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Abstract

Tree of Thoughts (ToT) reasoning is funda-
mentally bottlenecked by its generate-then-
score paradigm, which decodes every candi-
date branch into text and evaluates it through
a decoupled scoring stage. Prior efficiency ef-
forts primarily shrink the search breadth, leav-
ing this prohibitive per-step textual evaluation
intact. To resolve this, we propose IToT (Im-
plicit Tree of Thoughts), a training-free frame-
work that recasts tree-structured reasoning as
a continuous search within a model’s latent
space. In this framework, branch quality is
assessed intrinsically from hidden states via
alignment with a contrastive prototype distilled
from successful and failed traces. This ele-
gantly collapses explicit branch enumeration
and textual scoring into a single latent generate-
evaluate-decide loop. Across six reasoning
benchmarks and five LLM backbones, IToT
consistently improves mean accuracy over both
the strongest tree-search and single-path base-
lines by roughly ten absolute points. Cru-
cially, it achieves this while cutting token con-
sumption by nearly an order of magnitude rela-
tive to explicit tree-search methods, operating
even below the token budget of vanilla Chain
of Thought. We release our code at https:
//github.com/xiaoshumiao123/ITOT.

1 Introduction

While the Tree of Thoughts (ToT) framework en-
ables large language models (LLMs) to tackle com-
plex tasks via tree-structured exploration (Yao et al.,
2023; Plaat et al., 2026), its deployment is hin-
dered by prohibitive inference costs. A fundamen-
tal bottleneck is the explicit decoupling of candi-
date generation and evaluation (Yao et al., 2023;
Madaan et al., 2023; Lightman et al., 2024; Besta
et al., 2024). Current variants typically rely on a
generate-then-score pipeline, invoking independent
verification at each expansion step. Coupled with
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Figure 1: Explicit evaluation versus implicit latent-
space guidance. Unlike Tree-of-Thoughts, which ex-
pands and scores candidate steps in text, our framework
selects branches directly in latent space using hidden-
state differences between effective and ineffective traces,
absorbing evaluation into generation.

nontrivial branching factors and search depths, this
per-node overhead compounds rapidly, severely
degrading throughput and rendering ToT imprac-
tical for large-scale or latency-sensitive applica-
tions (Wang et al., 2025b,c).

Existing efficiency improvements for ToT pri-
marily focus on restricting the explored search
space via branch pruning (Kim et al., 2025; Gao
et al., 2026), constrained expansion (Ding et al.,
2025), or state summarization (Yang et al., 2024c¢).
However, these strategies fail to resolve the un-
derlying architectural flaw. By continuing to rely
on separate evaluation signals for generated candi-
dates (Hao et al., 2023; Besta et al., 2024), such
methods reduce the total number of expanded
nodes but leave the critical per-step latency of the
generate-then-score mechanism entirely intact.

To address this bottleneck at the architectural
level, we integrate evaluation into the generation
process itself, thereby eliminating the need for ex-
plicit text-level scoring as a separate stage (Hao
et al., 2024; Zhang et al., 2025b). This design re-
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duces latency because candidate branches no longer
need to be generated first and then assessed through
auxiliary textual judgments or additional evalua-
tion passes. Instead, branch quality is reflected
directly in the model’s internal states during gen-
eration. Inspired by prior findings that effective
and ineffective reasoning traces exhibit systematic
differences in the internal states of large language
models (Wang et al., 2025a; Vilas et al., 2025), we
directly exploit these differences as guidance sig-
nals for reasoning. As illustrated in Figure 1, our
method replaces the explicit generate-then-score
loop with an intrinsic generate-evaluate-decide pro-
cess operating in latent space: hidden representa-
tions associated with more promising reasoning
paths are encouraged, while those associated with
less reliable continuations are suppressed. As a
result, structured multi-trajectory reasoning can
proceed without explicit textual judging, substan-
tially reducing the per-step computational overhead
characteristic of prior generate-then-score frame-
works (Zelikman et al., 2024; Sun et al., 2026).

Building upon this insight, we introduce Im-
plicit Tree of Thoughts (IToT) to eliminate the
inference bottlenecks of traditional multi-step rea-
soning. IToT solves the latency issue by abandon-
ing discrete textual branching in favor of contin-
uous latent optimization. By conceptualizing the
generation process as a latent tree search, IToT
replaces costly token-level branching with CMA-
ES (Hansen, 2016) perturbations, where decoding
windows natively dictate the search depth.

To overcome the prohibitive overhead of text-
level scoring, we propose I'ToT, a framework that
integrates evaluation directly into continuous latent
search. Rather than halting generation to score ex-
plicit text, IToT maintains a population of latent
steering directions anchored to a contrastive proto-
type. At each decoding window, candidate direc-
tions are intrinsically evaluated via their alignment
with this prototype, refined through population-
based search, and softly injected back into the hid-
den states. Stabilized by a momentum update, this
unified procedure preserves the powerful search
capabilities of ToT while structurally eradicating
the delays of explicit verification.

Empirical results across six benchmarks and five
backbones show that IToT establishes a new state-
of-the-art in reasoning efficiency. It surpasses the
mean accuracy of existing explicit-search meth-
ods (e.g., ToT, GoT, DPTS) by a staggering 28.4
points. Most notably, IToT achieves these robust

multi-trajectory reasoning capabilities while reduc-
ing token usage by roughly 10 x relative to explicit
search, requiring even fewer tokens than a standard
single-path CoT.

In summary, our core contributions are threefold:
First, we introduce a contrastively calibrated latent
quality proxy that captures the geometric signature
of successful reasoning. Second, we formulate
tree-structured reasoning entirely as a continuous
latent optimization problem, mapping discrete tree
depth and branches to generation windows and di-
rectional perturbations. Finally, we instantiate this
formulation via a highly efficient inference-time
controller, leveraging latent beam selection and
momentum accumulation, to deliver the reasoning
benefits of explicit search without its prohibitive
token generation costs.

2 Motivation and Problem Formulation

The efficiency bottleneck in ToT reasoning stems
not just from search breadth, but significantly from
the cost of branch evaluation. In standard generate-
then-score pipelines, every candidate reasoning
step must be decoded into text and evaluated by
a separate procedure. This incurs a substantial per-
branch overhead that persists even when pruning
restricts the search breadth. Overcoming this bot-
tleneck requires fundamentally rethinking whether
branch quality must be assessed via explicit text
generation. If the model’s internal activations al-
ready reflect useful quality signals during genera-
tion, we can perform branch selection directly in
the latent space, bypassing the overhead of auxil-
iary text decoding.

This hypothesis rests on two key observations.
First, upper-layer hidden states in large language
models capture abstract, decision-relevant semantic
information, in contrast to lower layers which focus
on local lexical and syntactic processing (Liu et al.,
2019; Chen et al., 2023; Skean et al., 2025). Sec-
ond, successful and unsuccessful reasoning traces
exhibit systematic divergences in their hidden-
state trajectories (Wang et al., 2025a; Zhang et al.,
2025a; Vilas et al., 2025). Crucially, these diver-
gences are often detectable at intermediate decod-
ing steps (Vilas et al., 2025). Consequently, we are
motivated to replace discrete, text-level branch eval-
uation with lightweight, continuous latent-space
guidance.
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2.1 Preliminaries

Let fy = fe(L) o fe(l) be a pretrained decoder-
only LLM with L Transformer blocks, and let hgl)
denote its hidden state at decoding step ¢ and layer
[ for an input x and an autoregressively generated
response y = (y1,...,yr). Since upper layers en-
code abstract task-level semantics, we restrict anal-
ysis and intervention to Lyigh = {lstart,---, L},
and use the final-token state of a completed trace,

Z(l)(x’y) = hgl«)(l‘,y), le Ehigha

as its response-level latent representation, while
end-of-window states hgfﬂ)
branch control.

Given a calibration set Dy =
{(zi, v,y )Y, of paired successful/failed
traces, we average the failure-to-success direction

to obtain a per-layer contrastive prototype

are used online for

N

p(l) — Norm(z (Z(l) (3, yj_)

i=1

— 2 (,97))),

where Norm(-) denotes {2 normalization (Wang
et al., 2025a; Vilas et al., 2025). We use p(l) not
as a verifier but as an efficient quality proxy: its
alignment with a candidate’s hidden state serves
as the branch-evaluation score, removing the need
for explicit text decoding. The full derivation, the
choice of lg,¢, and the calibration protocol are
deferred to Appendix A.

2.2 Problem Formulation

Having established the latent prototype as a contin-
uous quality proxy, we now formulate the reason-
ing process as a structured search over hidden-state
interventions. Normally, once its prefix is fixed,
an autoregressive LLM follows a single latent tra-
jectory. Our goal is to introduce alternative latent
trajectories while keeping the model parameters
frozen and avoiding explicit text-level branch eval-
uation.

To this end, we partition autoregressive decod-
ing into fixed-length windows of W tokens, in-
dexed by w. At each window, a controller 7 pro-
poses K candidate latent steering directions over
a predefined set of upper layers Ly;g,. Each can-
didate defines one possible latent branch for the
next decoding window and is evaluated by its align-
ment with the pre-computed prototype directions
P = {p"}icr,,,,- Formally, the candidate set at

window w 18

l
Vw = {V’LU,17 R {V’Eﬂ?k}lechigh’

5 Vw,K}a Vuw,k =

where v )k denotes the steering direction of the
k-th candidate at layer [.

We then score these branches based on their co-
sine alignment with the pre-computed prototype
directions:

Vwk

Z wy cos(v l p(l)),

lEﬁhlgh

where w; > 0 represents an optional weight for
layer . The selected branch is

k2

=arg max

ke{l,. K} (Vw,k’)v

w

and the corresponding steering direction v, g+ is
continuously mixed into the model’s hidden states
to guide the subsequent decoding window.

