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Abstract

Latent reasoning enables Large Language Mod-
els (LLMs) to perform multi-step inference
within continuous hidden states, offering ef-
ficiency gains over explicit Chain-of-Thought
(CoT). However, the opacity of these contin-
uous thought vectors hinders their reliability
and controllability. This paper bridges the gap
between mechanistic interpretability and ac-
tionable control. We first present a systematic
analysis using structural, causal, and geomet-
ric probes, revealing that latent vectors encode
compressed, faithful representations of reason-
ing steps, with early vectors acting as critical
causal hubs. Building on this, we operational-
ize these interpretability insights into a suite
of training-free, decode-time interventions that
refine the latent reasoning process by imposing
the identified geometric and semantic priors.
Extensive experiments across multiple model
scales and diverse task domains demonstrate
that our approaches consistently improve rea-
soning accuracy. Our interpretability-guided
interventions consistently unlock latent capabil-
ities and improve reasoning accuracy without
any parameter updates.

1 Introduction

Large Language Models (LLMs) have evolved
from simple pattern completion to performing so-
phisticated multi-step reasoning (DeepSeek-AI,
2025; OpenAI, 2023). Much of this progress stems
from techniques like Chain-of-Thought (CoT)
prompting (Wei et al., 2023), where models gen-
erate explicit, token-based rationales to structure
their inference process. While effective, this re-
liance on verbalized reasoning introduces signifi-
cant drawbacks. Explicit CoTs can be excessively
long (Wang et al., 2025c), incurring substantial la-
tency and computational costs. Furthermore, their
textual nature provides a low-bandwidth medium

for complex computation (Hao et al., 2024), often
containing redundant information and increasing
susceptibility to compounding errors (etc., 2023).

These limitations motivate a shift toward latent
reasoning (etc., 2025c; Li et al., 2025b; Chen et al.,
2025), where multi-step inference unfolds within
the model’s continuous hidden states without gen-
erating intermediate text. This approach enables
more efficient computation by bypassing the need
for explicit token generation. Existing methods
explore various paradigms, such as optimizing hid-
den state trajectories (Tan et al., 2025; Zhang et al.,
2025b; Li et al., 2025a; Zelikman et al., 2024) or
reusing network layers (Saunshi et al., 2025; etc.,
2025b; Geiping et al., 2025; Wang et al., 2025b)
to simulate deeper computation. Among these, the
continuous-thought paradigm (Hao et al., 2024;
Shen et al., 2025b; Zeng et al., 2025; Wei et al.,
2025; Liu et al., 2025a), which employs special
latent vectors to propagate information across rea-
soning steps. It has shown particular promise due
to its simplicity and compatibility with standard
decoding pipelines.

Despite its potential, the continuous-thought
paradigm faces two critical gaps in understanding.
First, its interpretability remains largely unverified:
it is unclear whether these latent vectors genuinely
encode semantic steps of a reasoning process or
are merely artifacts of the training objective (Deng
et al., 2024). Second, existing studies are typically
limited to smaller-scale models, leaving the scala-
bility and behavior of this paradigm at larger scales
under-explored. This paper aims to bridge these
gaps: Not by proposing a new training method, but
by establishing rigorous principles and diagnostic
tools for interpreting and intervening in the latent
reasoning process.

To address the first gap whether latent thought
vectors genuinely encode semantic reasoning steps,
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we develop a suite of three complementary inter-
pretability probes (Wei et al., 2025; Deng et al.,
2025; etc., 2025a; Alain and Bengio, 2018), de-
signed to examine their structure, content, and
causal role in the reasoning process. First, through
structural alignment analyses (Kornblith et al.,
2019; Davari et al., 2022; Li et al., 2024a), we
find that the geometry of latent thought vectors
closely mirrors that of explicit CoT rationales, sug-
gesting a shared representational scaffold. Second,
we show that a simple linear map can reconstruct
textual reasoning steps from these latent vectors
with high fidelity, confirming they serve as com-
pressed yet faithful encodings of intermediate rea-
soning. Finally, causal intervention experiments
demonstrate that targeted edits to these vectors es-
pecially in early reasoning steps to predictably alter
the model’s final answer, establishing their func-
tional role in the inference pipeline (Meng et al.,
2023; Turner et al., 2024; Wu et al., 2024; Liu et al.,
2025b; Li et al., 2023).

