily
by their recurrence frequency across the entire
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(a) Split-half Spearman distribution. (b) Entropy split-half stability.

Figure 3: Metric Stability Analysis. (a) The distribution of split-half correlations is sharply peaked at ρ ≈ 0.97. (b)
The scatter plot confirms that head rankings are highly consistent across random data splits, validating the robustness
of entropy profiling.

probe dataset Dprobe, utilizing the global time-
averaged entropy Hl,h as a secondary metric
for tie-breaking.

3. Budget-Constrained Selection: We instan-
tiate the final intervention sets HWH and
HSH by selecting the top-M heads from these
ranked lists, ensuring that we target compo-
nents with the highest behavioral consistency.

We set the budget to M = 30. This choice is
empirically justified by our subsequent sensitiv-
ity analysis (Figure 4), where performance gains
saturate at this threshold, indicating that a critical
subset of approximately 30 heads is sufficient to
capture the primary drivers of decision plasticity.
Sensitivity of head selection to the probe-set size
N is reported in Appendix H.4.

4 Selective Fine-tuning

Having characterized the internal decision dynam-
ics via Dynamic Entropy Tracing, we now transi-
tion from observation to causal intervention. While
section 3 established a robust behavioral dichotomy,
determining whether these entropy signatures de-
termine actual trainability requires active manipu-
lation. In this section, we employ Selective Head
Fine-Tuning as a mechanistic probe to test the
plasticity of the identified components. And this
controlled regime allows us to verify the hypothesis
that components sustaining deliberation serve as
the primary leverage points for steering reasoning
behavior.

4.1 Method
We formulate the intervention as a constrained op-
timization problem on the Supervised Fine-Tuning
(SFT) dataset DSFT = {(xi, yi)}ni=1, where xi is
the prompt and yi is the target completion ending
with an option token in K. Let Θ denote the full
model parameters. For each attention head (l, h),
let θl,h ⊂ Θ represent the specific subset of param-
eters governing its query, key, value, and output
projections.

Given a target head set H derived from the se-
lection process (e.g., HWH or HSH ), we parti-
tion the parameter space into a trainable subset
ΘH = {θl,h : (l, h) ∈ H} and a frozen comple-
ment Θ\H = Θ \ΘH .2 Our SHFT objective is to
minimize the negative log-likelihood loss L strictly
over ΘH :

min
ΘH

E(x,y)∼DSFT
[L(fΘH ,Θ\H (x), y)] (4)

subject to the constraint that Θ\H remains fixed at
pre-trained values. This protocol ensures that any
behavioral shift in the model is causally attributable
solely to the plasticity of the selected head set H ,
isolating the functional role of these components
under a rigid parameter budget.

4.2 Intervention Regimes
To isolate the causal contribution of specific head
types, we design a comparative framework where

2Each selected head contributes its Q, K, V, and O pro-
jection slices as trainable parameters; LayerNorm and MLP
parameters remain frozen. For LLaMA-2-7B-chat (d = 4096,
dhead = 128), this totals 4 × (4096 × 128) × 30 ≈ 62.9M
parameters (∼0.92% of 6.7B). For Qwen3-8B, the trainable
fraction is ∼0.85%.
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Figure 4: Sensitivity analysis of the head budget M .
The Wavering Head strategy (orange) shows a perfor-
mance ascent that saturates around M = 30, empirically
justifying our budget choice. Conversely, the Stead-
fast strategy (blue) exhibits essentially zero sensitivity
to budget increases, confirming that these components
lack adaptation capacity regardless of the parameter al-
lowance.

the number of trainable parameters is strictly held
constant across all head-only interventions. We fix
the head budget to M = 30 and evaluate SHFT-
Wavering approach alongside Full SFT (as ref-
erence), SHFT-Steadfast, SHFT-Random, and
LoRA. All regimes share identical optimization hy-
perparameters, prompt formats, and data ordering
to ensure fair comparison. This design constitutes
a direct mechanistic test: if decision plasticity is
indeed concentrated in components that sustain
uncertainty, SHFT-Wavering should approximate
Full SFT performance, whereas SHFT-Steadfast
will yield significantly lower gains. We present the
detailed empirical results in Section 5.2.

4.3 What Makes Wavering Heads Effective?

The empirical superiority of tuning Wavering
Heads calls for a mechanistic account grounded in
the optimization signal(Appendix D). In our setting,
the fine-tuning objective is the standard negative
log-likelihood over the target completion, whose
final line ends with an option token in K. This
implies that the relevant training signal is governed
by the cross-entropy error term.

At the answer token, the loss gradient over op-

Figure 5: We visualize the entropy reduction ∆H =
Hpre −Hpost for the selected heads, where each point
corresponds to a single attention head. We compare
WAVERING HEADS (WH) against STEADFAST HEADS
(SH) using a two-sided Mann–Whitney U test (single
planned comparison; no multiple-comparison correc-
tion). Effect sizes indicate a moderate distributional
shift: rank-biserial correlation |rrb| = 0.313 and Cliff’s
δ = 0.354.

tion logits is p − ey, which becomes small only
when the model is confident and correct (p[y] ≈ 1),
not merely when entropy is low. A low-entropy but
wrong prediction can still yield large gradients, so
“saturation” requires an alignment condition. Un-
der a frozen backbone, a head’s trainability depends
on both the error signal (p − ey) and a local cou-
pling Aℓ,h that maps that head’s readout to the op-
tion logits. This exposes two bottlenecks: error sat-
uration and weak/misaligned coupling. Steadfast
heads are hard to improve when they are already
correctly-saturated on most fine-tuning samples.
Wavering heads more often stay in small-margin
regimes, providing non-trivial supervision signals.
Although we do not explicitly estimate Aℓ,h, SHFT
acts as a causal check: gains from updating only se-
lected heads imply their couplings are sufficiently
usable.