Crucially, this formulation maps traditional ToT
directly into the latent space: decoding windows
define the search depth, proposed steering direc-
tions act as alternative search branches, and latent
prototype alignment serves as the branch evalu-
ation mechanism. The defining advantage over
standard ToT is that branch selection occurs intrin-
sically within the hidden representations. Given
an input z, the frozen model fy, and the prototype
set P = {p};cr,, ... the controller 7 yields the
output

9 = Decode,(x; fp, P).
Our objective is to find the optimal controller
policy 7* that maximizes the expected reward:

D [R(:gv y*)] ’

*
7 =argmax E.., .«
& Max L(z,y*)

where II denotes the space of admissible controller
policies, D denotes the distribution over input—
target pairs, and R denotes the task-level reward.
This optimization is constrained by frozen model
parameters and interventions restricted to upper-
layer hidden states.

Ultimately, by executing branch evaluation en-
tirely within the latent space, this framework guar-
antees that the only tokens explicitly decoded are
those strictly belonging to the final generated rea-
soning path.
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Figure 2: Overview of IToT. Offline calibration (left) derives a prototypical direction P; via contrastive learning on
hidden states. During online inference (right), beam pruning selects the best reasoning branch by cos(v, P;), and
CMA-ES updates branches every W tokens to steer the model toward more logical outputs.

3 Method

3.1 Overview

As illustrated in Figure 2, we propose IToT, a
training-free framework that enhances LLM rea-
soning by steering internal hidden states, without
emitting any explicit intermediate reasoning tokens.
IToT operates in two phases. Offline, Prototype
Calibration collects hidden states from a small set
of model-generated traces labeled as logically cor-
rect or confused, and contrasts them to derive a
prototypical direction that captures the geometric
gap between coherent and incoherent reasoning.
Online, Latent Steering maintains multiple candi-
date reasoning branches entirely in the hidden-state
space: at each step, branches are scored by their
alignment with the prototypical direction, and the
top branch steers the next token. Every W tokens,
CMA-ES refines the branch population from this in-
trinsic signal, letting the search adapt as generation
proceeds. By performing tree-structured search
implicitly in latent space, IToT attains multi-path
exploration without verbose intermediate output,
remaining both efficient and transparent to down-
stream decoding.

3.2 Offline Prototype Calibration

The objective of offline calibration is to distill the
abstract concept of “correct reasoning” into a ge-
ometric vector within the model’s representation
space. Rather than relying on external reward mod-
els or explicitly prompting the model to verify text,
IToT isolates a latent steering direction that con-
sistently points from faulty logic toward accurate

problem-solving. This direction acts as an intrinsic
geometric compass, enabling the model to self-
evaluate the quality of its intermediate reasoning
states instantly, without the overhead of generating
auxiliary evaluation tokens.

Formally, to construct this quality proxy, IToT
computes a contrastive prototype direction p() for
each controlled upper layer [ € Ly;g1,. Given a cali-
bration set of inputs x;, we construct strictly paired
successful and failed traces, denoted as (y;", y; ).
The successful trace ;" is derived directly from
the reference solution. To rigorously isolate the la-
tent signature of reasoning quality from confound-
ing topical or stylistic variations, we synthesize
the failed trace y; by prompting the frozen model
to generate a verbose, mistake-prone derivation
under high-temperature stochastic decoding. By
contrasting strictly paired responses to the same
prompt, the semantic features of the specific ques-
tion are effectively canceled out, leaving a pure
“reasoning delta”. The resulting layer-wise proto-
types {pV}c Ly are aggregated offline and /-
normalized. During inference, these prototypes
remain strictly frozen, functioning as a computa-
tionally lightweight scoring signal that evaluates
candidate latent branches via cosine alignment in
the hidden-state space.

3.3 Periodic Latent Branching and Selection

To execute the latent search process, IToT imple-
ments a factorized, layer-wise controller. Rather
than maintaining a monolithic global state, each
controlled layer [ € Ly independently manages
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a branch pool:

{mi? 0},

(@)

where m;’ € R? represents a unit-norm latent

steering direction (the branch) and vél) € R tracks
its accumulated quality score (the branch value). To
balance exploration with reasoning relevance, this
pool is initialized by applying normalized Gaussian
perturbations to the calibrated prototype. This en-
sures that all candidate branches originate within a
promising region of the latent space while maintain-
ing the diversity necessary for search. The latent
tree search unfolds dynamically over fixed-length
generation windows of W tokens. At the end of
each window, the framework executes three core
operations to evolve the latent branches: Branch
Expansion (CMA-ES): To explore alternative rea-
soning paths, every surviving branch undergoes
local, derivative-free refinement. For branch b at
layer I, CMA-ES (Hansen, 2016) performs a local
search around its current momentum direction mlgl).
Specifically, the search distribution is initialized
with mean pg = m,()l), and candidate directions
are sampled asz; ~ N (u, 02C) , where p, C, and
o denote the search mean, covariance, and step
size, respectively. Each candidate is evaluated by
minimizing its negative cosine alignment with the
layer-wise prototype:

Z;
ﬂ%m=—wﬂ%ﬁ%=‘Qmm$m>

CMA-ES iteratively adapts its search distribution
according to this objective, and the best candidate is
normalized to obtain the refined steering direction:

dl()l) = Norm(z*), z" = arg min JO(z;).
Thus, CMA-ES acts solely as a local optimizer
over latent steering directions and does not mod-
ify the model parameters. Momentum Update and
Scoring: To stabilize the search across long rea-
soning horizons and prevent erratic steering, the
newly discovered direction dz(;l) is integrated into
the branch’s historical trajectory using a momen-
tum update:

mj « Norm(Bmy” + (1 - #)df),

where 8 € [0, 1] is the momentum coefficient. Si-
multaneously, the branch value is updated by ac-
cumulating the alignment reward derived from the

newly refined direction:

)

vél — fuél) + cos(dl()l)yp(l))a

Latent Pruning: Once all branches are expanded
and scored, IToT mimics the selection phase of
traditional ToT. Only the top-K branches, ranked
strictly by their accumulated value vél) , are retained
for the next decoding window. Through this con-
tinuous cycle, IToT maps discrete tree concepts to
latent operations: decoding windows dictate tree
depth, directional refinement instantiates branch
expansion, and alignment-based pruning replaces
textual scoring.

3.4 Continuous Latent Steering

Identifying the optimal latent branch is only half of
the solution; the framework must also execute this
branch by actively guiding the model’s token gen-
eration. The primary challenge here is intervention
stability: aggressively overwriting hidden states
can easily derail the LLM’s foundational linguistic
and syntactic capabilities. To mitigate this, IToT
employs a continuous “soft steering” mechanism.
This design delicately injects the identified reason-
ing bias into the model’s forward pass, striking a
rigorous balance between shifting the semantic tra-
jectory and strictly preserving the local, token-level
decoding dynamics.

Between the windowed branch-update points,
IToT continuously modulates the generation pro-
cess using the highest-scoring branch at each con-
trolled layer. For a given layer [, the optimal branch
index is selected based on the accumulated branch
value:

b*® = arg max vl()l).

Let hgl) denote the model’s hidden state at decod-
ing step t and layer /. To ensure stable interven-
tion, we specifically target the post-attention, layer-
normalized representation. We first construct a
directionally biased state. Crucially, to prevent the
intervention from pushing the activation out of its
natural manifold, we scale the chosen unit steer-
ing direction ml(;l*)(l) by the /5 norm of the current
hidden state:

— b + AOn{" om?)

~ (1
hg) b*(l)a

where \(V) dictates the layer-specific steering
strength. Rather than replacing the original hid-
den state entirely, we apply a soft convex mixture:

b = (1 - a)h!” + oh,
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with the mixture coefficient « € [0, 1].The modi-

fied representation hg(l) is then passed to the sub-
sequent layers. Through this precise mathematical
formulation, IToT seamlessly translates the win-
ning latent branch into a stable, continuous rea-
soning bias, completely bypassing explicit textual
manipulation. The full execution pipeline of IToT
is summarized in Algorithm 1 in the Appendix B.

4 Experiment
4.1 Settings

Datasets. We select six datasets across four criti-
cal dimensions of LLLM capabilities (Zheng et al.,
2023; Huang et al., 2023; Wang et al., 2025a):
(1) Mathematics: GSMS8K (Cobbe et al., 2021)
and MATH (Hendrycks et al., 2021b); (2) Rea-
soning: CommonsenseQA (Talmor et al., 2019)
and PROSQA (Hao et al., 2024); (3) Knowledge:
MMLU (Hendrycks et al., 2021a); and (4) Un-
derstanding: Belebele (Bandarkar et al., 2024).
Dataset details are provided in Appendix C.1.

Language Models. Our evaluation includes
Gemma-3-1B-IT (Team, 2025), DeepSeek-
R1-Distill-Qwen-1.5B  (DeepSeek-Al, 2025),
Qwen2.5-1.5B-Instruct (Yang et al., 2024a),
Qwen2.5-3B-Instruct (Yang et al., 2024a), and
Qwen2.5-Math-1.5B-Instruct (Yang et al., 2024b).
Additional details are provided in Appendix C.2.

Baselines. We compare our approach against six
explicit reasoning baselines, which require models
to generate intermediate reasoning steps : Chain-of-
Thought (CoT) (Wei et al., 2022), Self-Consistency
with CoT (CoT-SC) (Wang et al., 2023), Tree-
of-Thoughts (ToT) (Yao et al., 2023), Graph-of-
Thoughts (GoT) (Besta et al., 2024), DPTS (Ding
et al., 2025), and SSDP (Kim et al., 2025). Ad-
ditional comparisons are detailed in C.3 and with
implicit reasoning methods (e.g., Coconut (Hao
et al., 2024) and CODI (Shen et al., 2025)) are
detailed in Appendix C.5.

Implementation and Evaluation. All experiments
are conducted on 48G GPUs. Unless otherwise
specified, each run generates five candidate re-
sponses per input, from which P@5 is computed,
and we report the average results over five inde-
pendent runs. We assess both effectiveness and
efficiency using three complementary metrics: (1)
accuracy (P@5), which measures whether at least
one of the five candidate responses produces the
correct answer; (2) runtime per sample, capturing

the average inference time under identical hard-
ware settings; and (3) fotal token consumption per
sample, which quantifies the overall inference cost
by counting all generated tokens. Additional im-
plementation details are provided in Appendix C.4.