Building on these insights, we design a series of
training-free, decode-time interventions. By ma-
nipulating cached latent states by projecting them
along directions identified by our probes, we can
both validate our interpretability hypotheses and
measurably improve reasoning performance with-
out any parameter updates. These consistent gains
from simple, norm-preserving edits highlight the
untapped potential residing within the model’s ex-
isting latent pathways.

Our contributions are threefold:

1. Unified Interpretability Framework: We
provide the first systematic analysis of the
continuous-thought paradigm, establishing
structural, pointwise, and causal evidence that
latent vectors are not opaque artifacts but steer-
able, semantic reasoning blueprints.

2. From Theory to Practice: We translate our
interpretability findings into a novel suite of
training-free, decode-time interventions. By
enforcing semantic consistency and geometric
regularity, we demonstrate that model perfor-
mance can be improved solely by manipulat-
ing inference dynamics.

3. Scalable and Robust Validation: We extend
the evaluation of latent reasoning to large-
scale models (up to 8B) and diverse domains.
Our results on GSM8K, OOD benchmarks,
and StrategyQA confirm that the identified

causal mechanisms are fundamental and gen-
eralizable properties of latent reasoning.

2 Related Works

2.1 Paradigms for Latent Reasoning
Latent reasoning seeks to realize multi-step infer-
ence inside hidden states, avoiding explicit inter-
mediate tokens while retaining standard decoding
for the final answer. Prior work advances mecha-
nisms as follows. Latent optimization refines hid-
den trajectories in place (Saunshi et al., 2025; etc.,
2025b; Wang et al., 2025a; Goyal et al., 2024) dur-
ing decoding or distills long textual rationales into
compact continuous representations. Signal-guided
control steers trajectories with auxiliary signals
such as confidence estimates, verifier outputs, or
decode-time selection criteria, and may bias states
toward informative embedding subspaces (Zelik-
man et al., 2024; Du et al., 2025b; Liu et al., 2024a;
Du et al., 2025a). Layer-recurrent (Geiping et al.,
2025; Wang et al., 2025b; Zhang et al., 2025a; Shen
et al., 2025a) execution emulates deeper computa-
tion without lengthening the sequence by reusing
layers or activations, for example through architec-
tural loops or by feeding a layer’s output back as
the next input. Our study focuses on the continuous-
thought latent-span variant (Wei et al., 2025; Zhang
et al., 2025b; Zeng et al., 2025; Hao et al., 2024;
Liu et al., 2025a), in which reserved latent vec-
tors are written into the prefix to carry informa-
tion across steps, as popularized by CoConut-style
models. Those most demonstrations target small
models and their scalability and interpretability at
larger scales remain underexplored.

2.2 Interpretability of Latent Reasoning
Interpretability efforts examine where and how hid-
den computation acquires stepwise structure and
causal influence. Mechanistic analyses (Wei et al.,
2025; Deng et al., 2025; Liu et al., 2025a; Wang
et al., 2025a) track the emergence of staged com-
putation within transformer internals, relating at-
tention flow and layer specialization to progres-
sive subgoal formation. Behavioral studies (Li
et al., 2025a; Tan et al., 2025; Yu, 2025; Lu
et al., 2025; Du et al., 2025a) infer latent process-
ing from macroscopic signatures such as abrupt
memorization-to-generalization transitions and the
internalization of intermediate steps that manifest
as step skipping at inference. Representational
analyses (Shen et al., 2025b; Zhu et al., 2025;
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Figure 1: Explicit Reasoning versus Latent Reasoning. Left: Explicit Reasoning externalizes intermediate
reasoning as a token sequence (xi, xi+1, . . . , xi+j).Right: Latent Reasoning reserves a latent span and at each
reserved slot, feeds the preceding final-layer hidden state back as the next input, yielding a continuous thought that
conditions subsequent decoding.