We also validate this theoretical proposition by
analyzing the distributional shift of head entropy
after fine-tuning. Figure 5 visualizes the entropy
drop ∆H = Hpre − Hpost for the selected inter-
vention targets. The results reveal a stark contrast
in plasticity. Wavering Heads (left boxplot) ex-
hibit a significant entropy reduction with a mean
drop of µWH = 0.098. This positive shift con-
firms that these heads effectively absorb the gradi-
ent updates to resolve their uncertainty. In contrast,
Steadfast Heads (right boxplot) show a negligible
change (µSH = 0.012), statistically distinct from
Wavering Heads (p < 0.05, Mann-Whitney U test).
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Method
CoT-Collection AQUA-RAT arc-cot

Rec F1 Acc Rec F1 Acc Rec F1 Acc

LLaMA-2-7B-chat 0.467 0.423 0.542 0.239 0.151 0.204 0.435 0.423 0.440
+ Full SFT 0.594 0.574 0.709 0.272 0.274 0.275 0.566 0.567 0.570

+ LoRA 0.526 0.539 0.672 0.179 0.197 0.188 0.573 0.611 0.591
+ Random-head 0.524 0.525 0.664 0.226 0.240 0.229 0.550 0.551 0.556
+ SH-only 0.542 0.545 0.659 0.240 0.267 0.244 0.475 0.476 0.480
+ WH-only 0.577 0.578 0.696 0.245 0.253 0.259 0.581 0.582 0.590

Qwen3-8B 0.594 0.599 0.793 0.519 0.516 0.531 0.716 0.745 0.710
+ Full SFT 0.693 0.668 0.829 0.564 0.563 0.555 0.802 0.794 0.790

+ LoRA 0.701 0.692 0.857 0.608 0.607 0.614 0.802 0.801 0.790
+ Random-head 0.713 0.689 0.845 0.593 0.590 0.599 0.804 0.797 0.793
+ SH-only 0.693 0.680 0.822 0.600 0.590 0.594 0.782 0.773 0.770
+ WH-only 0.705 0.698 0.849 0.614 0.603 0.612 0.810 0.804 0.800

Table 1: Results on three datasets. Columns report Recall / F1 / Accuracy for each fine-tuning regime under each
base model.

This corroborates our gradient vanishing analysis:
Steadfast Heads act as fixed points resistant to mod-
ification, whereas Wavering Heads serve as the
plastic components that drive model adaptation.

5 Experiments

5.1 Setup

We evaluate our approach on two open-source
LLMs: LLaMA-2-7B-chat (Zhao et al., 2021) and
Qwen3-8B (Yang et al., 2025). Experiments are
conducted on three single-answer reasoning bench-
marks: CoT-Collection (Kim et al., 2023) (from
which we filtered the single-choice subset), AQUA-
RAT (Ling et al., 2017), and arc-cot3.

Comprehensive training configurations and hy-
perparameters are detailed in the Appendix E. We
report accuracy, recall, and F1 score on the final
answer token as the primary metrics.

5.2 Main Results: The Plasticity Hierarchy

Table 1 presents the comparative results across
two base models and three datasets. We observe a
consistent performance hierarchy across all experi-
mental settings: SHFT-Wavering ≈ Full SFT >
LoRA > Random > SHFT-Steadfast.

3https://huggingface.co/datasets/Locutusque/arc-cot

Recovering Full SFT Performance. Despite up-
dating only 30 attention heads (freezing > 99%
of parameters), SHFT-Wavering effectively closes
the gap with, and in some cases surpasses, full-
parameter fine-tuning. For instance, on CoT-
Collection with LLaMA-2-7B-chat, Full SFT
achieves an accuracy of 70.9%. Our method
reaches 69.6%, recovering nearly all performance
gains. Meanwhile, on Qwen models, tuning Waver-
ing Heads modestly exceeds Full SFT on several
benchmarks (e.g., 84.9% vs. 82.9% on Qwen3-
8B). We attribute this phenomenon to reduced over-
parameterization: by restricting updates to non-
essential components (like Steadfast Heads), SHFT
acts as a form of regularization, preventing the
model from overfitting to spurious statistics in the
training data and thereby preserving more robust
reasoning logic (Zaken et al., 2022).