4.2 Main Results

Table 1 reports accuracy, runtime, and total token
consumption of IToT against six representative
baselines across five backbones and six datasets.
We summarize the key findings below.

IToT achieves the best average accuracy on 5 out
of 6 datasets. Compared with the strongest base-
line on each dataset, IToT improves the average
accuracy from 0.636 (ToT) to 0.701 on MATH500
(+6.5 pts), from 0.734 (CoT) to 0.757 on Com-
monsenseQA, from 0.763 (CoT) to 0.775 on Bele-
bele, from 0.668 (CoT) to 0.689 on MMLU, and
most strikingly from 0.469 (ToT) to 0.812 on
ProsQA (4+34.3 pts). On GSM8K our method
(0.853) is on par with CoT (0.871), suggesting
that for short-horizon arithmetic problems a sin-
gle chain is already sufficient and structured search
yields diminishing returns.

The gain is largest on tasks that require struc-
tured, multi-hop reasoning. ProsQA is the clear-
est stress test: tree and graph-based baselines either
collapse (DPTS 0.097, SSDP 0.057, GoT 0.338) or
suffer from extreme token blow-up (ToT consumes
~41K tokens per sample). IToT reaches 0.812 av-
erage accuracy using only 3,413 tokens per sample,
12x fewer than ToT and 20x fewer than DPTS.
This indicates that the proposed mechanism prunes
unproductive branches effectively while preserving
the reasoning paths that matter, which is precisely
where existing search-based methods over-explore.

Token efficiency is competitive with single-chain
methods and an order of magnitude better than
search-based baselines. Across the six datasets,
IToT consumes on average 1,544-3,413 tokens per
sample, comparable to CoT (1,517-4,057) and 4—
20 x smaller than ToT, DPTS, and SSDP. For exam-
ple, on CommonsenseQA IToT uses 1,874 tokens
vs 14,159 for DPTS (7.5x reduction) while im-
proving accuracy by 33.7 points. This confirms
that the accuracy gains do not come from larger
compute budgets but from a more selective expan-
sion of the reasoning space.

Runtime is moderate and predictable. IToT
runs faster than ToT and GoT on almost ev-
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Table 1: Main results on accuracy and efficiency across six datasets. Each entry reports accuracy T, runtime per
sample |, and total token consumption per sample |. Accuracy and runtime are reported to three decimal places,
while token consumption is reported to two decimal places. underline represents the SOTA performance among all
baselines, bold represents the SOTA performance among all methods.

DeepSeek-R1-Distill-Qwen-1.5B

Qwen2.5-Math-1.5B Gemma-3-1B | Avg.

GSMSK (Accuracy 1/ Runtime |, / Total Token )

Method / Model | Qwen2.5-1.5B Qwen2.5-3B

1. CoT 0.838/21.078/1,502.80  0.945 / 38.524 / 1,408.58
2. CoT-SC 0.672/21.078 /1,502.80  0.882/38.524 / 1,408.58
3. ToT 0.729/50.859/25,775.44  0.777/13.989/2,341.48
4. GoT 0.823/60.370/2,403.37  0.889/88.105/2,610.90
5. DPTS 0.738/10.586/7,035.33  0.847/12.969 / 8,396.50
6. SSDP 0.624/9.924/6,029.43  0.799/13.567 / 6,106.24

IToT (Ours) *

0.871/25.690/1,505.67

0.927/45.453/1,499.78

0.870/107.774 / 4,685.80
0.700/ 107.774 / 4,685.80
0.892/108.455 / 59,641.34
0.662/93.680/3,673.28
0.704 /29.668 / 32,710.00
0.653/23.791/15,832.76
0.755/62.079 / 4,641.32

0.917/41.598 /1,848.16
0.823/41.598/1,848.16
0.922/45.914/6,428.81
0.872/61.163/2,571.65
0.832/9.992/7,034.33
0.858/10.157/5,716.12
0.898/33.922/1,768.35

0.783/52.887/ 2,341.38
0.667 /52.887 /2,341.38
0.405 / 13.918 / 20,444 41
0627/ 656.690 / 4,689.27
0.135/17.050 / 6,682.27
0.063 /16,950 / 6,208.03
0.813/63.168/3,134.33

0.871/52.372/2,357.34
0.749/52.372 1 2,357.34
0.745/46.627 / 22,926.30
0.775/192.002 / 3,189.69
0.651/16.053/12,371.69
0.599/14.878/7.978.52
0.853/46.062 /2,509.89

MATHS500 (Accuracy 1/ Runtime | / Total Token )

1. CoT 0.634/64.258/2,764.72  0.740/94.334/3,101.58
2. CoT-SC 0.492/64.258/2,764.72  0.642/94.334/3,101.58
3. ToT 0.554/99.218/31,917.77  0.592/37.551/5422.34
4. GoT 0.606 /130.506 /3,727.25  0.616/135.275/3,876.19
5. DPTS 0.474/23.546/12,005.25  0.514/27.035/ 13,900.75
6. SSDP 0.491/25.890/17,386.65  0.533 /25.857 / 13,853.69

IToT (Ours) *

0.726 / 50.072/ 2,714.33

0.794/95.237 / 2,838.08

0.422/120.512/4,618.40
0.251/120.512/4,618.40
0.808 / 550.928 /72,533.27
0.698 /376.689 / 13,870.07
0.417 / 66.337 / 90,608.50
0.559/ 65.157 / 62,709.25
0.538/87.269/4,925.48

0.782/69.000 / 2,874.26
0.706 / 69.000 / 2,874.26
0.742/129.105 / 15,276.52
0.664/98.314/3,439.56
0.664 /19.375 / 11,328.00
0.678/19.471/8,151.95
0.814/53.029/2,792.85

0.524/56.370/3,114.32
0.414/56.370/3,114.32
0.482/48.712/27,084.19
0.482/627.510/7,119.07
0.336/39.114/ 12,311.00
0.359/53.520/9,551.65
0.631/63.391/3,521.23

0.620 / 80.895 / 3,294.66
0.501/80.895 / 3,294.66
0.636/173.103/ 30,446.82
0.613/273.659/6,406.43
0.481/35.081 / 28,030.70
0.524/37.979 /22,330.64
0.701/69.800/ 3,358.39

COMMONSENSEQA (Accuracy 1/ Runtime | / Total Token |)

1. CoT 0.877/24.166/3,817.10  0.865/50.922/1,324.14 0.726/70.672 / 3,100.54
2. CoT-SC 0.735/24.166/3,817.10  0.718/50.922/1,324.14 0.393/70.672 / 3,100.54
3. ToT 0.832/28.775/9,79229  0.779/2.386 / 1,572.44 0.655/132.896 /7,911.95
4. GoT 0.429/36.450/1,755.87  0.379/64.682/2,567.15 0.242/152.670/7,535.46
5. DPTS 0.656/8.781/547125  0.734/12.734/6,501.00 0.013 / 34.470 / 46,422.00
6. SSDP 0.582/9.065/4,152.38  0.670/ 14.250 / 4,587.08 0.003 /40.428 / 31,063.00

IToT (Ours) *

0.876 /21.369 / 772.65

0.893/49.745/1,327.92

0.754/50.968 / 3,139.83

0.635/81.410/3,355.34
0.332/81.410/3,355.34
0.691/110.101/10,993.11
0.279/46.730 / 2,469.44
0.436/ 11.287 / 6,060.67
0.424/12.539/5.546.73
0.676 / 55.427/3,180.23

0.569 / 8.842 / 671.44
0.452/8.842/ 671.44
0.536/3.279/3,397.83
0.334/653.930/4,041.32
0.260/16.109/ 6,341.25
0.183/19.236 / 4,969.68
0.584/16.984 /952.94

0.734/47.202/ 2,453.71
0.526/47.202/2,453.71
0.699 /55.487/6,733.52
0.333/190.892/3,673.85
0.420/16.676 / 14,159.23
0.372/19.104/ 10,063.77
0.757 /38.899 /1,874.71

BELEBELE (Accuracy 1/ Runtime | / Total Token |)

1. CoT 0.858 /11.040 / 480.16 0.943 /25.402 / 881.70
2. CoT-SC 0.779 / 11.040 / 480.16 0.870/25.402 / 881.70
3. ToT 0.863/21.554/13,054.45  0.884/2.401/2,266.33
4. GoT 0.754/29.340/1,800.34  0.888/54.470/2,505.85
5. DPTS 0.733/7.640 / 7,034.50 0.851/12.512/7,824.20
6. SSDP 0.605/7.994 /5,359.75 0.857/11.493/6,071.48

IToT (Ours) *

0.869 /15.883 / 582.50

0.949 /50.522/914.01

0.802/27.169 / 1,112.82
0.531/27.169/1,112.82
0.717/117.020/9,885.16
0.623/200.320 / 9,662.09
0.080/33.099 /43,707.25
0.063 / 42.389 / 40,258.75
0.821/47.889/1,158.98

0.589/94.045/3,924.14
0.294/94.045/3,924.14
0.580/212.244/26,235.07
0.431/75.600/ 3,838.22
0.488/13.047/8,011.75
0.458/17.358 /9,032.65
0.608 / 134.740 / 3,978.26

0.621/9.821/1,189.60
0.459/9.821/1,189.60
0.553/3.315/ 6,441.39
0.543 /645.480 / 4,101.22
0.085/14.726 / 6,035.25
0.148 /13.333 /5,783.90
0.629/11.217/1,088.73

0.763 /33.495/1,517.68
0.587/33.495/1,517.68
0.719/71.307/11,576.48
0.648 /201.042/ 4,381.54
0.447/16.205 / 14,522.59
0.426/18.513/13,301.31
0.775/52.050 / 1,544.50

PROSQA (Accuracy 1/ Runtime | / Total Token |)

