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Abstract

While LLMs demonstrate impressive reasoning
capabilities, they remain fragile in multi-step
logic deduction, where a single transition er-
ror can propagate through the entire reasoning
chain, leading to unstable performance. In this
work, we identify logical connectives as pri-
mary points of this structural fragility. Through
empirical analysis, we show that logical con-
nective tokens function as high entropy forking
points, at which models frequently struggle to
determine the correct logical direction. Moti-
vated by this observation, we hypothesize that
intervening in logical connective selection can
guide LLMs towards the correct logical direc-
tion, thereby improving the overall reasoning
chain. To validate this hypothesis, we propose a
multi-layered framework that intervenes specif-
ically at these logic-critical junctions in the
reasoning process. Specifically, we introduce
(1) Gradient-based Logical Steering to guide
LLMs internal representations towards valid
reasoning subspaces, (2) Localized Branching
to resolve ambiguity via targeted look-ahead
search, and (3) Targeted Transition Preference
Optimization, a surgical reinforcement learn-
ing objective that selectively optimizes single-
token preferences at logical pivots. Crucially,
by concentrating intervention solely on logic-
critical transitions, our framework achieves a
favorable accuracy–efficiency trade-off com-
pared to global inference time scaling methods
like beam search and self-consistency1.

1 Introduction

Logical reasoning (Zhang et al., 2025b,c) serves as
a cornerstone of general intelligence, enabling large
language models (LLMs) to tackle rigorous do-
mains such as complex decision-making, program
synthesis, or mathematics (Wei et al., 2024; Zhang
et al., 2025a; He et al., 2025; Luo et al., 2025).
Unlike open-ended generation, logical reasoning

1The code link is: https://github.com/lei-nlp-lab/
reasoning_fragility_acl_2026

requires the model to construct a coherent chain
of thought, where valid conclusions are derived
from premises through a structured, multi-step de-
ductive process (Wei et al., 2022a; Lightman et al.,
2023; Liu et al., 2025; McGinness and Baumgart-
ner, 2024). In this strict framework, the integrity of
the sequence is paramount: a single flaw in an inter-
mediate step can propagate into a complete failure
of the reasoning chain. Therefore, ensuring the
precision of each transition within the reasoning
process is critical for reliable model performance.

We observe that logical connectives serve as crit-
ical points of fragility in reasoning. Logical connec-
tives, such as therefore, however, and but, function
as linguistic pivots that explicitly direct the logical
links between successive reasoning steps. Through-
out this paper, we use the term logical connectives
to refer to explicit discourse markers that signal
logical relations between reasoning steps, follow-
ing the discourse relation framework of Robaldo
(2008). These tokens act as directional signals: a
single connective chosen at the wrong step can redi-
rect the reasoning chain and ultimately determine
whether the deduction is valid or incorrect. This
high-leverage role is illustrated in Figure 1, where
replacing only the logical connective is sufficient to
flip the final conclusion, revealing that valid reason-
ing often hinges on these specific transition points.

To further validate this observation, we conduct
a diagnostic analysis to uncover the fragility of
reasoning process in LLMs (Section 3). Our analy-
sis reveals that logical connectives are pivot points
of reasoning fragility and function as critical deci-
sion junctions. Firstly, token-level entropy analysis
shows that uncertainty is predominantly concen-
trated at connective positions. Secondly, inspection
of the top candidates in the model’s distribution in-
dicates that the model’s decision primarily focuses
on which connective to use, rather than refining
the surrounding content. Thirdly, substituting con-
nective tokens alone produces statistically signif-
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Prompt :

You want to choose a fruit to eat. The rule for selection is strict: (1) The fruit must be Red. (2) The fruit must be Sweet. 
Options:  (1) Lime: Green and Sour. (2) Chili: Red and Spicy. (3) Apple: Red and Sweet. (4) Lemon: Yellow and Sour. 
Which option should you choose? 
Choices: [ "Lime", "Chili", "Apple", "Lemon" ]

Response :

We are considering the Chili 
because it matches the red c
olor requirement. Next Token

But

And

Even if

Instead

However

it is spicy rather than sweet, which violates the second rule. Therefore, we reject 
the Chili and select the Apple. Answer: \boxed{Apple}

, the rules strictly demand sweetness, and the Chili is spicy. So, the only valid o
ption remaining is the Apple. Answer: \boxed{Apple}

it looks very ripe and attractive. Since it satisfies the color condition perfectly, 
we decide to choose the Chili. Answer: \boxed{Chili}

it is spicy, we prioritize the visual attribute of being red over the taste requireme
nt. Thus, we select the Chili. Answer: \boxed{Chili}

, we decide to pick the Lime because it is the only citrus fruit available, ignorin
g the color constraint. Answer: \boxed{Lime}

Figure 1: Example showing the fragility of reasoning at logical connective pivots: replacing only the logical
connective at a single transition flips the final answer.

icant changes in the final reasoning performance,
with such connective perturbations derailing cor-
rect chains nearly twice as often as perturbations
at other high-entropy positions. Furthermore, anal-
ysis at the level of logical relations reveals that
successful reasoning repairs occur when connec-
tive perturbations drive transitions between differ-
ent relation types, rather than token substitutions
within the same relation category, which confirms
that connective choices direct the logical trajec-
tory of the reasoning chain. Taken together, these
findings suggest that logical connectives operate as
ambiguous forking points where the model strug-
gles to determine the next logical direction, and
small mistakes at these junctures can propagate
and ultimately degrade the entire reasoning chain.

Motivated by the above observation and analysis,
we arrive at the following core hypothesis: Optimiz-
ing logical connectives as the key decision points
will guide the model to select a valid logic-aware
reasoning path, thereby leading to correct reason-
ing answer and improving reasoning performance.

To substantiate this hypothesis, we propose a
multi-layered framework that intervenes directly
at these logic-critical junctions and provides fo-
cused control across three complementary levels.
To elaborate: (i) at the activation level, we design a
gradient-based steering mechanism to steer LLMs
internal representations toward valid logic direc-
tions, enabling recovery from failing reasoning
chains without modifying model weights (Turner
et al., 2023; Rimsky et al., 2024), (ii) at the in-
ference level, we introduce localized branching,
a look-ahead strategy that computes an ambigu-

ity score at connective positions and selectively
explores only the most promising logic-guided
paths (Zhao et al., 2024; Chen et al., 2023), (iii)
at the training level, we propose Targeted Transi-
tion Preference Optimization, a surgical reinforce-
ment learning objective that optimizes single-token
preferences at logical pivots to refine the model’s
distribution. Together, these three strategies guide
LLMs towards an optimal logic-aware reasoning
path by controlling the logic transition points where
reasoning failures most often originate.