The Cost of Certitude. Conversely, SHFT-
Steadfast yields much less gains, often underper-
forming even the Random baseline (e.g., 65.9%
vs. 66.4% on LLaMA-2-7B-chat, CoT-Collection).
This result is mechanistically significant: it con-
firms that Steadfast Heads, having already col-
lapsed their option distribution, offer minimal lever-
age for steering. From an optimization perspective,
these heads have prematurely minimized local un-
certainty, effectively acting as rigid anchors that
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Method
Wikitext Emotion

BLEU-4 ROUGE-L PPL Rec F1 Acc

LLaMA-2-7B-chat 0.020 0.153 13.496 0.302 0.195 0.228
+ Full SFT 0.012 0.122 47.550 0.326 0.214 0.238
+ WH-only 0.020 0.151 13.058 0.329 0.208 0.246
+ LoRA 0.016 0.135 12.651 0.367 0.263 0.281

Qwen3-8B 0.014 0.134 22.808 0.488 0.467 0.531
+ Full SFT 0.016 0.135 60.191 0.460 0.457 0.532
+ WH-only 0.016 0.136 18.837 0.482 0.453 0.515
+ LoRA 0.018 0.138 17.556 0.459 0.435 0.482

Table 2: Generalization performance on out-of-distribution datasets (Wikitext and Emotion). While Full SFT
suffers from significant degradation in general language modeling capabilities (indicated by high PPL on Wikitext),
our WH-only method effectively preserves the model’s generalization ability, achieving low perplexity comparable
to LoRA while maintaining competitive classification performance.

are difficult to shift. Consequently, they gener-
ate negligible error signals during backpropagation,
lacking the necessary plasticity to absorb new su-
pervision. Intervening on these “committed” com-
ponents is thus computationally inefficient.

Comparison with LoRA. SHFT-Wavering also
remains competitive with or superior to LoRA in
several settings (e.g., 69.6% vs. 67.2% on LLaMA-
2-7B-chat), despite the structural simplicity of
merely unfreezing existing parameters rather than
introducing new modules. Overall, these findings
empirically support our central hypothesis: effec-
tive adaptation knobs are defined by their process-
level uncertainty. Seed variance and random-head
draw variance are reported in Appendices H.2
and H.3; cross-task transfer experiments support-
ing the intrinsic-head-property interpretation are
reported in Appendix H.1.

5.3 Generalization and Robustness Analysis

A critical risk in task-specific fine-tuning is catas-
trophic forgetting, where optimizing for the target
reasoning benchmark degrades the model’s general
language capabilities (Kotha et al., 2024). To as-
sess this, we evaluate our fine-tuned models on two
out-of-distribution (OOD) tasks: Wikitext (Merity
et al., 2017) (to measure generation quality and
perplexity) and Emotion (Saravia et al., 2018) (to
measure classification transfer), as shown in Table
2.

Mitigating Distributional Drift. The results
highlight a significant robustness advantage for our
approach. As detailed in Table 2, Full SFT induces
severe distributional drift. On LLaMA-2-7B-chat,
the perplexity (PPL) on Wikitext spikes to 47.55,
and on Qwen3-8B it reaches 60.19, indicating a
substantial degradation in generation fluency. In
sharp contrast, WH-only maintains low perplexity
(13.06 for LLaMA-2-7B-chat, 18.84 for Qwen3-
8B), comparable to the LoRA baseline. Further-
more, WH-only achieves higher BLEU-4 scores
than Full SFT on LLaMA-2-7B-chat (0.020 vs.
0.012), confirming that our method effectively im-
proves reasoning performance without compromis-
ing the model’s fundamental linguistic backbone.

Task Transfer Capabilities. On the Emotion
classification task, WH-only demonstrates com-
petitive transfer performance. For Qwen3-8B, our
method achieves an F1 score of 0.453, nearly
matching Full SFT (0.457) and outperforming
LoRA (0.435). On LLaMA-2-7B-chat, it remains
comparable to Full SFT (0.208 vs. 0.214). This
indicates that the behavioral changes induced by
tuning Wavering Heads are not merely overfitting
to the CoT format, but reflect a controlled adapta-
tion that preserves broader utility.

Overall, SHFT acts as a safety-aligned, surgical
intervention: it corrects specific reasoning behav-
iors while minimizing the unintended side effects.
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6 Conclusion

Our findings translate mechanistic observables into
a principled criterion for selective fine-tuning. By
proposing Dynamic Entropy Tracing, we vali-
date the Uncertainty-Plasticity Hypothesis, show-
ing adaptation capacity concentrates in Wavering
Heads. This occurs because confident heads act
as fixed points resistant to updates, whereas uncer-
tain heads drive optimization. Consequently, our
Selective Head Fine-Tuning recovers Full SFT
performance by updating fewer than 1% of param-
eters, mitigating catastrophic forgetting. Future
work may extend this pipeline to larger reasoning-
optimized architectures. Ultimately, this confirms
that robust steering requires targeting interfaces
where decision formation remains active.

Limitations

Our experiments explore a representative but not
exhaustive set of model sizes, training seeds, and
hyperparameter configurations, so some quantita-
tive results may vary under different tuning choices.
We also do not aim to optimize absolute down-
stream performance; instead, we prioritize con-
trolled comparisons that isolate the effect of head
selection. For simplicity, we use a fixed prompting
and option-labeling convention throughout, and we
do not systematically study alternative templates
or label verbalizations. In addition, our analysis
emphasizes aggregate trends across heads and ex-
amples, while more fine-grained case studies (e.g.,
per-category or per-error-type breakdowns) are left
to future work. We report standard metrics and
main findings, but do not attempt a comprehensive
sweep over auxiliary diagnostics or ablations.