1. CoT 0.035/77.428/3,317.18  0.495/116.976 / 3,576.00
2. CoT-SC 0.012/77.428 /3, 18 0.315/116.976/3,576.00
3. ToT 0.461/50.659 /26,477.57  0.601/1.949 /2,962.52

4. GoT 0.440/120.170/5,272.56  0.764/210.800 / 6,605.61
5. DPTS 0.115/82.512/154,625.33  0.317/53.506 / 58,684.50
6. SSDP 0.051/65.406/84,789.03  0.190/47.789 / 14,434.95

IToT (Ours) *

0.887/100.969 / 1,565.22

0.943/126.703 / 2,551.59

0.164/99.854 / 3,485.76
0.062/99.854 / 3,485.76
0.657/139.097 / 17,044.25
0.090 /622.050 / 19,583.60
0.018/45.098 / 30,574.33
0.007 /97.784 / 88,244.50
0.893/60.634 / 3,950.19

0.040 / 120.460 / 5,061.38
0.015/120.460 / 5,061.38
0.157/649.353 / 150,929.21
0.052/377.810/11,773.58
0.012/60.892 / 65,402.67
0.013 /41.269 / 30,638.50
0.503 /87.220/ 4,921.21

0.322/52.153 /4,849.48
0.162 /52,153 / 4,849.48
0.471/52.962/9.952.33
0344 /749780 /9,948.14
0.016 / 64.076 / 24,006.00
0.022/81.769 /36,815.83
0.832/74.640 / 4,080.27

0.211/93.374/4,057.96

0.113/93.374/4,057.96
0.469 / 178.804 / 41,473.18
0.338/416.122/10,636.70
0.097 /61.217 / 66,658.57
0.057 /66.803 / 50,984.56
0.812/90.033 / 3,413.70

MMLU (Accuracy 1/ Runtime | / Total Token ])

1. CoT 0.704/130.203 / 5,348.40  0.835/59.847/ 1,845.50 0.754/99.764 1 3,442.33
2. CoT-SC 0.572/130.203/5,348.40  0.672/59.847/ 1,845.50 0.358/99.764 / 3,442.33
3. ToT 0.776 / 37.676 / 11,487.50  0.725/6.941/1,795.86 0.656 / 149.158 / 14,235.76
4. GoT 0.180/76.140/2,472.51  0.218/122.370/3,061.03 0.226 /235.220/ 8,595.18
5. DPTS 0.592/13.674/9,022.40  0.645/20.879/12,353.25 0.070 / 42.836 / 48.566.33
6. SSDP 0.527/11.764/6,097.53  0.610/17.614/7.861.73 0.016/43.718 /39,747.33

IToT (Ours) *

0.724/20.772 / 1,066.23

0.851/60.862/1,873.98

0.771/60.485 / 3,359.90

0.614/83.528/3.529.33
0.385/83.528/3,529.33
0.652/143.402/23,214.48
0.174/96.790 / 3,201.82
0.420/19.319/ 14,296.00
0.397/17.776 / 10,926.67
0.633/60.825/3,509.45

0.431/22.442 /1,559.03
0.334/22.442/1,559.03
0.511/30.697 /7,185.48
0.008 /671,570 /4,503.15
0.081/31.736/ 8.484.67
0.024 /24,347 /7,037.67
0.464/35.992/1,639.37

0.668 /79.157 / 3,144.92
0.464 /79.157/3,144.92
0.664/73.575/ 11,583.82
0.161/240.418 / 4,366.74
0.362/25.689 / 18,544.53
0.315/23.044/ 14,334.19
0.689 /47.787/2,289.79

ery dataset (e.g., 90.0s vs. 178.8s and 416.1s on
ProsQA) and is within 1.0-1.5x of CoT. Although
DPTS and SSDP can be faster in wall-clock time,
this is achieved at a substantial cost in accuracy
(e.g., 0.097 and 0.057 on ProsQA), revealing that
their early-termination strategies sacrifice correct-
ness on hard, long-horizon problems.

Robustness across backbones. Search-based
baselines degrade sharply on weaker or mis-
matched backbones. On Gemma-3-1B, DPTS
and SSDP fall to 0.135/0.063 on GSM8K and
0.081/0.024 on MMLU, indicating brittle pruning
under unreliable value estimates. In contrast, IToT
retains 0.813 on GSMS8K and 0.464 on MMLU,
demonstrating strong backbone robustness and
graceful scaling to smaller models.

The results show that IToT combines the accu-
racy of structured search with the efficiency of

single-chain prompting. Gains are largest on multi-
step reasoning tasks (MATHS00, ProsQA) and con-
sistent across five diverse backbones, including a
1B and a math-specialized model.

To further assess scalability beyond the 1-3B
model scale, we additionally evaluate Qwen2.5-7B
on GSMS8K and MATH-500. IToT remains compet-
itive on GSMS8K and achieves the highest accuracy
on MATH-500, suggesting that its effectiveness is
not restricted to smaller backbones; full results are
provided in Appendix C.7.

4.3 Ablation Experiments

Table 2 details the ablation study of IToT on the
GSMBS8K benchmark. The full framework achieves
the highest accuracy (0.871), validating the syn-
ergy of its integrated components. The results
highlight two primary structural drivers of suc-
cess: latent tree expansion and the steering mecha-
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Table 2: Ablation experiments of IToT on GSM8K.

Method Acc.t Tok.l Timel
w/o Steering 0.870 298.78  5.841
w/o Tree 0.859 300.13  3.777
w/o Pruning 0.867 299.20 7.454
w/o CMA 0.868 29891 4.121
w/o Momentum  0.867 300.86  5.378
Single-layer 0.866 297.92 5.694
w/o Calibration  0.866 299.22 5910
IToT (full) 0.871 301.01 5.358

nism. Removing the tree causes the most substan-
tial accuracy drop (0.871 — 0.859), indicating that
hierarchical multi-trajectory exploration is essen-
tial for maintaining a robust candidate set. Simi-
larly, disabling the steering mechanism degrades
performance, confirming that active latent-space
guidance is indispensable for shaping reliable rea-
soning trajectories. Beyond this structural back-
bone, the continuous optimization modules deliver
consistent, complementary gains. Ablating CMA,
momentum updates, the multi-layer design, or of-
fline calibration each reliably lowers accuracy to
the 0.866-0.868 range. This demonstrates their
collective necessity in refining branch directions
and stabilizing the search over extended reasoning
horizons. Finally, the results expose a clear effi-
ciency—accuracy trade-off governed by pruning and
intervention depth. Pruning is critical for compu-
tational efficiency; its removal inflates inference
time from 5.358s to 7.454s without improving ac-
curacy. Conversely, restricting the framework to a
single-layer variant minimizes token cost (297.92)
but at the expense of performance. This implies
that while pruning effectively bounds the search
space, deep multi-layer iterative steering remains
strictly necessary for resolving complex reasoning
tasks.

4.4 Parameter Sensitivity

Table 3 details the sensitivity of IToT to four core
search hyperparameters on the GSM8K benchmark.
Overall, the framework favors moderate control
granularity and highly selective search, demonstrat-
ing that excessive branching degrades rather than
enhances reasoning.

Search Breadth and Retention (B; and B,).
Contrary to the expectation that wider exploration
yields better reasoning, aggressively expanding the
branch factor (By) or beam width (B,,) proves
detrimental. Increasing By from 4 to 16 steadily

Table 3: Sensitivity of IToT on GSM8K. Time is mea-
sured in seconds. The default setting is By=4, B,,=2,
Tinax=1024, and W=128. * denotes the default value.

Setting Accuracy T Time/sample |
Branch factor (By)

*By =4 0.871 5.358

By =38 0.867 5.773

By =16 0.864 6.542
Beam width (B.,)

By, =1 0.874 4.246

*By =2 0.871 5.358

B, =4 0.867 7.454
Max tokens (Tmax)

Tmax = 512 0.863 5.249

*Tmax = 1024 0.871 5.358

Window size (W)

W =64 0.861 12.892

W =128 0.871 5.358

W = 256 0.867 9.237

degrades accuracy while inflating inference time.
Similarly, restricting the beam width to B,, = 1
maximizes accuracy (0.874) and minimizes latency.
These combined trends indicate that retaining too
many branches introduces noise and unnecessary
computational overhead, ultimately diluting search
selectivity.

Generation Horizon (7},,,x). Expanding the token
budget from 512 to 1024 yields a clear performance
improvement (0.863 to 0.871) with only a marginal
latency penalty. This confirms that allocating a
sufficient generation horizon is strictly beneficial,
ensuring the model is not truncated prematurely
during complex, multi-step deductions.

Control Granularity (WW). IToT exhibits signifi-
cant sensitivity to the steering window size, reveal-
ing a U-shaped efficiency frontier. The default
W = 128 strikes the optimal balance between
accuracy and speed. Deviating from this sweet
spot is suboptimal: excessively fine-grained control
(W = 64) severely bottlenecks inference speed due
to frequent CMA-ES updates, while overly coarse
intervals fail to provide timely latent guidance. Fur-
ther hyperparameter analyses are provided in Ap-
pendix C.6.

5 Related Work

Tree of Thoughts Reasoning with LLMs. ToT-
style reasoning has mainly advanced along two di-
rections: improving search accuracy and reducing
computational cost. For accuracy, GoT general-
izes tree-structured reasoning to graphs, enabling
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more flexible reuse and refinement of intermedi-
ate thoughts (Besta et al., 2024). MCTS-based
methods further improve thought generation, evalu-
ation, and selection, achieving strong performance
on mathematical, planning, and logical reasoning
tasks (Hao et al., 2023; Zhang et al., 2024; Guan
et al., 2025). For efficiency, prior work reduces
latency and token cost through structured gener-
ation, cached reasoning templates, fewer model
queries, faster decoding, and less unnecessary ex-
ploration (Ning et al., 2024; Yang et al., 2024c; Sel
et al., 2024; Wang et al., 2025b; Ding et al., 2025;
Kim et al., 2025).