Zhang et al., 2025a; Liu et al., 2024b; Yan et al.,
2024) link hidden trajectories to explicit reason-
ing via centered kernel alignment, linear decoding,
and lightweight mappers, and corroborate these
relations through targeted causal edits that ablate,
steer, or transplant states (Wu et al., 2024; Li et al.,
2024b). Our method contributes the interpretabil-
ity by integrating structural alignment, then oper-
ationalizing the resulting priors as training-free,
decode-time interventions. The protocol both sup-
ports interpretability and yields consistent gains in
reasoning accuracy, connecting explanation with
capability improvement.

3 Interpretation of Latent Reasoning

To investigate whether latent reasoning genuinely
performs structured, multi-step inference, we con-
duct a three-part analysis. We first probe the seman-
tic content of the latent vectors by measuring their
correspondence with explicit Chain-of-Thought
(CoT) representations (Section 3.2). Next, we per-
form a series of causal interventions to test whether
manipulating these vectors predictably controls the
model’s output (Section 3.3). Finally, we explore
the architectural and geometric properties that en-
able this emergent computational structure (Sec-
tion 3.4).

3.1 Preliminary

Our work focuses on a mode of reasoning where
inference occurs within the model’s continuous
hidden states, rather than through verbalized CoT.
A standard causal language model with parameters

θ defines the probability of a sequence w1:T as:

pθ(w1:T ) =
T∏

t=1

pθ(wt | w<t). (1)

While explicit CoT involves minimizing cross-
entropy over a sequence of textual reasoning steps,
latent reasoning reserves a special span of K po-
sitions within the prompt that do not correspond
to vocabulary tokens. The computation within this
span is realized through a sequence of hidden vec-
tors we term continuous thoughts.

Formally, given an input embedding matrix E ∈
RT×d, a latent span of length K is introduced. The
model deterministically populates this span by se-
quentially generating K continuous thought vec-
tors, z1:K . At each latent position ℓk, the vector is
derived from the previous position’s final hidden
state and then used as the input embedding for the
current position:

zk ≜ h
(L)
ℓk−1, and Ẽℓk ← zk, (2)

where h(L)
t is the last-layer hidden state at position

t and Ẽ is the resulting "filled" embedding matrix.
Conditioned on Ẽ, the model proceeds with stan-
dard autoregressive decoding to generate the final
answer y:

pθ(y | x) ≡ pθ
(
y | Ẽ(x)

)
. (3)

Crucially, the latent vectors zk are not directly
supervised. Their values are learned implicitly
through the standard next-token prediction loss,
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which is applied only to the visible target tokens
Vvis (i.e., the answer):

L(θ) = −
∑

t∈Vvis

log pθ
(
wt | w<t; Ẽ(x)

)
. (4)

3.2 Probing the Semantic Content of Latent
Vectors

Our first hypothesis is that the sequence of con-
tinuous thoughts, z1:K , serves as a compressed,
continuous analogue to a textual CoT. To test this,
we assess the correspondence between the latent
representations and the hidden states generated by
an equivalent model executing an explicit CoT.

Establishing Correspondence. Let T be the set
of textual step boundaries in a teacher-forced CoT.
We extract the final-layer hidden state at the end of
each step t ∈ T to serve as its canonical represen-
tation: ct(x) ≜ h

(L)
end(t)(x). To create a comparable

latent representation, we locally average a small,
contiguous block of continuous thoughts that are
heuristically aligned with step t, forming a step-
level latent surrogate:

z̄t(x) ≜
1

|K(t)|
∑

k∈K(t)

zk(x). (5)

This aggregation allows us to test for step-wise cor-
respondence without making strong assumptions
about a one-to-one mapping between latent vectors
and reasoning steps.