The experiments on five logical reasoning bench-
marks and four LLMs demonstrate that by shifting
the focus from the entire sequence to these high
leverage transitions, our approach achieves perfor-
mance gains while maintaining the efficiency of
greedy decoding. Our main contributions are:

• We empirically diagnose logical connectives
as the primary points of fragility in reasoning

• We introduce a multi-layered framework to
guide LLMs towards a logic-aware reasoning
path by intervening directly at logic junctions

2 Related Work

Logical Reasoning Logical reasoning (Zhang
et al., 2025c; Yang et al., 2023) in NLP gener-
ally refers to the ability to derive valid conclu-
sions from a given set of premises. While LLMs
have demonstrated emergent capabilities in deduc-
tive reasoning (Creswell et al., 2022; Wei et al.,
2022b), they often struggle with compositionality,
the ability to maintain logical consistency across
long, multi-step chains. Previous works (Creswell
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She studied very hard , but she failed the exam.

She studied very hard , but she did not get a good grade.

1) Non-Steering

2) Steering

(a) Gradient-based Logical Steering

It is raining outside , but

and

so

the wind is blowing strong

I left my umbrella at

we decided to stay indoors
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(b) Localized Branching

Question:
He has a ticket. Can he enter the stadium?
A) Yes
B) No

Response:

He has a ticket, Next Token

but

therefore

the ticket is expired. The exception overrides the 
possession.
Therefore, the answer is \boxed{B}

he meets the entry requirement. The consequence 
follows the possession.
Therefor, the answer is \boxed{A}

Correct
Token Probability

Incorrect
Token Probability

Compute DPO loss only first token

(c) Targeted Transition Preference Optimization (TTPO)

Figure 2: Connective centric methods across three stages. (a) Steering provides training-free activation intervention
at connective junctions. (b) Branching provides compute localized test time search by scoring short continuations
for alternative connectives. (c) TTPO provides minimal tuning by optimizing only the single token preference at
connective pivots, correcting the underlying distribution that causes brittle transitions.

et al., 2022; Wei et al., 2022b) have attempted to
bridge this gap by decomposing reasoning into ex-
plicit ’Selection-Inference’ steps or by integrating
neuro-symbolic modules (Creswell and Shanahan,
2022; Pan et al., 2023) that translate natural lan-
guage into formal logic representations. However,
these approaches often require rigid formalisms
or external solvers. In contrast, our work focuses
on the intrinsic linguistic mechanism of reason-
ing within the model. We posit that the failures
in multi-step deduction often stem from imprecise
transitions at the token level, specifically at logical
connectives, which serve as the natural language
operators for deduction.

Inference Time Intervention Test-time scaling
methods improve reasoning by allocating extra
compute via global search or sampling (e.g., Self-
Consistency, ToT) (Lightman et al., 2023; Chen
et al., 2025; Wang et al., 2022; Yao et al., 2023),
but they are often compute-inefficient because they
scale over entire trajectories. We instead localize in-
tervention to connective pivots: (i) activation-level
steering nudges hidden states without weight up-
dates (Panickssery et al., 2024; Turner et al., 2023),
and (ii) pivot triggered lookahead branching ex-
plores only when connective ambiguity is detected
(Zhao et al., 2024; Chen et al., 2023). This yields a
targeted alternative to global scaling while preserv-
ing near greedy decoding behavior.

Critical Tokens and Token-Level Analysis Re-
cent studies show that uncertainty is often domi-
nated by a small set of high-entropy tokens that
act as branching points, and that editing such to-
kens can disproportionately change the final answer
(Wang et al., 2025; Zur et al., 2025; Bogdan et al.,
2025; Lin et al., 2024). We adopt this token level
perspective but focus on a linguistically grounded
subset: logical connectives. Using entropy statis-
tics on CoT traces, we find that high entropy events
concentrate on connective positions, and we inter-
vene directly at these junctions during generation
via both inference time mechanisms and a targeted
training objective.

3 Preliminary

In this section, we empirically validate our core
hypothesis: logical connectives act as the primary
decision-making pivots in CoT reasoning, yet they
represent points of fragility in current LLMs. We
conduct our pilot analysis primarily on ZebraLogic
(Lin et al., 2025), and additionally use the deduc-
tive subset of BIG-Bench Hard (BBH) (Suzgun
et al., 2023) as a controlled testbed for single token
replacement experiments.

3.1 High Entropy Rate of Logical Connectives
To quantify the intrinsic uncertainty associated
with logical transitions, we measure the High En-
tropy Rate (RHE) specifically for the set of logical
connectives Sl (Appendix A) on the ZebraLogic
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Figure 3: Analysis of token entropy at logical connec-
tive positions. The proportion of connectives exceeding
the entropy threshold τ = 1.0.

dataset. This metric represents the probability that
the model encounters high uncertainty when gen-
erating a connective. Following our experimental
setup, we define RHE as:

RHE(Sl) =

∑
t I(wt ∈ Sl ∧Ht > τ)∑

t I(wt ∈ Sl)
(1)

where I(·) is the indicator function and τ = 1.0
is the entropy threshold.

As illustrated in Figure 3, our empirical analy-
sis reveals that a substantial proportion of logical
connectives are generated under high entropy con-
ditions. To ensure this finding is not an artifact
of a specific threshold, we conducted two supple-
mentary analyses (detailed in Appendix B). First, a
threshold free quantile enrichment analysis shows
that connectives are over-represented in every high-
entropy tail by a factor of 2.0–5.8×, despite con-
stituting only ∼4–7% of all generated tokens. Sec-
ond, a comparison across token categories over a
broad τ sweep confirms that logical connectives
consistently exhibit the highest RHE among all
categories at every threshold tested.

3.2 Logical Ambiguity in Top-K Candidates

Figure 4: Logical connective presence in the Top-5
candidate set across models.

To determine if high entropy reflects mere stylis-
tic variation or genuine logical ambiguity, we in-
spect the Top-5 candidate distribution at these junc-
tions, again on ZebraLogic. We find that in the
majority of high entropy cases, the Top-5 set con-
tains at least one alternative logical connective.

This indicates that these positions are forking
points, the model’s internal representations are si-
multaneously entertaining multiple, divergent rea-
soning trajectories.