Implicit latent space reasoning. Implicit latent
space reasoning aims to reduce output length while
retaining multi-step reasoning capability. Prior
work explores step-by-step internalization of ex-
plicit CoT (Deng et al., 2024), latent compression
of reasoning traces (Cheng and Durme, 2024; Hao
et al., 2024; Shen et al., 2025), and soft thought rep-
resentations in continuous spaces (Xu et al., 2025;
Zhang et al., 2025b; Tan et al., 2025). Other stud-
ies support latent reasoning through architectural
designs such as looped or adaptive-depth compu-
tation (Saunshi et al., 2025; Chen et al., 2025),
while recent work further examines its mechanisms
and supervision (Wu et al., 2025; Wei et al., 2025).
In contrast, our method studies how to simulate
ToT-style reasoning directly in latent space without
additional training.

6 Conclusion

We presented I'ToT, a training-free framework that
recasts TOT reasoning as continuous search in the
latent space of an LLM. Rather than generating and
textually scoring candidate branches, IToT searches
over latent steering directions guided by a con-
trastive prototype and injects the selected direction
back into the hidden states, unifying branch explo-
ration, evaluation, and execution within a single for-
ward pass. Experiments across a suite of multi-step
reasoning benchmarks and several LLM backbones
show that IToT consistently improves reasoning
quality over strong single-path and explicit tree-
search baselines while substantially reducing token
consumption, demonstrating that hidden-state ge-
ometry is an effective and efficient substrate for
structured reasoning.

Limitations

While IToT provides an elegant and highly efficient
alternative to explicit text-based reasoning search,
it operates under certain boundary conditions that
open promising avenues for future research. First,
our contrastive prototype is currently estimated
from a task-specific calibration set, which may
introduce sensitivity to severe domain or prompt
shifts. However, this dependency can be easily mit-
igated by expanding the calibration phase to cross-
domain or multi-task datasets, thereby distilling
a more universal, task-agnostic “reasoning direc-
tion” that enhances out-of-distribution generaliza-
tion. Second, because IToT optimizes continuous
latent trajectories rather than explicit text tokens,
its alignment score serves as an indirect surrogate
for reasoning quality. To bridge the gap between
continuous alignment and discrete logical verifi-
cation, a hybrid control framework could be de-
ployed in practice, where latent steering guides the
broader search space, and explicit textual verifiers
are invoked only at a few critical checkpoints or
terminal states. Finally, although IToT structurally
eradicates the prohibitive token-generation bottle-
neck of traditional ToT, the continuous search over
multiple latent branches inevitably introduces a
slight computational overhead compared to vanilla
single-trajectory decoding. This engineering con-
straint can be significantly alleviated via paral-
lelized batch processing of candidate branches or
by implementing an adaptive windowing strategy
that dynamically skips the search process during
low-uncertainty decoding steps.

Ethics Statement

Our experiments rely on publicly available datasets
and models and do not involve human-subject stud-
ies or the collection of personal information. Nev-
ertheless, the underlying models and datasets may
contain biases inherited from their training data,
which can potentially affect model outputs. The
proposed method is intended for research purposes,
and care should be taken when applying it to real
world or high stakes scenarios.
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Appendix
A Preliminaries

To operationalize this latent-space guidance, we
first formalize the representation space where we
extract quality signals and intervene. Consider a
pretrained decoder-only LLLM parameterized by 6
with L Transformer blocks, represented as:

fo=f5 oo fV.

Given an input z and an autoregressively gener-
ated response y = (y1, - .., yr), the hidden state at
decoding step ¢ and layer [ is defined as:

b = £ (b sy -

Based on our observation regarding upper-layer ab-
straction, we restrict our analysis and intervention
to the upper layers, denoted by:

Lhigh - {lstarta B L}

Because our objective is to influence high-level rea-
soning rather than surface token realization, these
upper-layer states provide the optimal intervention
space.To construct a reference point for branch eval-
uation, we rely on offline calibration using com-
pleted traces. We summarize a full reasoning trace
by its final-token upper-layer states:

2V (z,y) = h¥), I € Lyigh-

These terminal states act as response-level latent
representations. Conversely, during online infer-
ence, our controller operates dynamically on the
upper-layer states at the end of each decoding win-
dow, denoted by hifj where t,, is the window’s
final token. Thus, the same upper-layer manifold
seamlessly supports both offline calibration and on-
line branch control. Contrastive Latent Prototype.
To distinguish good reasoning from bad within this

space, we leverage a calibration set:

Dcal = {(ajuyz—’—7yz_>}z]\;17

where yf and y; are successful and failed traces
for the same input z;. Since these traces diverge
systematically in representation space (Wang et al.,
2025a; Vilas et al., 2025), we construct a con-
trastive prototype by averaging the direction from
failure to success across all calibration instances.
For each | € Ly;gn, we define:

N

1 _
pl) = Norm(N > (29 (25, y") — 2V (21, 9;7))
i=1

where Norm(-) is £ normalization. This prototype
p) captures the average latent trajectory toward
successful reasoning. We treat this prototype not
as a flawless verifier, but as a highly efficient qual-
ity proxy; its alignment with current hidden states
serves as our evaluation metric, circumventing the
need for explicit text decoding.

B Pseudo code of IToT

Algorithm 1 summarizes the IToT method.

C Experiment

C.1 Datasets

We select six datasets across four domains in our
main experiments. We describe each dataset’s in-
formation as follows:

e Mathematics Domain

* GSMBS8K (Cobbe et al., 2021) consists of lin-
guistically diverse math word problems specif-
ically designed for grade school students and
created by human writers. It contains 1319
test problems, each requiring 2-8 steps to
solve. The challenges primarily involve a se-
quence of basic arithmetic operations (addi-
tion, subtraction, multiplication, and division)
to derive the final answer.

* MATH (Hendrycks et al., 2021b) consists of
challenging competition mathematics prob-
lems. It contains 500 test problems from di-
verse domains including algebra, geometry,
counting and probability, number theory, and
precalculus.

® Reasoning Domain

* CommonsenseQA (Talmor et al., 2019) con-
sists of diverse commonsense question an-
swering questions. It contains 1221 test prob-
lems, each with 5 choices. This dataset was
generated by Amazon Mechanical Turk work-
ers.

* PROSQA (Hao et al., 2024) is a logical rea-
soning benchmark designed to evaluate multi-
step reasoning and search capabilities. Each
instance is represented as a directed acyclic
graph (DAG) of natural language statements,
where nodes denote concepts or facts and
edges represent logical relations. Models
must identify valid reasoning paths through
the graph to answer questions correctly.
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Table 4: Summary of evaluated datasets and their sizes.

Dataset Number of Samples
GSMSK 1,319

MATH 500
CommQA 1,000
Belebele 900
ProSQA 500

MMLU 1,000

e Knowledge Domain

* MMLU (Hendrycks et al., 2021a) consists
of diverse questions that measure knowledge
acquired during pretraining. This dataset cov-
ers 57 subjects across STEM, the humanities,
the social sciences, and more. It ranges in
difficulty from an elementary level to an ad-
vanced professional level, can test both world
knowledge and problem-solving ability.

e Understanding Domain

¢ Belebele (Bandarkar et al., 2024) consists of
multilingual, multitask, and multidisciplinary
reading comprehension questions, with each
language containing 900 article-question pairs.
We use the English version of this dataset.

The statistics of the evaluated datasets are sum-
marized in Table 4.

C.2 Language Models

These models span general-purpose and math-
specialized instruction-following variants, enabling
us to assess robustness across architectures and
training objectives. All models are evaluated under
a zero-shot inference setting without task-specific
fine-tuning. All model checkpoints were down-
loaded from the official HuggingFace' repository,
with download and license links provided in Ta-
ble 5.

C.3 Baselines
We describe each baseline’s information as follows:

e CoT (Wei et al., 2022) Chain of Thought
prompting induces intermediate reasoning
steps in a single linear generation process.
Given an input query, the model is prompted
to produce a step-by-step rationale before out-
putting the final answer. This approach does
not involve explicit search or sampling and
relies on a single deterministic or stochastic
decoding trajectory.

"https://huggingface.co/huggingface

* CoT-SC (Wang et al., 2023) Self-Consistency
extends CoT by sampling multiple indepen-
dent reasoning chains via stochastic decoding.
Final answers are obtained by aggregating
the outputs, typically through majority vot-
ing. This improves robustness by mitigating
variance in single-chain reasoning.

* ToT (Yao et al., 2023) Tree of Thoughts for-
mulates reasoning as a tree-structured search
problem, where each intermediate step can
branch into multiple candidate thoughts. The
model performs systematic exploration of the
reasoning space using search strategies such
as breadth-first search or depth-first search,
combined with heuristic evaluation and prun-
ing.

* GoT (Besta et al., 2024) Graph of Thoughts
generalizes tree-based reasoning into a graph
structure, allowing non-linear transitions be-
tween reasoning states. Nodes represent inter-
mediate thoughts and edges encode transitions
or transformations, enabling reuse, merging,
and revisiting of reasoning components during
search.

* DPTS (Ding et al., 2025) DPTS introduces
dynamic parallelism into tree-based reason-
ing. It adaptively allocates computation across
branches according to intermediate scoring
signals, enabling selective expansion and
pruning of the search tree. The method im-
proves efficiency by concentrating computa-
tion on high-value reasoning paths.

* SSDP (Kim et al., 2025) SSDP builds upon
DPTS by incorporating semantic evaluation
into the reasoning search process. It scores
intermediate states using semantic relevance
signals and performs dynamic pruning of low-
quality branches during exploration. This
results in a more computationally efficient
search over the reasoning space while preserv-
ing high-quality reasoning paths.

These baselines span representative explicit rea-
soning paradigms, ranging from linear chain-based
prompting (CoT) and multi-path sampling with ma-
jority voting (CoT-SC), to tree and graph-structured
search (ToT, GoT), and efficiency-oriented struc-
tured search with dynamic parallelism and seman-
tic pruning (DPTS, SSDP).
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https://huggingface.co/huggingface

Table 5: Download and license links of all model artifacts we used in this paper.