Multi-faceted Probing Analysis. We employ
three complementary methods to probe the relation-
ship between the latent surrogates {z̄t} and their
explicit counterparts {ct}. First, we measure their
structural alignment using linear Centered Kernel
Alignment (CKA), which quantifies the similarity
of the geometric arrangement of data points across
different instances. CKA is defined as:

CKA(Z̃t, C̃t) =
∥Z̃⊤

t C̃t∥2F
∥Z̃⊤

t Z̃t∥F · ∥C̃⊤
t C̃t∥F

, (6)

where Z̃t and C̃t are matrices whose rows are the
centered latent surrogates and CoT step representa-
tions, respectively, for a set of problems.

Second, we test for pointwise recoverability by
training a simple linear map fϕ to predict a CoT
representation ct(x) from its corresponding latent
surrogate z̄t(x). The model is trained to maximize

Metric Value vs. Baseline

I. Structural Alignment (Geometry)
Linear CKA Score 0.72 –

II. Pointwise Recoverability (Content)
Cosine Similarity 0.75 +0.61 (Identity)

III. Lexical Probe (Vocabulary)
Top-1 Token Accuracy 0.38 > Random

Table 1: Semantic Correspondence Analysis. Latent
vectors exhibit high structural similarity (CKA) and
linear recoverability relative to explicit CoT steps, con-
firming they are compressed semantic states.

cosine similarity, a stringent test of linear decod-
ability:

Lcos(ϕ) = Et,x

[
1− cos

(
fϕ(z̄t(x)), ct(x)

)]
.
(7)

Finally, we conduct a non-parametric lexical probe
to see if a latent surrogate contains information
about the tokens in the corresponding reasoning
step. We feed z̄t(x) through the model’s language
modeling head and measure the probability mass
assigned to the top tokens of the actual CoT step:

pvocab(· | z) = softmax
(
W × LN(z) + b

)
. (8)

Results. Table 1 confirms a high degree of se-
mantic fidelity. The strong CKA scores indicate
a significant geometric alignment between latent
and explicit reasoning spaces, while the high co-
sine similarity verifies that CoT steps are linearly
recoverable. Additionally, the lexical probe demon-
strates robust token-level decodability. As visu-
alized in Figure 2, these results establish that la-
tent vectors function not as opaque artifacts, but
as faithful, compressed encodings of the reasoning
process.

3.3 Analyzing the Causal Role of Latent
Thought Sequences

Having established a correlational link between
latent vectors and reasoning steps, we now investi-
gate their causal role. If continuous thoughts truly
guide the reasoning process, then targeted interven-
tions on them should predictably alter the model’s
final answer. We measure the effect of an inter-
vention I on a latent sequence Z by the change in
log-probability of the target answer y⋆:

∆ log ptgt ≜ log p(y⋆|I(Z))− log p(y⋆|Z). (9)

Intervention Strategies. We probe causal influ-
ence through three complementary intervention
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Figure 2: Mapper-based alignment of latent thoughts to explicit CoT. (a) Before mapping, latent and CoT points
are separated in PCA space. (b) A linear mapper fϕ aligns latents with CoT clusters. (c) Overlay with arrows
(latent→mapped) visualizes the systematic displacement toward CoT.
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Figure 3: Impact of ablating latent vectors. The answer
flip rate decreases as more of the initial latent vectors
are preserved (from drop@0 to drop@K), confirming
that early latent thoughts are causally critical for the
final outcome.

families applied to cached latent vectors. To assess
positional salience, we truncate the latent sequence
after the k-th vector, denoted drop@k, thereby re-
moving downstream stages of latent computation
and measuring the resulting change in prediction.
To test fine-grained controllability, we introduce
small, norm-preserving edits to an early latent state:
a spherical interpolation that reorients the vector
toward an answer-supporting boundary (Eq. 13),
and a single normalized gradient step that nudges
the vector in the direction that increases the likeli-
hood of the correct answer (Eq. 14). To evaluate
transferability, we transplant the entire latent se-
quence from one instance into another and exam-
ine whether the model’s answer shifts toward the
donor’s target, treating the sequence as a putative
internal reasoning plan. Together, these interven-
tions jointly characterize where information is con-
centrated, whether it can be steered with minimal
edits, and to what extent latent trajectories encode
reusable guidance for decoding.