3.3 Disproportionate Causal Leverage of
Logical Connectives

To evaluate the causal leverage of logical connec-
tives, we perform single-token perturbation experi-
ments on both ZebraLogic and the BBH deductive
subset. Specifically, we replace exactly one greed-
ily selected connective with a random alternative
from Sl and observe the impact on the final reason-
ing outcome.

Original→Modified Label Rate (%)
Correct→ Correct C→ C 23.4
Correct→ Incorrect C→ I 16.3
Incorrect→ Incorrect I→ I 50.5
Incorrect→ Correct I→ C 9.8

Table 1: Distribution of answer correctness under a
single random logical connective replacement on Ze-
braLogic.

As shown in Table 1, a single random token
change at a logical junction causes a significant
divergence in the final answer. To properly in-
terpret this causal impact, we measure two con-
ditional metrics. First, we observe a conditional
fragility of 41.1% among originally correct chains
( C→I
C→C+C→I ), meaning nearly half of the correct

reasoning trajectories are completely derailed by
changing just one connective.

Conversely, we observe a conditional repair
rate of 16.2% among originally incorrect chains
( I→C
I→I+I→C ). This rate represents a strict lower

bound on repairability, as it reflects the outcome
of random connective selection; our targeted meth-
ods (Section 4), which guide the model to select
connectives based on contextual signals, are de-
signed to operate substantially above this baseline.
The asymmetry between high fragility (41.1%) and
low random repair (16.2%) reveals that the space of
trajectory-derailing connectives is much larger than
the space of trajectory-correcting ones, directly mo-
tivating the need for principled connective selection
at these high-leverage pivots.
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Single-Token Replacement Type C→ I Rate (%)
Connective→ Random connective 22.8
Connective→ Same-class connective 21.7
Non-connective→ Random token 13.0

Table 2: Controlled single-token replacement on the
BBH dataset. Perturbing a connective derails the correct
reasoning chain nearly twice as often as perturbing a
general high-entropy token.

Crucially, we prove that this disproportionate
leverage is unique to logical connectives, rather
than a generic property of any uncertain position.
Specifically, we conduct a controlled single-token
replacement study on the deductive subset of the
BBH dataset (Table 2), and compare the impact
of perturbing a connective against perturbing a
generic non-connective token drawn from the high-
entropy tail. We found that perturbing a connec-
tive derails a correct chain (C → I) at a rate of
22.8%, whereas perturbing a non-connective high-
entropy token disrupts the chain only 13.0% of
the time. This occurs despite logical connectives
constituting only a small fraction (∼4–7%) of all
generated tokens. Furthermore, replacing a connec-
tive with another connective from the same logi-
cal class (e.g., “but” to “however”) still yields a
high 21.7% failure rate, comparable to random
cross-class replacements. This disproportionate
per-token impact confirms that connective positions
are structurally brittle pivot points. They do not
merely represent unstable decoding steps, but act
as high-leverage operators that structurally amplify
local perturbations into downstream trajectory di-
vergence.

3.4 Logical Relation Level Analysis of
Connective Repairs

The previous subsections establish that connective
positions exhibit disproportionate causal leverage
over reasoning outcomes. A natural follow-up
question is whether the repairs observed at these
pivots stem from genuine shifts in logical rela-
tions, or merely from stylistic redistribution of near-
synonyms (e.g., swapping “but” for “however”).

To address this, we analyzed the transition pat-
terns of successful repairs at connective pivots on
the BBH deductive subset using Gemma-3-4b-it.
Our transition-level data reveals that the actual re-
pairs driving performance improvements are highly
concentrated in specific, semantically meaningful
cross-class relation transitions, rather than stylistic
within-class swaps.

Source Class Target Class Repair Rate (%)
Causal Instantiation 38.6
Causal Analogy 32.9
Causal Condition 27.2
Causal Contrast 26.9

Table 3: Top logical relation transitions driving rea-
soning repair (I → C) on the BBH deductive subset
(Gemma-3-4b-it). Repair Rate denotes the conditional
probability of repair given the specific source→target
transition ( I→C

I→I+I→C within each transition type). The
highest-yield repairs involve redirecting a premature
causal commitment to different logical operations.

As shown in Table 3, the most effective repairs
involve redirecting the model from an incorrect
causal conclusion (e.g., “therefore”, “hence”) to
fundamentally different logical operations. Specifi-
cally, 61.0% of all cross-class I → C repairs orig-
inate from causal connectives. The highest-yield
repairs involve shifting from a causal commitment
to an instantiation (38.6% conditional repair rate).

These transitions are not stylistic swaps. Re-
placing “therefore” with “for example” or “un-
less” fundamentally alters the logical operation
from a deductive commitment to an illustration,
exception, or qualification. This redirection forces
the entire downstream chain into a different tra-
jectory. This transition analysis directly confirms
that correcting a reasoning chain at these pivots
requires context-dependent shifts in logical rela-
tions—validating our core hypothesis that targeted
intervention at connective positions fundamentally
guides the model toward valid logical paths.

4 Method

4.1 Gradient-Based Logical Steering

To accurately capture the latent representation re-
sponsible for logical connectives, we design a gradi-
ent based steering method. While prior steering ap-
proaches (Rimsky et al., 2024; Turner et al., 2023)
often rely on averaging activation states, such meth-
ods risk capturing context specific semantic noise
rather than the functional role of the connective.
In contrast, our approach utilizes the gradient of
the target probability, which isolates the causal di-
rection in the activation space that maximizes the
likelihood of the correct logical connective.

Vector Extraction Let D (Appendix C.3.1) be a
dataset containing prompts paired with reference
logical connectives. For a given input sequence x,
let wc denote the correct logical connective token
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at index t. We focus on the hidden state hl
t ∈ Rd

from a target layer l immediately preceding wc. We
compute the gradient of the log probability of wc

with respect to hl
t:

g(i) = ∇hl
t
logP (wc | hl

t;x<t) (2)

Here, g(i) represents the direction in the repre-
sentation space that locally pushes the model to
generate the logical token. We aggregate these gra-
dients over N samples from OpenThoughts (Guha
et al., 2025) to compute the global steering vector
vsteer. The vector is obtained by averaging the
normalized gradients:

vsteer =
1

N

N∑

i=1

Normalize
(
g(i)

)
(3)

Inference Time Intervention During inference,
we inject this extracted feature back into the model
to guide reasoning when encountering logical con-
nectives. For a new input at time step t and layer l,
the original hidden state hl

t is modified by adding
the steering vector scaled by a coefficient α:

h̃l
t = hl

t + α · vsteer (4)

This operation effectively shifts the activation
state towards the logical reasoning subspace with-
out altering the model’s weights. By tuning α, we
can control the strength of the logical guidance,
ensuring the model remains attentive to transitions
even in greedy decoding.