Model Name Download Link

License Link

Qwen2.5-1.5B-Instruct
Qwen2.5-3B-Instruct

https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct
https://huggingface.co/Qwen/Qwen2.5-3B-Instruct

https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct/blob/main/LICENSE
https://huggingface.co/Qwen/Qwen2.5-3B-Instruct/blob/main/LICENSE

DeepSeek-R1-Distill-Qwen-1.5B  https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Qwen-1.5B https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Qwen-1.5B/blob/main/LICENSE

Qwen2.5-Math-1.5B-Instruct
Gemma-3-1B-IT

https://huggingface.co/Qwen/Qwen2.5-Math-1.5B-Instruct
https://huggingface.co/google/gemma-3-1b-it

https://huggingface.co/Qwen/Qwen2.5-Math-1.5B-Instruct/blob/main/LICENSE
https://ai.google.dev/gemma/terms

Table 6: Hyperparameters of Implicit Tree of Thoughts
via Latent-Space Beam Steering.

Parameter Symbol  Default
Max new tokens Tmax 1024
Sampling temperature T 0.7
Number of calibration pairs Neal 10
Number of branches By 4
Beam width B, 2
Token window for update W 128
Momentum decay coefficient B 0.9
Population size A 8
Number of generations G 4
Initial direction noise oo 0.03
Mutation noise Om 0.01
Soft mixture weight o 0.5

C.4 Implementation Details

To ensure a fair comparison, all methods use the
same backbone LLM and decoding settings un-
less otherwise specified. For the baseline CoT
prompting, the sampling temperature is set to 0.7,
and the maximum generation length is limited to
1024 tokens. We intervene on the last eight Trans-
former layers, denoted by Ly;en, and set the cor-
responding layer-wise steering strengths A() to
{0.01,0.02,...,0.08} from the lowest to the high-
est controlled layer. The key hyperparameters of
our method are summarized in Table 6. Time is
measured in seconds.

Unless otherwise specified, each run generates
five candidate responses for each input, and P@5
is computed over these five responses. The results
reported in the main experiments are then averaged
over five independent runs. Any results reported
under an evaluation protocol other than P@5
are explicitly specified in the corresponding text
or table.

For CoT and CoT-SC, we reuse the same five
generated CoT responses within each run. CoT
is evaluated using P@5, i.e., an input is consid-
ered correctly solved if at least one of the five re-
sponses yields the correct answer. CoT-SC instead
applies majority voting to the answers extracted
from the same five responses. Since CoT-SC intro-
duces only a different aggregation rule and requires
no additional generations, its runtime and token
consumption are identical to those of CoT, while
the resulting accuracy may differ.

For ToT, we adopt a breadth-first search strategy.
At each reasoning step, the model generates k = 4
candidate thoughts, while the top b = 3 states are
retained according to the evaluation score. The
search process proceeds for at most 6 reasoning
steps, and the final top-5 candidate answers are
returned for answer selection. For each thought
generation step, the sampling temperature is set to
0.7, and the maximum generation length is limited
to 1024 tokens.

For GoT, the number of reasoning branches is
set to 3, and one refinement round is performed
during reasoning.

For both DPTS and SSDP, the search tree width
is set to 4 and the maximum tree depth is set to 6.
In addition, the maximum rollout number is fixed
at 6, and the maximum generation length for each
rollout is limited to 1024 tokens.

All remaining hyperparameters are kept at their
default settings.

C.5 Implicit Reasoning

We describe each implicit reasoning baseline’s in-
formation as follows:

* Coconut (Hao et al., 2024) Coconut repre-
sents a latent or implicit reasoning paradigm
in which intermediate reasoning steps are not
explicitly generated in natural language. In-
stead, reasoning is conducted in a compressed
latent space, reducing token-level supervision
of intermediate steps.

* CODI (Shen et al., 2025) CODI is a
distillation-based method where explicit CoT
acts as the teacher andimplicit CoT as the stu-
dent. By aligning the last hidden states of
the full reasoning trajectory, CODI effectively
internalizes knowledge and alleviates catas-
trophic forgetting.

Implementation Details. We report the imple-
mentation details for Coconut and CODI. All re-
maining hyperparameters not explicitly mentioned
are kept at their default settings.

For Coconut, we set the number of continuous
thoughts to 2, the number of epochs per stage to 3,
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and the maximum latent stage to 3. The training
batch size is 8 with gradient accumulation steps
set to 1. The model is trained for 25 epochs with
a learning rate of 1 x 10~% and a weight decay of
0.01.

For CODI, we adopt a LoRA-based training
setup with rank » = 128, LoRA dropout of 0.05,
and scaling factor & = 16. The model is trained for
3 epochs with per-device batch size 2 and gradient
accumulation steps of 1. We use the AdamW opti-
mizer with a learning rate of 2 x 10>, weight decay
of 0.01, warmup ratio of 0.1, and cosine learning
rate scheduling. The number of latent variables
is set to 5, and the maximum sequence length is
1024 tokens. The implementation further uses bf16
precision and sets the distillation loss to smooth L1
with equal weighting for reference and distillation
losses.

Unlike the main experiments, this evaluation is
conducted using only a single candidate response
generated from one run.

Analysis. Table 7 reveals a clear trade-off be-
tween lightweight implicit reasoning baselines and
our proposed IToT. Existing methods, including
Coconut and CODI, show notable strengths in ef-
ficiency. In particular, Coconut is consistently the
fastest method across nearly all datasets and model
backbones, while also using the fewest tokens per
sample. This suggests that Coconut is well-suited
for highly budget-constrained settings where low
latency and minimal decoding cost are prioritized
over raw task performance. CODI, although gen-
erally more expensive than Coconut, still remains
substantially more efficient than IToT in both run-
time and token consumption, and on some tasks it
offers modest accuracy gains over Coconut. These
results indicate that prior implicit reasoning ap-
proaches provide a favorable efficiency profile and
can serve as practical solutions when computa-
tional resources are limited.

At the same time, our method demonstrates a
fundamentally different advantage: substantially
stronger reasoning effectiveness. Across GSMS8K,
MATHS500, COMMONSENSEQA, BELEBELE,
and MMLU, IToT achieves the best average ac-
curacy by a large margin, often improving over
both Coconut and CODI by a wide absolute gap.
This trend is especially pronounced on reasoning-
intensive benchmarks such as GSM8K, MATHS500,
and MMLU, where IToT consistently delivers
much higher accuracy across most backbones. The

gains remain robust even under heterogeneous
model families, including Qwen, DeepSeek-Distill,
and Gemma, suggesting that the benefit of IToT
is not tied to a single architecture. These results
support the view that IToT allocates additional com-
putation in a way that translates into meaningfully
better latent reasoning quality, rather than merely
increasing cost.

An interesting exception appears on PROSQA,
where Coconut and CODI remain competitive and
in several cases outperform IToT. This suggests
that for tasks with stronger retrieval, shortcut, or
shallow pattern components, extremely lightweight
implicit reasoning may already be sufficient, and
the additional reasoning depth introduced by IToT
does not always yield proportional gains. Neverthe-
less, considering all six datasets together, [ToT pro-
vides the strongest overall accuracy and the most
consistent reasoning improvements across diverse
tasks, making it the most effective method when
final performance is the primary objective.

C.6 Parameter sensitivity

In §4.4, we present preliminary results on selected
hyperparameters. In this section, we conduct a com-
prehensive analysis of all hyperparameters listed in
Table 6.

Joint sensitivity in branches and beam width.
Table 8 reports the joint sensitivity of IToT to the
token window size W, the number of branches By,
and the beam width B,, on GSM8K, while fixing
Thax = 1024. Overall, IToT is fairly robust in ac-
curacy across a broad range of settings: P@5 stays
within a relatively narrow band (0.858 to 0.886),
whereas inference time varies much more substan-
tially (4.246s to 45.629s). This suggests that the
main effect of larger search budgets is increased
computational cost rather than consistent accuracy
gains.

Among the tested window sizes, W = 128 pro-
vides the best overall efficiency-accuracy trade-off.
It yields not only the fastest configurations in the
table, but also the best observed P@5 of 0.886 at
(W, By, By) = (128,8,1). By contrast, W = 64
is consistently slower and only occasionally im-
proves accuracy, while W = 256 does not provide
clear accuracy benefits over W = 128 despite no-
ticeably higher latency in many settings. This indi-
cates that a moderate update window is sufficient to
capture useful latent steering signals on GSM8K.

Increasing B,, or By generally enlarges the
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Table 7: Implicit reasoning results on accuracy and efficiency across six datasets. Each entry reports accuracy
1, runtime per sample |, and total token consumption per sample |. Accuracy and runtime are reported to three
decimal places, while token consumption is reported to two decimal places. * denotes results reported in the main
text. A denotes evaluation using the COMMONSENSEQA-trained weights.