Due to compute constraints, we did not include
dedicated reasoning-optimized models (e.g., Qwen
Thinking variants) in our experimental suite. Ex-
tending the same screening and selective fine-
tuning pipeline to such reasoning models, along
with broader scaling studies, is a natural next step
that we plan to pursue when additional resources
are available.
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This paper explores the internal decision dynam-
ics of LLMs during CoT reasoning and introduces
a mechanism-aware selective fine-tuning strategy
to improve adaptivity. The datasets used in our
experiments (CoT-Collection, AQUA-RAT, ARC-
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policies.

The mechanistic insights uncovered in this work,
particularly the identification of “Wavering Heads”
as the locus of plasticity, provide a pathway for
more efficient and safety-aligned model steering.
We acknowledge, however, that the ability to surgi-
cally modify reasoning logic with minimal parame-
ter updates could potentially be misused to bypass
safety guardrails or inject malicious behaviors. De-
spite this, we believe that exposing these internal
mechanisms is a prerequisite for building robust,
controllable, and transparent AI systems. We advo-
cate for the responsible disclosure and monitoring
of such targeted intervention techniques.
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A Datasets Details

We evaluate on three single-answer reasoning
benchmarks: CoT-Collection (filtered to a single-
choice subset), AQUA-RAT, and arc-cot. These
datasets encompass diverse reasoning modalities,
ranging from commonsense and scientific inference
to multi-step arithmetic.

A.1 CoT-Collection (kaist-ai/CoT-Collection)

CoT-Collection is a large-scale CoT fine-tuning
dataset designed to induce explicit reasoning traces
in language models. It contains 1.84M CoT-
augmented instances spanning 1,060 tasks sourced
from the FLAN collection, covering categories
such as NLI, QA, science, arithmetic, common-
sense, and multiple-choice QA. Each example in-
cludes an input prompt (source), a reasoning trace
(rationale), and a final target output (target),
along with a task identifier. In our experiments, we
further filter CoT-Collection to the single-choice
subset and map it into our standardized multi-
choice format.

A.2 AQUA-RAT (deepmind/AQUA-RAT)

AQUA-RAT is a dataset of algebraic word prob-
lems paired with human-written rationales for
multi-step quantitative reasoning. Each instance
provides a question statement (question), a list of
candidate answers (options), a step-by-step expla-
nation (rationale), and the gold label (correct).
We use it as a single-answer reasoning benchmark
under its native five-option (A–E) interface; ac-
cordingly, |K| = 5 throughout, and all entropy
computations use the corresponding log |K| upper
bound.

A.3 arc-cot (Locutusque/arc-cot)

arc-cot is an augmented ARC-Challenge science
QA benchmark paired with CoT style explana-
tions. The underlying ARC dataset consists of
non-diagram, typically 4-way multiple-choice sci-
ence questions, with a Challenge split intended to
be harder than an Easy split. arc-cot provides train-
ing examples in a lightweight format: a question
string containing the prompt and answer choices,
and an answer string containing the correct option
letter followed by an explanation. We use it as
a single-answer reasoning benchmark under the
same four-option interface.

From CoT-Collection:
content:
Zach drove over to Mary’s place. She
would be his wife soon. She was in China,
visiting her parents. Her son Bradley
hadn’t gone with her. Bradley was a ju-
nior in high school. He neither liked nor
disliked Zach, even though he had known
Zach for three years. Zach was still trying
to get along well with Bradley.
When Zach arrived, he asked if Bradley
wanted to drive his car. Bradley had a
driver’s license. Bradley said all right.
Zach told him not to drive fast, but that he
could drive anywhere he wanted. Bradley
got on the road. Zach gave Bradley a
few driving tips: Don’t drive next to big
trucks, because you never know when
they might crush you. Don’t drive be-
hind trucks filled with things, because
you never know when something in the
truck will fly out and hit your car.
On their way back, Zach suggested that
they stop at the golf course. He wanted to
show Bradley how to play golf. Bradley
wasn’t interested. He preferred his video
games. But Bradley soon discovered that
golf was fun! He hit a lot of balls. Zach
told him that he was doing well. The next
day Bradley, for the first time ever, called
Zach. He had a few blisters on his hands.
Zach said that usually happened. Then
Bradley asked if Zach would come next
Saturday so they could take a drive and
hit golf balls again. Zach said, of course,
and felt happy.

At first, Bradley liked better than
golf.
A) driving
B) video games
C) his lessons
D) a driver’s license

rationable:
The context mentions that, before spend-
ing the day with Zach and getting a
chance to try golfing for himself, Bradley
preferred video games over playing golf.
This implies that his interest in video
games is greater than his interest in learn-
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ing how to play golf or other activities
such as driving. Therefore the most likely
answer is B - "video games".

ground-truth: B

From AQUA-RAT:
content:
Two friends plan to walk along a 43-km
trail, starting at opposite ends of the trail
at the same time. If Friend P’s rate is 15%
faster than Friend Q’s, how many kilome-
ters will Friend P have walked when they
pass each other?