Intervention Type Flip % ∆log p Dir. %

A. Ablation (Positional Importance)
Drop@0 (Remove all) 10.7 -0.15 –
Drop@1 (Keep first) 8.7 -0.12 –

B. Targeted Edits (Steerability)
Slerp (to Answer) 21.5 +0.85 –
Gradient Update 24.1 +1.02 –

C. Transplant (Plan Transfer)
Latent Sequence 2.5 -0.05 48.3
Explicit CoT (Ref) 95.0 -4.51 30.0

Table 2: Causal Intervention Results. Early ablation
harms performance, while norm-preserving edits steer
the outcome. Notably, latent transplants transfer "rea-
soning plans" (high Directional %) better than explicit
text.

Results. Table 2 summarizes the causal effects.
First, ablation experiments (Figure 3) show that
early latent vectors are critical; removing them
causes a sharp drop in performance. Second, tar-
geted edits prove that these vectors are steerable:
small directional updates reliably shift the output
probabilities and can flip the final answer. Finally,
the transplant experiment demonstrates effective
"plan transfer." Unlike explicit CoT, transplanting
latent sequences successfully biases the model to-
ward the donor’s answer. Together, these results
confirm that latent sequences encode robust and
transferable reasoning trajectories.

3.4 Uncovering Architectural and Geometric
Underpinnings

What properties of the Transformer architecture
enable this stable, structured latent computation?
We hypothesize two key factors: the geometry in-
duced by tied input-output embeddings and the
emergence of a monotonically decreasing energy
function along the latent chain.
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Weight Tying as a Nearest-Neighbor Projector.
In models with tied embeddings, the output projec-
tion matrix is the transpose of the input embedding
matrix (Wo = E⊤). Consequently, selecting the
next token ı̂ at low temperature is equivalent to
finding the token embedding eı̂ with the highest
cosine similarity to the final hidden state h:

ı̂ = argmax
i
⟨h, ei⟩. (10)

The standard "decode-then-re-embed" cycle can
thus be viewed as a nearest-neighbor projection
T (h) = eı̂, which maps h onto the discrete code-
book of token embeddings. Our latent update mech-
anism, which directly feeds h as the next input, is
a continuous approximation of this cycle. This ap-
proximation is accurate when h is already close to
an embedding vector eı̂, i.e., when ∥h − T (h)∥2
is small. Untied embeddings introduce a tying gap,
weakening this geometric correspondence and po-
tentially destabilizing latent computation.

A Monotone Energy Over the Latent Chain.
We further hypothesize that the latent trajectory
follows a directed path from a high-energy "unre-
solved" state to a low-energy "resolved" state. We
test this by learning a simple scalar energy function
H : Rd → R optimized with a margin ranking
loss to ensure energy decreases at each step along
the chain from the last question token to the first
answer token:

Lrank = E
[
max

{
0, γ − (H(xt)−H(xt+1))

}]
.

(11)

Results. Table 3 validates both architectural hy-
potheses. First, weight tying proves critical; mod-
els with tied embeddings achieve significantly
higher accuracy ratios (rAcc) compared to untied
variants. Second, the learned energy landscape ex-
hibits monotonicity along the latent chain, with
rank correlations approaching 1.0. This confirms
that the latent process is not a random walk, but a
structured, contractive descent toward the final
answer.

In summary, this section establishes a uni-
fied interpretability framework for the continuous-
thought paradigm. We demonstrate that latent
vectors are not arbitrary states, but semantically
aligned representations that precise causal control
over the thinking process. Our findings validate
latent reasoning as a robust and interpretable alter-
native to explicit CoT.