Method / Model ‘ Qwen2.5-1.5B Qwen2.5-3B DeepSeek-R1-Distill-Qwen-1.5B  Qwen2.5-Math-1.5B Gemma-3-1B ‘ Avg.
GSMSK (Accuracy 1/ Runtime | / Total Token )

1. Coconut 0.039/0.299/4.54 0.085/0.305/4.49 0.086/1.116/25.33 0.071/0.310/4.54 0.027/0.390/3.84 0.062/0.484 /8.55

2. CODI 0.002/3.195/73.80 0.120/0.894/11.10 0.113/0.715/11.10 0.206/0.592/8.50 0.024/11.481/234.30 | 0.093/3.375/67.76

IToT(P@1) (Ours) *

0.669 /5.358 /301.01

0.802/9.971/299.96 0.489/15.820/928.34 0.765/6.141 / 353.77

0.637/13.313/627.37

0.672/10.121 / 502.09

MATHS00 (Accuracy 1/ Runtime |, / Total Token )

1. Coconut 0.038/0.297/4.33 0.080/0.315/4.58 0.044/3.869/95.18 0.076/0.332/4.93 0.028/0.367 /2.74 0.053/1.036/22.35

2. CODI 0.116/0.651/9.90 0.068 /2.122 / 35.00 0.018/1.182/23.20 0.164 /0.634 /9.60 0.010/4.100 / 80.30 0.075/1.738 / 31.60

IToT(P@1) (Ours) * | 0.476/9.532/542.87 0.626/18.924/567.62 0.196/16.809 / 986.90 0.648/9.698/558.71  0.416/14.809 /704.25 | 0.472/13.954/672.07
COMMONSENSEQA (Accuracy 1/ Runtime | / Total Token |)

1. Coconut 0.008 /0.265/2.78 0.032/0.256/2.70 0.001/0.338/2.90 0.023/0.256 / 2.66 0.038/1.106 / 25.04 0.020/0.444 /7.22

2. CODI 0.193/0.569/7.20 0.193/1.820/27.60 0.192/0.543/7.0 0.193/0.575/7.50 0.197/4.943/97.20 0.194/1.690 /29.30

IToT(P@1) (Ours) = | 0.673/3.848/154.53  0.627/9.086/265.58 0.378/10.657 / 627.97 0.332/10.791/636.05  0.448/4.158/190.59 | 0.492/7.708 / 374.94

BELEBELE (Accuracy 1/ Runtime | / Total Token )

1. Coconut A
2. CODI A
IToT(P@1) (Ours) *

0/0.258/2.77
0.184/0.718 /10.40
0.759/3.710/ 114.87

0/0.270/2.82 0/0.344/2.91 0/0.262/2.71
0.102/7.294 /127.60 0.002/0.622/8.20 0.093/0.774 / 11.80
0.859/10.224/182.76 0.489/8.106/231.23 0.328/26.947/796.82

0.003/1.154/25.18
0.009 /7.474 / 143.40
0.449/2.102 /220.10

0.001/0.458/7.28
0.078/3.376 / 60.28
0.577/10.218 /309.16

PROSQA (Accuracy 1/ Runtime | / Total Token )

1. Coconut
2. CODI
IToT(P@1) (Ours) *

0.728 /0.404 / 7.66
0.648/0.772/11.70
0.487/21.758 / 363.31

0.604/0.414 /7.66 0.012/6.534/125.20 0.688/0.420/7.62
0.730/3.564 / 57.60 0.334/2.467/53.20 0.554/0.777/11.70
0.572/25.844 1 509.67 0.473/13.308 / 738.875 0.276/17.4175 / 983.65

0.064/1.337/29.68
0.006/0.840/10.30
0.492/14.928 / 734.29

0.419/1.822/35.56
0.454/1.684 /28.90
0.460/18.651 / 665.96

MMLU (Accuracy 1/ Runtime |, / Total Token )

1. Coconut
2. CODI
IToT(P@1) (Ours) *

0.156/0.348 /5.67
0.007/0.899 / 14.40
0.581/4.154/213.48

0.203/0.403 /7.80 0.151/0.613/10.35 0.183/0.452/9.59
0.054/2.246/34.10 0.095/9.586 /170.00 0.003/1.183/21.40
0.666/11.856 /374.79 0.372/12.097 / 671.22 0.381/12.165/ 693.82

0/0.673/11.90
0.003/8.494/169.10
0.337/7.066 / 327.87

0.139/0.498 /9.06
0.032/4.482/81.80
0.467 /9.468 / 456.24

Table 8: Joint sensitivity of IToTon GSM8K. Each entry reports P@51 / Time]. (s). We fix Ti,.x = 1024. * denotes
results reported in the main text.

W Bf\By | 1 2 4 8 16
4 0.858/10.515  *0.861/12.892  0.864/17.368 - -

64 8 0.867/11.077 0.868/13.154 0.869/17.728  0.873/26.663 -
16 0.876/11.737 0.870/14.002 0.877/18.334  0.860/27.550  0.866/45.629
4 *0.874/4.246  *0.871/5.358  *0.867/7.454 - -

128 8 0.886/4.615 *0.867/5.773 0.881/8.005 0.870/12.587 -
16 0.872/5.429 *0.864/6.542 0.868/9.341 0.875/13.527  0.859/24.205
4 0.868/8.743 *0.867/9.237 0.872/10.446 - -

256 8 0.865/9.165 0.860/9.708 0.876/10.619  0.883/13.032 -
16 0.876/10.225 0.862/10.789 0.876/11.797  0.861/13.595  0.864/17.757

search budget and therefore increases runtime, but
the accuracy improvements are not monotonic. For
example, under W = 128, moving from B,, =1
to larger beam widths often increases latency with
little or even negative impact on P@5. Similarly,
larger B can help in some cases, but the benefit
is modest and inconsistent relative to the added
cost. These results support our default choice of
(W, By, B,,) = (128,4,2) as a balanced operat-
ing point: it achieves competitive accuracy (0.871)
with low runtime (5.358s), while avoiding the steep
cost increase of wider search configurations.

Effect of Decoding Budget under Different
Search Widths.  Table 9 compares the joint

sensitivity of IToT to By, B, and the decod-
ing budget Tiax € 512,1024 under a fixed up-
date window W = 128. Overall, increasing T ax
from 512 to 1024 does not uniformly improve per-
formance, but it tends to provide slightly better
peak accuracy at a modest runtime cost. In par-
ticular, the best result in the table is obtained at
(Tmax, By, Bw) = (1024, 8,1) with P@5 = 0.886,
compared with the best 512-token setting of 0.881
at (512,8,2).

A Larger Token Budget Mainly Improves the
Upper Envelope Rather Than Every Configura-
tion. For many matched settings, the gain from
Tinax = 1024 is small and sometimes inconsistent.
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Table 9: Joint sensitivity of IToTon GSM8K. Each entry reports P@51 / Time/. (s). We compare Tp,ax € {512,1024}.

* denotes results reported in the main text.

Bf\B.y | 1 2 4 8 16
Tonox = 512
4 0.870/4.168 0.863/5.249 0.857/7.424 - _
8 0.851/4.594 0.881/5.607 0.864/7.768  0.872/12.043 .
16 0.866/5.441 0.862/6.381 0.858/8.546  0.862/12.876 0.870/22.026
Tonax = 1024
4 *0.874/4.246 *0.871/5.358 *0.867/7.454 - -
8 0.886/4.615 *0.867/5.773  0.881/8.005  0.870/12.587 .
16 0.872/5.429  *0.864/6.542  0.868/9.341  0.875/13.527 0.859/24.205

Table 10: Sensitivity on GSM8K. Time is measured in
seconds. The default setting is Tinax=1024, W =128,
and G=4. * denotes the default value.

Setting  Acc. T Time/sample |
Generations (G)

G=1 0.867 4511

G=2 0.861 4.791

*G=4 0871 5.358

G =38 0.868 6.267

G=16 0.855 8.359

For example, with By = 4, the 1024-token set-
ting is slightly better than the 512-token setting
across By, € 1,2, 4, but the margins are limited.
Under By = 8 and By = 16, some configurations
improve while others remain similar or even fluc-
tuate slightly downward, suggesting that a larger
decoding budget mostly helps preserve headroom
for strong search settings rather than delivering
uniform gains across the board.

Runtime Growth Remains Moderate Compared
with Search Expansion. Moving from T,,x = 512
to 1024 consistently increases inference time, but
the increase is much smaller than the cost induced
by enlarging By or B,,. This indicates that, in this
regime, search width is the dominant factor control-
ling latency, while the decoding budget plays a sec-
ondary role. Taken together, these results support
using Tinax = 1024 when peak performance is pre-
ferred, while T ax = 512 remains a competitive
and more economical option for efficiency-oriented
settings.

Sensitivity to the Number of Generations. Ta-
ble 10 shows that IToT is moderately sensitive to

Table 11: Sensitivity on GSM8K. Time is measured in
seconds. The default setting is Ti,ax=1024, W=128,
and A\=8. * denotes the default value.

Setting  Acc. T Time/sample |

Population size ()

A=4 0.861 5.183
*A=8 0.871 5.358
A=16 0.873 5.433

the evolutionary search depth (G, with the default
setting G = 4 achieving the best overall accuracy.
In particular, G = 4 attains the highest P@5 of
0.871, outperforming both shallower and deeper
search settings.

A Moderate Number of Generations Is Suffi-
cient for Effective Refinement. When G is reduced
to 1 or 2, acc drops slightly to 0.867 and 0.861,
suggesting that too few generations may not pro-
vide enough iterative refinement for the latent steer-
ing directions. On the other hand, increasing G
beyond 4 does not improve performance: acc de-
creases to 0.868 at G = 8 and further to 0.855 at
G = 16. This indicates that deeper evolutionary
search brings diminishing returns and may even
harm optimization quality.

Runtime Increases Gradually with Larger G. Un-
like the earlier setting where runtime differences
were more dramatic, the updated results show a
smoother growth in time from 4.511s at G = 1
to 8.359s at G = 16. Even so, the extra cost of
larger G5 is not matched by better accuracy. Taken
together, these results support the default choice
G = 4 as the best balance between search effec-
tiveness and computational efficiency.
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Table 12: Sensitivity on GSM8K. Time is measured in
seconds. The default setting is Tinax=1024, W =128,
and 0(=0.03. * denotes the default value.

Setting Acc. 1 Time/sample |
Initial noise (oo)
oo = 0.01 0.869 5312
*o0 =0.03 0.871 5.358
oo =0.05 0.864 5.324
o0 =0.1 0.865 5.301
oo =0.2 0.877 5.340
o0 =0.5 0.864 5.361
oo =0.9 0.883 5.271

Sensitivity to Population Size. Table 11 shows
that I'ToT is highly stable with respect to the popu-
lation size A. Across the tested values, acc varies
only slightly from 0.861 to 0.873, while runtime re-
mains nearly unchanged, indicating that the method
is not particularly sensitive to this hyperparameter
in the examined range.

Larger Populations Bring Only Marginal Accu-
racy Gains. Increasing the population size from
A =4to A = 16 improves acc from 0.861 to 0.873,
but the gains are gradual and modest. The default
setting A = 8 already achieves strong performance
with acc = 0.871, very close to the best observed
result.