A) 21
B) 21.5
C) 22
D) 22.5
E) 23

rationable:
If Q complete x kilometers, then P com-
pletes 1.15x kilometers. x+ 1.15x = 43.
2.15x = 43. x = 43/2.15 = 20. Then
P will have have walked 1.15× 20 = 23
km. The answer is E.

ground-truth: E

From ARC:
content:
Sheep Challenge Evolution A species of
sheep lives on the Scottish island of Hirta.
Hirta has plenty of grass for the sheep to
eat, and no natural predators of the sheep
live on the island. Some sheep have dark
wool, and some have light wool. The
sheep with dark wool tend to be much
larger and stronger than the sheep with
light wool. However, researchers have
found that in the last 20 years, the sheep
with light wool have increased in number.
Usually, strength and size help animals
survive and breed. A new sheep predator
is introduced to the island. Which change
to the sheep population will most likely

occur first?

A. a decrease in the population of sheep
with dark wool
B. a decrease in the population of sheep
with light wool
C. an increase in the population of sheep
with dark wool
D. an increase in the population of sheep
with light wool.

rationable:
1. Predator Introduction: A new preda-
tor is introduced to the island.
2. Selective Pressure: The predator
poses a threat to the sheep population.
3. Trait Advantage: Sheep with dark
wool are larger and stronger, giving them
an advantage in defending themselves
against the predator.
4. Survival and Breeding: Sheep with
dark wool are more likely to survive and
successfully breed, passing on their ad-
vantageous trait.
5. Population Decrease: As a result
of the selective pressure, the popula-
tion of sheep with light wool, which are
less equipped to defend themselves, will
likely decrease.

ground-truth: B

B Prompts

We fine-tune all models using a unified CoT
prompting scheme adapted for multiple-choice
questions with K options (e.g., A–D or A–E). To
ensure rigorous comparison, the core instructional
content remains identical across all models, dif-
fering only in the specific chat template (control
tokens) required by the respective tokenizers.

B.1 Unified Instruction Content

The core content of our prompt consists of a fixed
system instruction and a template-based user query,
defined as follows:
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Unified Prompt Content

{System Message}: You are a helpful reasoning assistant.
You must perform explicit step-by-step reasoning before
giving the final answer.

{User Message}: {Question stem + options}
Please think step by step (chain of thought) to solve this
single choice question. After reasoning, output on the last
line exactly in the format: Answer: <OPTION_LETTER>.

B.2 Chat Templates

We wrap the content defined above into the spe-
cific formats required by LLaMA-2-7B-chat and
Qwen families. We denote the content blocks from
the box above as {System Message} and {User
Message}.

LLaMA-2-7B-chat Chat Template

[INST] «SYS»
{System Message}
«/SYS»
{User Message} [/INST]

Qwen (ChatML) Template

<|im_start|>system
{System Message}<|im_end|>
<|im_start|>user
{User Message}<|im_end|>
<|im_start|>assistant

Answer format constraint. We require the last
line of the model response to be exactly Answer:
<OPTION_LETTER>, where <OPTION_LETTER> cor-
responds to the valid candidate labels for the spe-
cific dataset (e.g., ∈ {A, B, C, D} or {A, . . . , E}).
This constraint is enforced consistently across all
datasets and training regimes.

C Frequency Analysis

To validate the robustness of our head selection
strategy, we analyze the recurrence frequency of
candidate heads across the probe dataset Dprobe. As
illustrated in the frequency distribution plot (Fig-
ure 6), the identification of both Steadfast and Wa-
vering Heads exhibits a pronounced heavy-tailed
structure.

This structural sparsity provides two critical
mechanistic insights:

Intrinsic Consistency vs. Transient Noise. The
distribution reveals a compact core of heads that
satisfy the filtering criteria across a vast majority
of probe samples (often appearing in > 75% of
instances). This high recurrence confirms that the
observed behaviors (sustained uncertainty or early

Figure 6: Frequency distribution of candidate heads
satisfying the Steadfast (bottom) and Wavering (top)
filtering criteria across the 40-sample probe set. The
heavy-tailed distribution indicates that a distinct subset
of heads consistently exhibits the target behavior, justi-
fying a focused selection budget.

commitment) are intrinsic functional attributes of
specific heads, rather than transient artifacts depen-
dent on specific input tokens. Conversely, the long
tail consists of heads that exhibit these behaviors
only sporadically, suggesting they do not play a
reliable role in the global decision dynamics.

Empirical Grounding for Budget Selection.
The sharp drop-off in the frequency curve empir-
ically justifies our strictly constrained interven-
tion budget (M = 30). Since the "signal"—
represented by consistent participation in the option
competition—is highly concentrated in the top tier
of the distribution, expanding the selection budget
into the long tail would likely yield diminishing
returns. This confirms that effectively steering the
model requires targeting only the canonical subset
of heads where decision plasticity is concentrated.

D Theoretical Analysis: Gradient
Vanishing.

Let t⋆ be the answer-token position and s ∈ R|K|

the logits over options K, with p = softmax(s)
and gold y ∈ K. For cross-entropy L =
− log p[y],

∂L

∂s
= p− ey. (5)

2790



Crucially, low entropy alone does not imply small
gradients: a distribution can be low-entropy yet
confident on a wrong option, yielding a large ∥p−
ey∥. The relevant “saturation ⇒ small gradient”
regime is the correctly-saturated case, i.e., p[y] ≈ 1
(equivalently, a large positive margin m = sy −
maxk ̸=y sk ≫ 0), where ∥p− ey∥ ≈ 0.