4.2 Logical Connective Branching

While the steering method (Section 4.1) implic-
itly guides the model within the activation space,
our branching strategy intervenes explicitly in the
decoding space to resolve ambiguity at critical junc-
tions. As identified in our analysis, logical connec-
tives often serve as high entropy ‘forking points’.
When multiple plausible connectives appear at a
pivot, we expand K candidate continuations and
select among the branched candidates using both
signals: (i) an entropy based uncertainty estimate
and (ii) a confidence score. This idea is inspired by
the general principle from (Fu et al., 2025), which
ranks the branch with entropy and confidence score.
To navigate these bifurcations, we propose a looka-
head based selection mechanism that prioritizes the
reasoning path with the highest model certainty.

Trigger Mechanism and Branching To effi-
ciently detect intervention points without compu-
tational overhead, we define a set of target logical
connectives Sl (Appendix A). During the greedy de-
coding process at step t, we apply a two-stage trig-
ger criterion: branching is activated only when (i)
the top-1 candidate token wtop1 belongs to Sl, and
(ii) at least two candidates from Sl appear within
the top-K predictions. This ensures that branch-
ing occurs only at genuine decision points where
the model exhibits structural uncertainty, avoiding
unnecessary lookahead at low-ambiguity steps.

When triggered, instead of committing to wtop1,
we filter the top-K candidates for tokens present in
Sl, forming a candidate set C = {c(1), . . . , c(m)}
where m ≤ K.

Lookahead Evaluation For each candidate con-
nective c(k), we perform a lookahead generation
of length L to obtain a continuation trajectory
τ (k) = (y1, . . . , yL). We evaluate the quality of
each trajectory using two complementary metrics:

Trajectory Entropy (H) This measures the
model’s uncertainty regarding the path generated
after the connective. Lower entropy implies a
clearer reasoning chain.

H(τ (k)) =
1

L

L∑

j=1

H
(
P (· | x, c(k), τ (k)<j )

)
(5)

where H denotes the entropy of the next token
distribution.

Sequence Confidence (S) Entropy measures the
spread of the distribution, but not the correctness.
To ensure the generated path is high probability, we
compute the length normalized log probability of
the sequence:

S(τ (k)) =
1

L

L∑

j=1

logP (yj | x, c(k), τ (k)<j ) (6)

Selection Strategy Directly combining H(τ (k))
and S(τ (k)) can be scale sensitive. We therefore
normalize each signal across the candidate set at
the current pivot. Let {Hk}mk=1 and {Sk}mk=1 de-
note the entropy and confidence values for candi-
dates in C. We compute

H̃k =
Hk − µH

σH + ϵ
, S̃k =

Sk − µS

σS + ϵ
, (7)
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where (µH , σH) and (µS , σS) are the mean and
standard deviation over C, and ϵ is a small constant.
We then select the branch using a joint score:

c∗ = argminc(k)∈C
(
H̃k − S̃k

)
. (8)

This lookahead ensures that the chosen connec-
tive leads to a coherent and confident reasoning
trajectory, mitigating the error propagation typical
of standard greedy decoding.

4.3 Targeted Transition Preference
Optimization (TTPO)

While inference time strategies (Sections 4.1 and
4.2) effectively guide the model, they do not rectify
the underlying probability distribution that causes
logical errors. Traditional alignment methods like
RLHF or DPO optimize preferences over entire
response sequences. However, training on full se-
quences to correct specific local transitions is com-
putationally expensive and may introduce gradients
that degrade general language modeling capabili-
ties on non-critical tokens.

To address this, we propose TTPO. This method
adapts the DPO objective to focus exclusively on
the single token decision step at logical branching
points, serving as a highly efficient, surgical fine-
tuning stage.

Objective Formulation Let D = {(x,wc, wr)}
(Appendix C.3.1) be a dataset of triplets, where x
is the context right before a logical transition, wc

is the chosen connective, and wr is the rejected
one. To focus on the transition step, we define a
per token log ratio score sθ(x,w) = log πθ(w |
x) − log πref(w | x). Then TTPO maximizes the
margin between wc and wr only at this step:

∆θ(x,wc, wr) = sθ(x,wc)− sθ(x,wr). (9)

LTTPO = −ED
[
log σ(β∆θ(x,wc, wr))

]
. (10)

where πθ is the policy model, πref is the frozen
reference model, and β is a hyperparameter con-
trolling the deviation penalty.

Surgical Gradient Updates The key advantage
of TTPO lies in its gradient sparsity. During train-
ing, we perform a forward pass only up to the log-
ical connective position. The loss is computed
solely based on the logits of wc and wr, meaning
gradients are backpropagated only from this spe-
cific timestep.

5 Result

5.1 Experimental Setup
Models All experiments are conducted on two
families of instruction tuned model: Gemma 3
series (Team et al., 2025), Gemma-3-4b-it and
Gemma-3-12b-it, Phi 4 series (Abdin et al., 2024),
Phi-4-mini-instruct and Phi-4-reasoning-plus.

Baselines We report two standard decoding base-
lines. (1) Greedy decoding serves as our primary
baseline, representing the common single pass in-
ference setting. Additionally include (2) Beam
search as a stronger search-based baseline that
explores multiple candidate continuations while
remaining deterministic at inference time.

Dataset To evaluate deductive logical reason-
ing across diverse forms of structured inference,
we use five benchmark datasets: ZebraLogic (Lin
et al., 2025), BIG-Bench Hard (deductive subset)
(Suzgun et al., 2023), RuleBERT (Saeed et al.,
2021), LogiQA 2.0 (Liu et al., 2023), and Pron-
toQA (Saparov and He, 2022). These datasets col-
lectively cover multi-step deduction, rule based
inference, and formal/implicit logical transitions,
providing a comprehensive testbed for evaluating
robustness at logical junctions.

We additionally use OpenThought only for ex-
tracting the gradient-based steering vector (Sec-
tion 4.1). Importantly, OpenThought (Guha et al.,
2025) is not used for inference time generation,
candidate selection, branching evaluation, or RL
training; all reported results are produced solely by
the four target models listed above.

Method Configurations Detailed hyperparame-
ters and implementation settings for STEERING,
BRANCHING, and TTPO are provided in Ap-
pendix C and D.