Architectural Property Result

I. Impact of Weight Tying
Accuracy Ratio (rAcc) – Tied (Ours) 2.97
Accuracy Ratio (rAcc) – Untied 1.15

II. Energy Landscape Monotonicity
Strictly Monotonic Chains 99.0%
Spearman Rank Correlation > 0.99

Table 3: Geometric Underpinnings. Weight tying is
crucial for latent efficacy (rAcc), and the learned energy
function confirms a highly structured, monotonic de-
scent towards the solution.

4 Interventions on Latent Reasoning

Building upon the interpretability analysis in Sec-
tion 3, we now operationalize our findings. We in-
troduce a series of novel training-free interventions
that manipulate cached latent vectors at decode-
time. Formally, given a latent state zk, we seek a
steered state z′k that maximizes alignment with a
prior-defined reasoning manifold while minimizing
deviation from the original context. As detailed in
Algorithm 1, this process is governed by a gener-
alized update rule, z′k ← I(zk; Φ,Ω), where the
guidance prior Φ and manifold constraint Ω are
instantiated based on the specific interpretability
source (Semantic, Causal, or Geometric). Our goal
is to demonstrate that by leveraging a theoretical
understanding of the latent reasoning process, we
can unlock and enhance the model’s inherent infer-
ential capabilities without any parameter updates.

4.1 Experimental Setup

Latent Reasoning Paradigms. We evaluate our
interventions on two distinct paradigms within the
continuous-thought framework: CoConut employs
a latent span optimization to fill reserved placehold-
ers with continuous thoughts, CODI distills a long,
explicit Chain-of-Thought into a compressed se-
quence of continuous vectors prefixed to the input.

Models and Tasks. We conduct experiments
across Qwen3-8B, Llama-3.1-8B and the smaller
Llama-3.2-3B. To rigorously evaluate efficacy and
scalability, Our evaluation covers three distinct do-
mains: (1) In-Domain Mathematical Reasoning:
We use the standard GSM8K (Cobbe et al., 2021)
test set. (2) Out-of-Domain (OOD) Robustness:
We evaluate on GSM-Hard (Gao et al., 2023) and
SVAMP (Patel et al., 2021) to test generalization to
higher complexity and varying linguistic patterns.
(3) Implicit Commonsense Reasoning: We in-

34024



Algorithm 1 Unified Interpretability-Guided La-
tent Steering

Require: Latent State zk, Variant M, Hyper-
params α, λ, η

Configuration (Define Prior Φ and Constraint Ω
viaM)
A: Φ(z) = Fmap(z), Ω(z) = Psubspacez

B: Φ(z) = z− η∇L, Ω(z) = z/∥z∥
C: Φ(z) = z− η∇H, Ω(z) = WT-Proj(z)

Execution
1: v∗ ← Φ(zk) ▷ Extract guidance signal
2: d← v∗ − zk
3: zsteer ← zk + α · d

∥d∥ · ∥zk∥ ▷ Apply
directional update

4: z′k ← (1− λ)zsteer + λ · Ω(zsteer) ▷ Manifold
regularization

5: return z′k

clude StrategyQA (Geva et al., 2021) to verify that
our findings extend beyond mathematical tasks.

4.2 Intervention A: Semantic Structure
Transport

Drawing from our discovery in Section 3.2 that la-
tent vectors are semantically aligned with explicit
CoT steps, we propose Mapper-Guided Trans-
port to refine the latent trajectory. We identify the
mean m0 of the terminal latent pair and map it to a
target semantic destination t0 = F (m0) using the
linear mapper trained in Section 3.