To relate this to a head (ℓ, h) under a frozen
backbone, we locally linearize the influence of its
head-wise readout zℓ,h ∈ R|K| at t⋆:

s ≈ s0 +Aℓ,h zℓ,h, (6)

where Aℓ,h is a local coupling matrix. By chain
rule,

∇θℓ,hL =
(∂zℓ,h
∂θℓ,h

)⊤
A⊤

ℓ,h(p− ey). (7)

Eq. (7) highlights two distinct bottlenecks: (i) error
saturation when the model is already confidently
correct at t⋆ (p[y]≈ 1), and (ii) weak/misaligned
coupling (Aℓ,h) from that head into the option log-
its. Therefore, interpreting Steadfast (low-entropy)
heads as “hard to train” requires the additional con-
dition that their collapse is typically aligned with
the gold label on the fine-tuning distribution, so
that p− ey is small. Conversely, Wavering (high-
entropy) heads more often operate in small-margin
regimes where p− ey is non-trivial, providing us-
able supervision signals. While our selection is
entropy-only and does not explicitly estimate Aℓ,h,
SHFT provides a causal sanity check: if the cho-
sen heads lacked usable coupling, updating only
them under a frozen backbone would not yield the
consistent gains we observe.

E Training Details

We perform supervised fine-tuning (SFT) with an
autoregressive language-modeling objective, where
the loss is computed only over the assistant re-
sponse tokens (the prompt tokens are masked out).
Each training example is truncated to a maximum
sequence length of 1024 tokens; when truncation
is necessary, we keep the suffix to preserve the
response portion.

Unless otherwise specified, we train for 10
epochs with a learning rate of 5 × 10−5. We use
a per-device batch size of 1 with gradient accu-
mulation of 8 steps, yielding an effective batch
size of 8 × N where N is the number of data-
parallel devices. Optimization uses AdamW and

a cosine learning-rate schedule with a warmup ra-
tio of 0.03. We log training statistics every 10
update steps. Mixed precision is enabled when-
ever applicable: we use bfloat16 if supported by
the hardware, and otherwise fall back to float16.
For memory-constrained settings, we optionally
support 8-bit weight loading, and enable gradient
checkpointing when needed.

For LLaMA-style experiments, we run epoch-
level evaluation on a held-out validation split and
retain the checkpoint with the best validation loss
(keeping at most one checkpoint). For Qwen-
style experiments, we follow the same optimiza-
tion hyperparameters but omit intermediate valida-
tion/checkpointing and save the final model state.

For LoRA-based baselines, we attach low-rank
adapters to the attention q_proj and v_proj mod-
ules in all transformer layers, using rank r = 8 and
scaling α = 16 (i.e., α/r = 2). We set bias=none
and use zero LoRA dropout (lora_dropout=0).
All other optimization hyperparameters follow the
default SFT setup described above. When 8-bit
weight loading is enabled, we additionally ap-
ply the standard k-bit preparation before injecting
LoRA adapters.

F Heads Filtering Details

We implement a four-stage pipeline to identify at-
tention heads with characteristic confidence dy-
namics during step-by-step generation: (i) per-step
head-wise logit tracing, (ii) entropy computation,
(iii) heatmap visualization, and (iv) dataset-level
head selection.

Stage 1: Per-step head-wise logit tracing. For
each example x, we perform autoregressive de-
coding and record, at every generation step t ∈
{1, . . . , Tx}, the contribution of each attention
head (ℓ, h) to the logits over the multiple-choice
answer options. Let K denote the number of
answer options (in our setting K = 4 for CoT-
Collection/ARC-CoT and K = 5 for AQUA-RAT).
We denote the recorded head-wise option logits as

z
(x)
ℓ,h,t ∈ RK . (8)

Unless otherwise noted, we run deterministic de-
coding with maximum generation length Tx ≤ 256,
temperature 0, top-p = 1.0, and repetition penalty
1.0. To mitigate degenerate copying loops during
long generations, we additionally use a sliding-
window overlap detector with window size 120
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and overlap-ratio threshold 0.9; we allow optional
length extension up to a factor of 2 if early stopping
is triggered.

Stage 2: Entropy computation and normaliza-
tion. From head-wise logits, we compute an op-
tion distribution with inverse-temperature scaling
β:

p
(x)
ℓ,h,t = softmax(β z

(x)
ℓ,h,t), (9)

and the corresponding entropy

H
(x)
ℓ,h,t = −

K∑

k=1

p
(x)
ℓ,h,t(k) log p

(x)
ℓ,h,t(k). (10)

We set β = 1.0 throughout unless specified other-
wise. For visualization and robust thresholding, we
further apply a per-example min–max normaliza-
tion across all heads and steps:

H̃
(x)
ℓ,h,t = clip


H

(x)
ℓ,h,t −H

(x)
min

H
(x)
max −H

(x)
min

, 0, 1


 , (11)

where H
(x)
min = minℓ,h,tH

(x)
ℓ,h,t and H

(x)
max =

maxℓ,h,tH
(x)
ℓ,h,t. This normalization maps entropy

to [0, 1] within each example and is used only for
visualization and thresholding; all head ranking
and statistics are computed on the original (unnor-
malized) entropy values.