5.2 Main Results
Table 4 summarizes results across five bench-
marks, comparing deterministic decoding baselines
against our connective centric methods spanning
different stages:

Greedy is fragile, and global search is not uni-
formly helpful. Beam search improves perfor-
mance on several datasets, but it can also degrade
accuracy on others, notably at ZebraLogic. This re-
inforces the practical limitation that the best decod-
ing strategy remains task dependent, and stronger
global search does not guarantee a better reasoning
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Gemma-3-4b-it Phi-4-mini-instruct (4B)
ZebraLogic BBH (Ded.) RuleBERT LogiQA 2.0 ProntoQA ZebraLogic BBH (Ded.) RuleBERT LogiQA 2.0 ProntoQA

Greedy (BL) 38.8 75.3 60.3 55.2 90.0 38.8 67.3 50.3 57.7 93.6
Beam Search (BL) 33.4 77.0 67.7 54.0 90.6 31.8 73.8 51.7 59.0 93.2
Steering 39.0 75.5 62.0 55.5 90.2 39.6 68.8 50.8 58.3 94.2
Branching 42.0 74.7 63.4 56.8 90.2 39.6 69.1 51.9 57.0 94.8
TTPO 40.4 75.9 60.8 56.0 90.4 38.6 67.2 50.7 59.4 96.6

Gemma-3-12b-it Phi-4-reasoning-plus (13B)
ZebraLogic BBH (Ded.) RuleBERT LogiQA 2.0 ProntoQA ZebraLogic BBH (Ded.) RuleBERT LogiQA 2.0 ProntoQA

Greedy (BL) 53.2 87.5 58.2 59.2 99.0 60.8 70.2 41.6 47.8 97.8
Beam Search (BL) 51.8 89.2 57.5 60.1 99.2 57.8 91.3 47.4 49.8 94.2
Steering 53.2 87.8 59.0 59.4 99.0 60.2 88.7 41.4 47.0 97.8
Branching 52.4 87.4 57.0 58.5 98.8 60.4 92.5 43.2 43.6 96.0
TTPO 55.6 86.4 57.3 59.5 99.2 58.4 86.4 43.7 45.7 97.6

Table 4: Overall results of steering, branching, and TTPO.

Gemma-3-4b-it Phi-4-mini-instruct (4B)
ZebraLogic BBH (Ded.) RuleBERT LogiQA 2.0 ProntoQA ZebraLogic BBH (Ded.) RuleBERT LogiQA 2.0 ProntoQA

Greedy (BL) 38.8 75.3 60.3 55.2 90.0 38.8 67.3 50.3 57.7 93.6
Beam Search (BL) 33.4 77.0 67.7 54.0 90.6 31.8 73.8 51.7 59.0 93.2
TTPO 40.4 75.9 60.8 56.0 90.4 38.6 67.2 50.7 59.4 96.6
TTPO + Steering 41.4 76.5 60.7 54.9 90.0 40.2 70.4 51.1 58.0 94.2
TTPO + Branching 39.2 77.1 61.3 55.4 92.2 38.6 69.1 52.1 57.7 94.2

Table 5: Comparing greedy, beam search and TTPO with branching and steering.

trajectory under strict evaluation. We additionally
compare with self-consistency (n = 5) in Table 11
(Appendix), where our methods achieve compara-
ble average accuracy at substantially lower com-
pute cost (Section 6.4).

Inference time interventions recover greedy fail-
ures at logical pivots. On the smaller models,
our inference time methods yield consistent gains
at connective junctions. For Gemma-3-4b-it, lo-
calized branching achieves the best ZebraLogic
score (38.8 vs. 42.0) and improves LogiQA (55.2
vs. 56.8), indicating that resolving ambiguity only
at connective forking points can recover failures
without global search. Steering also improves over
greedy across both 4B models (e.g., ZebraLogic
39.0/39.6, BBH 68.8 on Phi), suggesting that a
lightweight representation shift can stabilize local
transitions even under greedy decoding.

TTPO improves greedy behavior with minimal,
localized optimization. TTPO consistently im-
proves or matches greedy on most settings, while
remaining strictly focused on the single token de-
cision at logical pivots. Notably, TTPO is particu-
larly strong on Phi-4-mini-instruct for ProntoQA
(93.6 vs. 96.6) and LogiQA (57.7 vs. 59.4), demon-
strating that refining connective logits alone can
yield meaningful end task gains. For the larger
Gemma-3-12b-it model, TTPO achieves the best
ZebraLogic performance (53.2 vs. 55.6), suggest-
ing that token level transition refinement remains
beneficial even when the base model is already

strong.

Ablation and Method Complementarity. To un-
derstand how our three interventions interact, we
report additional ablations on the 4B models in
Table 5. The results indicate that the proposed
methods are not merely redundant variants of test
time scaling, but provide complementary control
signals at different stages of generation.

TTPO alone improves greedy decoding on mul-
tiple benchmarks, confirming that refining connec-
tive level decisions translates to end task gains.
Combining TTPO with steering further increases
robustness where greedy trajectories are brittle
at local transitions, while combining TTPO with
branching benefits tasks where connective ambigu-
ity is frequent and lookahead is informative.

6 Analysis

6.1 The Relationship between Connective
Density and Methodological Gains

Our methods trigger only at explicit connective
pivots; thus, gains correlate with connective density
(Figure 5). Benchmarks with sparse connectives
(e.g., BBH, LogiQA 2.0) offer fewer intervention
opportunities, limiting improvements even when
overall reasoning remains imperfect.

6.2 Discriminative Performance of Lookahead
Evaluation

The Sparsity of Logical Transitions As shown
in Figure 5, LogiQA 2.0 and BBH contain fewer
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Figure 5: Average count of logical connectives per sam-
ple across benchmarks under greedy decoding.

explicit logical connectives per sample than Ze-
braLogic, limiting intervention opportunities for
Steering and Branching. This limits the achiev-
able gains, since failures outside explicit connec-
tive transitions are less likely to be corrected by our
interventions.

To validate the reliability of our branching met-
ric, we evaluated whether the lookahead score ef-
fectively identifies the ground truth logical con-
nective. We ranked a candidate set containing the
ground-truth token alongside the model’s top-K
predictions based on our proposed metric.

Model Match Rate (%)
Gemma-3-4b-it 73.41
Phi-4-mini-instruct 69.14

Table 6: Match rate of the lookahead selection mecha-
nism against ground-truth logical connectives.

As shown in Table 6, our metric demonstrates
strong discriminative capability, aligning with the
ground truth in 73.4% and 69.1% of cases for
Gemma and Phi models, respectively. This con-
firms that the lookahead score acts as a robust proxy
for logical validity, successfully guiding the model
toward the correct reasoning path.