The Default Choice Remains a Good Practical
Setting. Since runtime differs only slightly across
all three settings, the main effect of increasing A is a
small improvement in accuracy rather than a major
efficiency trade-off. Taken together, these results
suggest that I'ToT is robust to population size, and
they support A = 8 as a reasonable default that
balances performance and search stability.

Sensitivity to Initial Direction Noise. Table 12
shows that IToT is quite robust to the initial noise
scale o, since runtime remains almost identical
across all tested values and accuracy varies within
a relatively narrow range. This indicates that the
method is not highly sensitive to the precise initial-
ization magnitude.

Larger Initial Noise Can Sometimes Improve Ac-
curacy, but the Trend Is Not Monotonic. The best
acc is achieved at oo = 0.9 with 0.883, followed
by 0.877 at g = 0.2, while smaller and interme-
diate values produce slightly lower results. At the
same time, several nearby settings, such as 0.05,
0.1, and 0.5, do not show similar gains, suggesting
that the effect of increasing og is not systematic
but depends on how exploration interacts with the

Table 13: Sensitivity on GSM8K. Time is measured in
seconds. The default setting is Ti,ax=1024, W=128,
and 0,,,=0.01. * denotes the default value.

Setting Acc. 1T Time/sample |
Mutation noise (o)
*om = 0.01 0.871 5.358
om = 0.03 0.860 5.273
om = 0.05 0.872 5.295
om = 0.09 0.878 5.307
om = 0.5 0.863 5.352
om =0.9 0.853 5.288

downstream search process.

The Default Setting Remains a Stable and Rea-
sonable Choice. Although some larger noise scales
achieve somewhat higher acc, the default oy =
0.03 still provides competitive accuracy at essen-
tially the same runtime. Taken together, these re-
sults suggest that IToT tolerates a broad range of
initialization strengths, and the default choice re-
mains a sensible operating point without requiring
fine-grained tuning.

Sensitivity to Mutation Noise. Table 13 shows
that IToT is fairly robust to the mutation noise scale
Om, as runtime remains nearly constant across all
tested values and acc varies within a limited range.
This suggests that the method can tolerate different
levels of perturbation during evolutionary updates
without major changes in computational cost.

Moderate Mutation Noise Appears Most Helpful.
The best performance is obtained at o, = 0.09,
which achieves acc = 0.878, while o,,, = 0.05 also
slightly outperforms the default with acc = 0.872.
In contrast, both very small and very large mu-
tation noise levels are less favorable: the default
om = 0.01 remains competitive at 0.871, but per-
formance drops to 0.863 at g, = 0.5 and 0.853
at o, = 0.9. This pattern suggests that moderate
mutation strength improves exploration, whereas
overly large perturbations may destabilize the re-
finement process.

The Default Setting Remains a Reasonable Con-
servative Choice. Although o,,, = 0.09 yields the
highest acc, the default o,,, = 0.01 is very close in
performance and performs consistently well. Taken
together, these results indicate that IToT benefits
from some mutation-driven exploration, but does
not require aggressive noise, making the default
setting a stable and practical choice.

Sensitivity to Momentum Decay. Table 14
shows that IToT is only mildly sensitive to the mo-
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Table 14: Sensitivity on GSM8K. Time is measured in
seconds. The default setting is Tinax=1024, W =128,
and $=0.9. * denotes the default value.

Setting Acc. T Time/sample |
Momentum (3)

B8 =0.1 0.858 5.306

=03 0.867 5.348

B=05 0.878 5.373

=09 0.871 5.358

Table 15: Sensitivity on GSM8K. Time is measured in
seconds. The default setting is N.,;=10. * denotes the
default value. We report results using both a single can-
didate response and five candidate responses generated
within one run.

Setting P@11t P@51 Time/sample |
Calibration pairs (N¢a1)

*Near = 10 0.669  0.871 5.358

Near = 100 0.673  0.859 5.644

Neqr = 1000 0.672  0.873 5.863

mentum decay coefficient (3, since runtime stays
almost constant across all tested values while acc
changes within a relatively small range. This indi-
cates that momentum mainly affects optimization
quality rather than computational cost.

Intermediate Momentum Strength Appears Most
Effective. As (3 increases from 0.1 to 0.5, acc im-
proves from 0.858 to 0.878, suggesting that retain-
ing more historical update information helps stabi-
lize and refine the latent search direction. However,
the trend is not strictly monotonic, since the de-
fault setting 8 = 0.9 yields 0.871, which is slightly
below the best result at 3 = 0.5.

The Default Setting Remains a Stable Practical
Choice. Although 8 = 0.5 achieves the highest
acc, the margin over the default is modest, and
all settings have nearly identical runtime. Taken
together, these results suggest that IToT is robust
to the choice of momentum decay within a broad
range, while the default 5 = 0.9 remains a reason-
able configuration that delivers strong performance
without sensitive tuning.

Sensitivity to the Number of Calibration Pairs.
Table 15 shows that IToT is quite robust to the
number of calibration pairs N.,. Both P@1 and
P@5 vary only slightly across the tested settings,
while runtime increases only modestly as more
calibration pairs are used.

More Calibration Data Does Not Yield Consis-
tent Gains. Increasing N,; from 10 to 100 slightly

improves P@1 from 0.669 to 0.673, but reduces
P@5 from 0.871 to 0.859. Further increasing to
Negi = 1000 recovers and slightly exceeds the de-
fault P@5, reaching 0.873, while P@1 remains
nearly unchanged at 0.672. This suggests that
larger calibration sets do not produce a uniform
improvement across metrics.

The Default Setting Remains a Strong Practical
Choice. Although N, = 1000 achieves the best
P@S5, the gain over the default is marginal, and
it comes with a small increase in runtime. Mean-
while, the default N.,; = 10 already delivers com-
petitive P@1 and P@5 with the lowest cost, sup-
porting it as an efficient and reliable default config-
uration.

C.7 Results with a Larger Backbone

To examine whether the effectiveness of IToT ex-
tends beyond the 1-3B model scale considered in
the main experiments, we further evaluate IToT
and the main comparison methods with Qwen2.5-
7B (Yang et al., 2024a) on GSM8K (Cobbe et al.,
2021) and MATH (Hendrycks et al., 2021b). We
retain the same experimental settings and evalua-
tion protocols as in the main experiments, changing
only the backbone model. Given the increased com-
putational cost at this scale, we report P@5 results
from a single run. The results are summarized in
Table 16.

On MATH-500, IToT achieves the highest accu-
racy of 0.822, outperforming baselines. It requires
only 2,710 generated tokens, fewer than CoT and
substantially fewer than the explicit search-based
baselines ToT, DPTS, and SSDP. Compared with
GoT, IToT improves accuracy from 0.744 to 0.822
while also reducing both inference time and token
consumption.

On GSMSK, CoT obtains the highest accuracy
of 0.960, while I'ToT achieves a competitive accu-
racy of 0.954 and outperforms CoT-SC, ToT, GoT,
DPTS, and SSDP. Notably, IToT uses substantially
fewer tokens than the explicit search-based meth-
ods ToT, DPTS, and SSDP. These results indicate
that the effectiveness of latent-space branch selec-
tion is not restricted to smaller backbones: IToT
remains competitive with Qwen2.5-7B and shows
particularly strong performance on the more chal-
lenging MATH-500 benchmark. A more compre-
hensive scaling study across additional model sizes
and families would require substantially greater
computational resources, which we leave for future
work.
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Table 16: Performance of different reasoning methods
with Qwen2.5-7B on GSM8K and MATH-500. All
methods use the same backbone. Bold indicates the best

P@5 on each benchmark.

Method Acc.t Time(s)] Tokens |

GSMS8K

CoT 0.960 43.110 1,312.60
CoT-SC 0.925 43.110 1,312.60
ToT 0.949 26.360 5,446.41

GoT 0.921 86.000 2,377.12
DPTS 0.906 8.771 7,487.19
SSDP 0.864 8.489 5,687.96
IToT 0.954 79.292 1,455.20

MATH-500

CoT 0.774 93.610 2,957.10
CoT-SC 0.708 93.610 2,957.10
ToT 0.796 64.037 8,686.63

GoT 0.744  178.480 3,788.94
DPTS 0.674 26.340  22,609.01
SSDP 0.702 17.961 11,124.23
IToT 0.822  126.075 2,710.00

Algorithm 1 IToT

Require: Calibration set Dea1 = {(i, ;")

N |, model M,
controlled layers Lyign, window size W, pool size B, re-

tain size K, momentum 3, steering strength A", mixing
factor v

Ensure: Generated text y

1:
2:
3:
4:

34

37:

38:
39:
40:
41:
42:
43:
44

N-R-"NEN I I

Phase I: Offline Prototype Calibration

for each (;,y;") € Dear do
y;  M.generate(x;)
{B§Z)7+’ BEZ),_}le‘Chigh
y;rvxi D y:)

+—  Mdorward(z; @

: end for
: for each layer I € Lpign do

p(l) < Norm (Zil(ﬁgl)’+ — Bg.l)’*))

: end for
: Phase II: Inference-Time Steering
: for each layer [ € Lyign do

BY 9
forb=1,...,Bdo
&b ~ N(0,0°T)
m,()l) < Norm (p(l) + eb)
vé” ~0
BY « BO U {(m{",v{")}
end for

: end for
Y+ ]
: while EOS not emitted do

forw=1,...,Wdo
{h{"}, « M.forward_step(z, V)
for each layer | € Lhign do
b* )+ arg max, vél)

r (1 l l l
B by A0 B oy,

WO (1 - a)h® + ahd
end for
thext < M.decode_next({h;(l)})
y — y ® [tncxt}
if thext = EOS then
break
end if
end for
for each layer [ € Lyign do
forb =1,...,|BY|do

d « CMA-ES (mff);obj = COS('vP(l)))
m{ « Norm (ﬁm(bl) +(1— B)d(b”)

v,()l) — ’Uél) + cos(d,()l)7 p(l))
end for
BY « TopK(BY, K)
Replenish BY to size B
end for
end while
return § < )
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