Stage 3: Heatmap visualization. For each ex-
ample x, we summarize each head by its time-
averaged normalized entropy

H
(x)
ℓ,h =

1

Tx

Tx∑

t=1

H̃
(x)
ℓ,h,t, (12)

and render a layer×head heatmap H
(x) ∈ RL×H .

We use a blue colormap and rasterize figures at 200
DPI.

Stage 4: Per-example candidates and dataset-
level selection. We first identify candidate heads
on each example by detecting persistent low-
entropy (“white-band”) or high-entropy (“blue-
band”) segments in H̃

(x)
ℓ,h,t. For low-entropy heads,

we compute:

f
(x)
ℓ,h =

1

Tx

Tx∑

t=1

⊮[H̃(x)
ℓ,h,t < τlow], (13)

m
(x)
ℓ,h =

1

Tx

Tx∑

t=1

H̃
(x)
ℓ,h,t, (14)

and r
(x)
ℓ,h is equal to max consecutive run length

of 1[H̃
(x)
ℓ,h,t < τlow]. A head is marked as a low-

entropy candidate for example x if

f
(x)
ℓ,h ≥ α, r

(x)
ℓ,h ≥ c, m

(x)
ℓ,h ≤ µ, (15)

with τlow=0.05, α=0.6, c=10, and µ=0.25. (High-
entropy candidates are defined analogously by flip-
ping the inequality, using a high-entropy threshold
and requiring the mean entropy to be above a given
bound.)

Frequency-first ranking and top-30 selection.
Given a dataset D of N examples, we aggregate
candidates into a dataset-level score per head. Let
s
(x)
ℓ,h ∈ {0, 1} indicate whether head (ℓ, h) is se-

lected as a candidate on example x under the above
criteria. We define the selection frequency

Fℓ,h =
1

N

∑

x∈D
s
(x)
ℓ,h , (16)

and the auxiliary time-averaged entropy

mℓ,h =
1

N

∑

x∈D
m

(x)
ℓ,h . (17)

We rank heads primarily by Fℓ,h (descending). For
ties or near-ties, we break ties using mℓ,h (as-
cending for low-entropy sets, descending for high-
entropy sets). Finally, we select the top M=30
heads for downstream selective fine-tuning and
analysis.

Practical considerations. The pipeline supports
processing either explicit example IDs or contigu-
ous subsets (offset/limit) and allows skipping indi-
vidual stages for efficiency. To reduce disk usage,
we optionally discard intermediate step-level traces
after producing per-head entropy time series and
visualizations.

Following this procedure, we present a repre-
sentative set of entropy heatmaps in the appendix
to qualitatively illustrate the recurring head-wise
patterns and their cross-example consistency.

G Heads Filtering Results

In this section, we provide extended visualizations
of the Dynamic Entropy Tracing results to substan-
tiate the quantitative analysis presented in the main
text. By mapping the spatiotemporal evolution of
head-wise uncertainty, these heatmaps offer qualita-
tive evidence for the functional dichotomy between
components that sustain deliberation and those that
commit early.
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LLaMA-2-7B-chat on CoT-Collection Figure 7
presents representative entropy traces for LLaMA-
2-7B-chat. The visualization clearly demarcates
the two functional distinct behaviors: Waver-
ing Heads manifest as continuous "blue bands" ,
whereas Steadfast Heads appear as "white bands"
.

Qwen3-8B on AQUA-RAT Figure 8 extends our
analysis to Qwen3-8B on the AQUA-RAT bench-
mark. Despite differences in model architecture
and the quantitative nature of the reasoning task,
the entropy signatures remain highly consistent.

H Additional Robustness and Transfer
Analyses

This appendix consolidates supplementary robust-
ness, transfer, and sensitivity analyses. All experi-
ments follow the training setup in Appendix E.

H.1 Cross-Task Transfer of Wavering Heads

To assess whether Wavering Heads reflect an in-
trinsic, task-consistent head property, we evaluate
cross-task transfer: select heads on a source dataset,
then fine-tune and evaluate on a target dataset. Ta-
ble 3 reports the pairwise overlap of the top-30 Wa-
vering Head sets across benchmarks; Tables 4 and 5
report transfer accuracy for LLaMA-2-7B-chat and
Qwen3-8B, respectively. Cross-task transfer incurs
only modest degradation (mean ∆ = −0.012 for
LLaMA, −0.008 for Qwen) while consistently out-
performing SH-only, and the degradation correlates
with head-set mismatch (r ≈ −0.87), supporting
the interpretation of Wavering Heads as an intrinsic
architectural property.

Source ↔ Target LLaMA-2 Qwen3

CoT ↔ AQUA 24/30 (80.0%) 18/30 (60.0%)
CoT ↔ ARC 19/30 (63.3%) 20/30 (66.7%)
AQUA ↔ ARC 18/30 (60.0%) 16/30 (53.3%)
Three-way core 17/30 (56.7%) 16/30 (53.3%)

Table 3: Pairwise overlap of top-30 Wavering Head sets
across benchmarks.