6.3 Distributional Sharpening at Logical
Pivots

To investigate how TTPO refines the model’s in-
ternal decision making, we analyze the probability
distribution at the specific positions where logical
connectives (Sl) are predicted. Figure 6 illustrates
the density of prediction confidence and entropy
for Gemma-3-4b-it.

The results demonstrate that TTPO effectively
sharpens the probability distribution at logical piv-
ots. While the baseline model exhibits high entropy
and low confidence at these forking points, TTPO
trained models show a marked shift toward higher
certainty and lower entropy. This distributional
sharpening indicates that our surgical optimization

Figure 6: Distribution of prediction confidence (left) and
entropy (right) at logical connective positions. TTPO
trained models exhibit a significant shift toward higher
certainty and lower ambiguity.

successfully resolves the structural ambiguity inher-
ent in logical transitions. By increasing the margin
between the optimal connective and sub-optimal al-
ternatives, the model commits decisively to a single
reasoning path, thereby mitigating error propaga-
tion during greedy decoding without the need for
exhaustive search.

6.4 Accuracy and Efficiency Trade-off
Table 12 shows that global test time scaling
baselines incur 3∼6× higher token cost and up
to 2.8∼4.1× higher latency than greedy on 4B
models, whereas our connective centric meth-
ods remain close to single pass decoding. As
shown in Table 11, on Gemma-3-4b-it our best
method per task achieves higher average accu-
racy than self-consistency (n=5) (65.7 vs. 65.2)
at ≤1.45× greedy cost, compared to 2.90× for
self-consistency. On Phi-4-mini-instruct, self-
consistency achieves marginally higher accuracy
(63.8 vs. 63.3) but at 4.37× token cost—a substan-
tial overhead for a 0.5 point gain. Overall, target-
ing connective pivots approximates the benefits of
global sampling at a fraction of the compute.

7 Conclusion

We identify logical connectives as critical pivots
that dictate reasoning trajectories. Our diagnos-
tic analysis reveals that these tokens concentrate
model uncertainty and exhibit disproportionate
causal leverage over reasoning outcomes. Rather
than relying on global optimization, we demon-
strate that intervening only at these transitions, via
activation-level steering, localized branching, and
targeted preference optimization, is sufficient to
enhance reasoning performance while preserving
near-greedy efficiency, suggesting that linguisti-
cally grounded token-level intervention offers a
complementary paradigm to global test time scal-
ing.
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Limitations

Our approach faces limitations stemming from its
reliance on explicit linguistic markers. First, by
utilizing a predefined taxonomy of logical connec-
tives, our method cannot address implicit reason-
ing steps where transitions occur without specific
discourse markers. Second, the detection mech-
anism is sensitive to tokenizer artifacts and poly-
semy, which may introduce alignment errors across
different models. Finally, the effectiveness of our
framework is bounded by the density of connec-
tives; tasks with sparse explicit transitions, such as
BBH, show limited performance gains compared
to linguistically rich datasets like ZebraLogic.
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A Logical Connective Set

To systematically identify the pivotal points in rea-
soning chains, we define a set of target logical con-
nectives, denoted as Sl. Our taxonomy is grounded
in the discourse relation framework proposed by
Robaldo (2008) and further refined by recent work
in logical fallacy detection (Lei and Huang, 2024).

We categorize logical relations into ten distinct
types that are essential for multi step deduction:
Conjunction, Alternative, Restatement, Instantia-
tion, Contrast, Concession, Analogy, Temporal,
Condition, and Causal relations. The set Sl is
constructed by aggregating explicit discourse con-
nectives associated with these categories. In this
process, we explicitly exclude high frequency am-
biguous tokens such as “and” and “or”. While
they theoretically denote logical relations, they pre-
dominantly function as syntactic coordinators in
natural language. Pruning these tokens ensures that
our framework targets explicit deductive transitions
rather than simple grammatical conjunctions.
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Multi-token connectives. Importantly, many dis-
course connectives are realized as multitoken
phrases (e.g., “as a result”, “in contrast”, “on the
other hand”) rather than a single token under sub-
word tokenization. Therefore, our intervention tar-
get Sl is defined at the string/phrase level, and we
implement connective detection using suffix match-
ing over the most recent n generated tokens. Con-
cretely, at each decoding step we detokenize the
last n tokens (we use n large enough to cover the
longest connective phrase in Sl) and check whether
any connective phrase in Sl matches the resulting
suffix. This allows STEERING and BRANCHING to
reliably trigger at both single token and multi token
connective junctions.

Table 9 presents the categorization and repre-
sentative examples of the logical connectives used
in our experiments. These connectives serve as
the trigger points for our STEERING, BRANCHING,
and TTPO mechanisms.

B Entropy Analysis

To ensure that our findings regarding the high en-
tropy of logical connectives are robust and not ar-
tifacts of a specific threshold (τ ), we present de-
tailed supplementary analyses conducted on the
ZebraLogic dataset.

B.1 Threshold Free Quantile Enrichment

We first conducted a threshold free quantile enrich-
ment analysis. Let Hq be the q-th quantile of the
entropy distribution over all generated tokens. We
measure the proportion of logical connectives in
the overall generation (Base %) and compare it to
their proportion within the high-entropy tail (Tail
%).

As shown in Table 7, even though connectives
constitute only a small fraction of all tokens (4.05%
for Gemma, 6.73% for Phi), they are strongly over-
represented in every high-entropy tail. For instance,
in the top 1% most uncertain tokens (q = 0.99),
connectives are enriched by 5.77× and 2.01×
for Gemma and Phi, respectively. This confirms
that connectives intrinsically dominate the model’s
structural uncertainty, independent of any specific
threshold.

B.2 Entropy Across Token Categories

To verify that this uncertainty is unique to connec-
tives and not a generic property of all functional
tokens, we computed the High Entropy Rate (RHE)

for various token categories across a broad sweep
of τ thresholds.

As shown in Table 8, logical connectives con-
sistently maintain the highest RHE among all cat-
egories across all thresholds. While quantifiers in
Phi-4-mini show a relatively high RHE at certain
thresholds, they constitute an extremely rare por-
tion of the output (∼0.36% of all tokens) and do
not function as inter-step relation operators that di-
rect logical trajectories. These results empirically
validate our focus on logical connectives as the pri-
mary and most actionable intervention targets for
reasoning.

C Experimental Setup

C.1 Logical Steering

For gradient based steering, we utilized the
OpenThought dataset to extract reasoning vec-
tors. We computed the steering vector from the
activations of the penultimate layer (the second
to last layer) of the model. This layer was chosen
to capture high level semantic reasoning features
before they are projected into the vocabulary space.
During inference, we applied the steering vector
with an injection coefficient of α = 0.5 across all
models.

C.2 Logical Branching

The branching mechanism was configured with a
lookahead depth of L = 20. To ensure compu-
tational efficiency, we trigger branching only at
steps where the greedy top 1 token is itself a log-
ical connective, i.e., wtop1 ∈ Sl. Even then, we
apply an additional ambiguity filter: branching is
activated only when at least two candidates from
our predefined connective set Sl appear within the
top 20 token predictions. This two-stage criterion
ensures that branching is performed only at gen-
uine decision points, connective pivots where the
model exhibits structural uncertainty, while avoid-
ing unnecessary lookahead on non-connective or
low ambiguity steps.

C.3 Targeted Transition Preference
Optimization (TTPO)

C.3.1 Data Construction
To train the TTPO objective, we constructed a pair-
wise preference dataset focused on logical transi-
tions. We first split the ZebraLogic dataset into
training and test sets with an 8:2 ratio. Using the
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Tail Quantile (q) Base Conn. (%) Tail Conn. (%) Enrichment
Gemma-3-4b-it 0.90 4.05 18.42 4.55×
Gemma-3-4b-it 0.95 4.05 22.85 5.64×
Gemma-3-4b-it 0.99 4.05 23.37 5.77×
Phi-4-mini-instruct 0.90 6.73 18.58 2.76×
Phi-4-mini-instruct 0.95 6.73 18.17 2.70×
Phi-4-mini-instruct 0.99 6.73 13.54 2.01×

Table 7: Threshold free quantile enrichment of logical connectives in the high-entropy tails.

Threshold (τ ) Conn. Non-conn. Negation Quantifier Number Punct.
0.5 64.5% 17.7% 25.1% 13.7% 5.8% 15.5%
1.0 (Default) 40.9% 7.1% 12.3% 6.9% 1.0% 3.7%
1.5 21.0% 2.7% 3.5% 1.7% 0.1% 0.6%
2.0 6.6% 0.9% 0.9% 0.4% 0.0% 0.1%

Threshold (τ ) Conn. Non-conn. Negation Quantifier Number Punct.
0.5 70.1% 33.9% 41.1% 53.5% 32.8% 40.8%
1.0 (Default) 56.8% 23.0% 34.5% 42.8% 20.6% 25.3%
1.5 43.0% 14.6% 26.1% 30.3% 11.3% 12.0%
2.0 27.9% 8.8% 16.3% 22.3% 4.3% 5.1%

Table 8: High Entropy Rate (RHE) comparison across different token categories and τ thresholds. Logical
connectives (Conn.) consistently show the highest structural uncertainty.

Algorithm 1 TTPO Dataset Construction
Require: Training set Dtrain, connective pool Sl, modelM
Ensure: Preference pairs Dpair
1: Dpair ← ∅
2: for all (x, ygold) ∈ Dtrain do
3: t← FINDPIVOT(M, x)
4: wgreedy ← GREEDYTOKEN(M, x≤t)
5: C ← {wgreedy} ∪ SAMPLE(Sl, 5)
6: Ppos ← ∅; Pneg ← ∅
7: for all c ∈ C do
8: ygen ← GREEDYDECODE(M, x≤t∥c)
9: if CHECKANSWER(ygen, ygold) then

10: Ppos ← Ppos ∪ {c}
11: else
12: Pneg ← Pneg ∪ {c}
13: end if
14: end for
15: if Ppos ̸= ∅ & Pneg ̸= ∅ then
16: wc ← SELECT(Ppos); wr ← SELECT(Pneg)
17: Dpair ← Dpair ∪ {(x,wc, wr)}
18: end if
19: end for

training split, we performed inference to identify
logical pivot points.

The data construction process is detailed in Al-
gorithm 1. When the model encounters a logical
connective during generation, we create branches
using the original greedy token and 5 randomly
sampled connectives from Sl. For each branch, we
continue generation using greedy decoding until
the EOS token. We then verify the correctness of
each generated path. If we identify a pair where one
transition leads to the correct answer (wc) and an-
other leads to an incorrect answer (wr), we form a

preference pair (x,wc, wr). This dataset is also uti-
lized for the discriminative analysis in Section 6.2.

C.3.2 Training Configuration
We fine tuned the models using the constructed
preference pairs for 3 epochs with a batch size of 1.
To prevent catastrophic forgetting and ensure stable
convergence on the specific transition tokens, we
used a low learning rate: 1 × 10−6 for the 4B pa-
rameters models and 1× 10−7 for the 13B models.

C.4 Benchmark

We summarize benchmark statistics in Table 10.
For ZebraLogic, the training split is used exclu-
sively for TTPO preference pair data construction
(Section 4.3); it is not used for reporting evaluation
results.

D Prompt Template

D.1 Rulebert-Union
Rulebert-Union Prompt

[System Instruction]
You are an expert in logical reasoning and
reading comprehension. Your task solve
questions.

Follow these steps strictly:
1. Reasoning step by step.
2. Select the answer in the format '/boxed{
ANSWER}'. for example, if the answer is
option A, the output should be '/boxed{A}'
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Logical Relations Relation Connectives
Conjunction as well as, as well, also, separately
Alternative either, instead, alternatively, else, neither
Restatement specifically, particularly, in particular, besides, additionally, in addition, more-

over, furthermore, plus, not only, indeed, in other words, in fact, in short, in
the end, overall, in summary, in details

Instantiation for example, for instance, such as, including, as an example, an as instance,
for one thing

Contrast but, however, yet, while, unlike, rather, rather than, in comparison, by compar-
ison, on the other hand, on the contrary, contrary to, in contrast, by contrast,
whereas, conversely

Concession although, though, despite, despite of, in spite of, regardless, regardless of,
nevertheless, nonetheless, even if, even though, even as, even when, even
after, even so, no matter

Analogy likewise, similarly, as if, as though, just as, just like, namely
Temporal during, before, after, when, as soon as, then, next, until, till, meanwhile, in

turn, meantime, afterwards, simultaneously, at the same time, beforehand,
previously, earlier, later, thereafter, finally, ultimately

Condition if, as long as, unless, otherwise, except, whenever, whichever, once, only if,
only when, depend on

Causal because, cause, as a result, result in, due to, therefore, hence, thus, thereby,
since, now that, consequently, in consequence, in order to, so as to, so that,
why, for, accordingly, given, turn out

Table 9: Taxonomy of logical relations and examples of logical connectives included in Sl. This set acts as the
intervention target.