H.2 Seed Variance

Table 6 reports accuracy over 3 random seeds on
LLaMA-2-7B-chat. On CoT-Collection and ARC-
CoT, the WH–SH gap (3.7 and 10.9 points) far
exceeds the standard deviations of both WH-only
and SH-only (≤ 1.0 point). On AQUA-RAT the

Head Source CoT-Coll. AQUA-RAT ARC-CoT

CoT-Collection (native) 0.696 0.252 0.576
AQUA-RAT 0.688 0.259 0.571
ARC-CoT 0.679 0.246 0.590

SH-only (ref.) 0.659 0.244 0.480
Random-head (ref.) 0.664 0.229 0.556

Table 4: Cross-task transfer accuracy on LLaMA-2-7B-
chat.

Head Source CoT-Coll. AQUA-RAT ARC-CoT

CoT-Collection (native) 0.849 0.604 0.795
AQUA-RAT 0.842 0.612 0.790
ARC-CoT 0.845 0.600 0.800

SH-only (ref.) 0.822 0.594 0.770
Random-head (ref.) 0.845 0.599 0.793

Table 5: Cross-task transfer accuracy on Qwen3-8B.

gap is narrower (1.5 points) but still exceeds indi-
vidual standard deviations. WH-only also exhibits
the smallest variance across benchmarks, consis-
tent with targeting a mechanistically stable subset.

Method CoT-Coll. AQUA-RAT ARC-CoT

Full SFT 0.706± 0.011 0.271± 0.014 0.567± 0.009
WH-only 0.693± 0.008 0.256± 0.011 0.587± 0.008
SH-only 0.656± 0.010 0.241± 0.012 0.478± 0.010
Random-head 0.660± 0.014 0.226± 0.016 0.552± 0.013

Table 6: Seed variance (mean ± std over 3 seeds) on
LLaMA-2-7B-chat.

H.3 Random-Head Draw Variance

Table 7 reports variance across 3 independent
draws of 30 random heads on LLaMA-2-7B-chat.
Even the best random draw does not reach WH-
only performance on any benchmark.

Statistic CoT-Coll. AQUA-RAT ARC-CoT

Mean ± std (n = 3) 0.662± 0.012 0.228± 0.010 0.552± 0.010

Table 7: Random-head baseline variance (3 independent
draws of 30 heads) on LLaMA-2-7B-chat.

H.4 Probe-Set Sensitivity

Tables 8 and 9 report the sensitivity of head selec-
tion to the probe-set size N . Performance degrades
only ∼0.5–1 point at N = 20 and plateaus by
N = 40. Even at N = 20, WH-only remains
well above SH-only (e.g., 0.689 vs. 0.656 on CoT-
Collection for LLaMA-2).
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(a) L5-H5 as WH (b) L20-H10 as SH, L20-H23 as WH

(c) L21-H24 as WH (d) L26-H24 as SW, L26-H19 as WH

(e) L27-H2, L27-H15, L27-H31 as WH, (f) L28-H7 as SH, L28-H25 as WH

Figure 7: LLaMA2-7B-chat on CoT-Collection

N Overlap w/ N=40 CoT-Coll. AQUA-RAT ARC-CoT

20 83.3% 0.689± 0.007 0.251± 0.009 0.583± 0.008
40 (default) — 0.696± 0.004 0.259± 0.006 0.590± 0.005
60 90.0% 0.698± 0.003 0.261± 0.005 0.591± 0.004

Table 8: Probe-set size sensitivity on LLaMA-2-7B-chat.

H.5 Paths Toward Open-Ended Extensibility

While our main analysis focuses on multiple-choice
reasoning, the Dynamic Entropy Tracing frame-
work is not inherently tied to discrete option sets.
We outline three concrete paths for extending the
readout to open-ended or structured-generation
tasks:

(1) Top-k dynamic sets. At each decoding step,
K is adaptively constructed from the model’s own
top-k predictions. This lets entropy tracing mea-
sure head-level distribution sharpness without a
pre-specified answer space and is directly applica-
ble to open-ended generation.

(2) Semantic clustering. K is defined over cu-
rated sets of semantically meaningful token groups
(e.g., sentiment-indicative tokens, topic anchors),
allowing entropy tracing to capture higher-level se-
mantic decisions rather than literal answer labels.

(3) Contrastive probing. Entropy is computed
over tokens representing competing hypotheses in
a task-specific manner, capturing deliberation dy-
namics when the answer space is implicit (e.g.,

factuality, stance).
We consider each of these a promising direction

for follow-up work, particularly for tasks such as
GSM8K, open-domain QA, and long-form reason-
ing where the relevant decision variable is not a
discrete option letter.
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(a) L0-H4, L0-H7, L0-H17 as SH (b) L9-H30 as WH

(c) L10-H10 as SH, L10-H31 as WH (d) L12-H18 as SH

(e) L34-H7, L34-H25 as SH, L34-H8, L34-H9, L34-H18,
L34-H21 as WH

(f) L35-H6, L35-16, L35-H24, L25-H25 as SH, L35-H8, L35-
H15, L35-H19 as WH

Figure 8: Qwen3-8B on AQUA-RAT

N Overlap w/ N=40 CoT-Coll. AQUA-RAT ARC-CoT

20 86.7% 0.843± 0.006 0.604± 0.008 0.794± 0.007
40 (default) — 0.849± 0.003 0.612± 0.005 0.800± 0.004
60 93.3% 0.850± 0.002 0.614± 0.004 0.801± 0.003

Table 9: Probe-set size sensitivity on Qwen3-8B.
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