Dataset Train Test Task
ZebraLogic 2700 500 Multi Class
BIG Bench Hard – 1000 Multi Class
RuleBERT-Union – 1000 Binary Class
LogiQA 2.0 – 1000 Binary Class
ProntoQA – 500 Binary Class

Table 10: Benchmark datasets and evaluation splits used

[User Prompt]
# Context:
[context]

# Question:
[question]

# Options:
A. True
B. False

Think step by step.

Figure 7: Rulebert-Union prompt template

D.2 Logi QA 2.0
Logi QA 2.0 Prompt

[System Instruction]
You are an expert in logical reasoning and
reading comprehension. Your task solve
questions.

Follow these steps strictly:
1. Reasoning step by step.
2. Select the answer in the format '/boxed{
ANSWER}'. for example, if the answer is
option A, the output should be '/boxed{A}'

[User Prompt]
# Hypothesis:
[hypothesis]

# Question:
[question]

# Options:
A. not-entailment
B. entailment

Think step by step.

Figure 8: Logi QA 2.0 prompt template

D.3 ProntoQA

ProntoQA Prompt

[System Instruction]
You are an expert in logical reasoning and
reading comprehension. Your task solve
questions.

Follow these steps strictly:
1. Reasoning step by step.
2. Output the answer in the format '/boxed
{}' ANSWER is one of /boxed{A}, /boxed{B}
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[User Prompt]
# Context:
[context]

# Question:
[question]

# Options:
A. True
B. False

Think step by step.

Figure 9: ProntoQA prompt template

D.4 ZebraLogic

ZebraLogic Prompt

[System Instruction]
You are an expert at solving puzzle problems.
Follow these rules strictly:

1. Solve and think step by step.
2. Do not explain anything else.
3. Give the final answer only inside /boxed
{}.
- Example :
# Puzzle
...

# Question
...

# Choices
[
"Eric",
"Bob",
"Alice",
"Peter",
"Carol",
"Arnold"
]

- Answer example
# Reasoning
...

# Answer
/boxed{Bob}

[User Prompt]
# Puzzle
[puzzle]

# Question
[question]

# Choices
[choices]

Think step by step.

Figure 10: ZebraLogic prompt template

D.5 BIG-Bench Hard (deductive subset)

BIG-Bench Hard (deductive subset) Prompt

[System Instruction]
You are an expert in logical reasoning and
reading comprehension. Your task solve
questions.

Follow these steps strictly:
1. Reasoning step by step.
2. Select the answer in the format '/boxed{
ANSWER}'. for example, if the answer is
option A, the output should be '/boxed{A}'

[User Prompt]
# Context:
[context]

# Question:
[question]

# Choices:
[choices]

Think step by step.

Figure 11: Big Bench Hard (deductive subset) prompt
template

E Efficiency Comparison

We report an efficiency comparison between decod-
ing baselines and our connective centric methods.
All efficiency numbers are measured on the Ze-
braLogic test split with Gemma-3-4b-it model and
are normalized by greedy decoding for each model
(Greedy = 1.00), so values > 1 indicate additional
compute/latency relative to greedy.

Token cost (× Greedy). Token cost counts the
total number of next token forward steps required
by each method, aggregated over the test set and
normalized by greedy. This includes any extra
forward passes introduced by the decoding algo-
rithm, e.g., multiple sampled trajectories for Self-
Consistency (n = 5), multiple hypotheses main-
tained for Beam Search (beam size as in Table 4),
and additional lookahead generation for Branching
(triggered at connective pivots with hyperparame-
ters K and lookahead length L). In contrast, Steer-
ing and TTPO preserve single trajectory greedy de-
coding at inference time; their token cost deviations
from 1.0 mainly reflect changes in the generated
length, not additional search.

Time (× Greedy). Time is measured as wall-
clock latency from the start of generation to termi-
nation (EOS or max length), also aggregated over
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Gemma-3-4b-it
Dataset Greedy Beam Self-Cons. (n=5) Ours (best) Ours method
ZebraLogic 38.8 33.4 39.6 42.0 Branching
BBH (Ded.) 75.3 77.0 75.5 75.9 TTPO
RuleBERT 60.3 67.7 63.9 63.4 Branching
LogiQA 2.0 55.2 54.0 55.3 56.8 Branching
ProntoQA 90.0 90.6 91.8 90.4 TTPO
Avg. 63.9 64.5 65.2 65.7 –

Phi-4-mini-instruct (4B)
Dataset Greedy Beam Self-Cons. (n=5) Ours (best) Ours method
ZebraLogic 38.8 31.8 41.0 39.6 Steering
BBH (Ded.) 67.3 73.8 73.6 69.1 Branching
RuleBERT 50.3 51.7 48.8 51.9 Branching
LogiQA 2.0 57.7 59.0 58.8 59.4 TTPO
ProntoQA 93.6 93.2 96.8 96.6 TTPO
Avg. 61.5 61.9 63.8 63.3 –

Table 11: Accuracy comparison on 4B models. Self-consistency uses n=5 samples. Beam uses the same beam size
as in Table 4.

Efficiency (normalized by Greedy)
Method Token cost (×) Time (×) Main hyperparams

Gemma-3-4b-it (4B)
Greedy 1.00 1.00 –
Beam Search 3.32 1.88 beam=5
Self-Consistency 2.90 2.80 n = 5

Steering 0.93 0.99 α = 0.5

TTPO 1.26 1.12 –
Branching 1.18 1.45 K=20, L=20

Phi-4-mini-instruct (4B)
Greedy 1.00 1.00 –
Beam Search 5.61 1.75 beam=5
Self-Consistency 4.37 4.09 n = 5

Steering 0.89 1.00 α = 0.5

TTPO 0.89 0.93 –
Branching 1.02 1.53 K=20, L=20

Table 12: Efficiency for 4B models. Token-cost counts the total number of next-token forward steps (including
lookahead branches) normalized by greedy. Time is measured wall-clock latency normalized by greedy under the
same hardware and decoding setup.

the ZebraLogic test set and normalized by greedy.

Hyperparameters. For reference, we summarize
the main decoding hyperparameters in Table 12:
beam size for beam search, n for self-consistency,
α for steering, and (K,L) for branching. These
knobs directly control the amount of additional in-
ference time computation for search based methods,
while TTPO modifies model behavior through train-
ing and does not introduce inference time search.
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