We then steer the latent state using spherical
linear interpolation (slerp) and norm mixing:

û = slerp
( m0

∥m0∥
,

t0
∥t0∥

;α
)
,

m̂ =
[
(1− η)∥m0∥+ η∥t0∥

]
û,

(12)

where α controls the directional shift and η reg-
ulates the norm influence. To preserve instance-
specific information, we re-apply the original resid-
ual vectors to the updated mean. Finally, to ensure
the modified vectors remain on the valid token man-
ifold, we apply Embedding-Subspace Alignment
via a projector Pr derived from the principal com-
ponents of the embedding matrix.

4.3 Intervention B: Causal Hub Editing

Our causal analysis in Section 3.3 identified early
latent vectors (e.g., z2) as "causal hubs" that exert
disproportionate control over the final output. We

introduce two strategies to strictly edit these critical
states.

Answer-Anchored Slerp. We reorient the criti-
cal vector z2 toward a boundary vector t (derived
from a retrieved exemplar) to steer the reasoning
direction:

z′2 = ∥z2∥ slerp
( z2
∥z2∥

,
t

∥t∥ ;α
)
. (13)

Answer-Directed Gradient Update. Alterna-
tively, we apply a single gradient step to maximize
the likelihood of the correct answer direction while
strictly enforcing a norm constraint to prevent en-
ergy explosion:

z′2 = z2 − η ∥z2∥
∇z2L

∥∇z2L∥+ ε
. (14)

4.4 Intervention C: Geometric Priors
Based on the architectural findings in Section 3.4,
we propose interventions that enforce the geometric
consistency of the latent space.

Weight-Tying Consistent Projection. To
strengthen the link between hidden states and the
output vocabulary space, we nudge the hidden state
hℓ towards its expected embedding representation
ẽℓ:

ẽℓ = E⊤softmax(oℓ−1/τ), h′
ℓ = (1−α)hℓ+α ẽℓ.

(15)

Energy-Guided Local Descent. Using the
monotonicity energy function H(·) trained in Sec-
tion 3, we apply a trust-region gradient descent
step. This ensures the reasoning process progresses
"downhill" in the energy landscape, stabilizing the
inference trajectory:

h′
ℓ = hℓ − ProjB(0,ρ∥hℓ∥)

(
η∇H(hℓ)

)
. (16)

4.5 Experimental Results and Analysis
We present a unified evaluation of our interventions.
Table 4 summarizes the performance across all
mathematical reasoning benchmarks (In-Domain
and OOD), organized hierarchically by intervention
family. Table 5 details the results on commonsense
reasoning.

Efficacy on Mathematical Reasoning. Table 4
demonstrates that our interpretability-guided in-
terventions yield consistent improvements across
all settings. Semantic Transport (Method A)
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Qwen3-8B Llama-3.1-8B Llama-3.2-3B

In-domain OOD In-domain OOD In-domain OOD

Variant Paradigm GSM8K GSM-H SVAMP GSM8K GSM-H SVAMP GSM8K GSM-H SVAMP

Baselines

No Interv.
CoConut 50.4 14.1 68.5 44.8 12.2 63.2 42.1 11.5 58.9
CODI 62.1 17.9 80.3 60.7 14.5 76.4 58.9 13.4 72.3

A. Semantic Structure (Sec. 4.2)

Mapper
CoConut 51.9 (+1.5) 15.3 (+1.2) 69.6 (+1.1) 46.2 (+1.4) 13.5 (+1.3) 64.2 (+1.0) 43.2 (+1.1) 12.4 (+0.9) 60.1 (+1.2)

CODI 63.5 (+1.4) 18.9 (+1.0) 81.6 (+1.3) 62.2 (+1.5) 15.9 (+1.4) 77.7 (+1.3) 59.6 (+0.7) 14.7 (+1.3) 73.6 (+1.3)

B. Causal Hub Editing (Sec. 4.3)

Slerp (B.1)
CoConut 51.6 (+1.2) 15.5 (+1.4) 69.7 (+1.2) 46.2 (+1.4) 13.3 (+1.1) 64.4 (+1.2) 43.0 (+0.9) 12.6 (+1.1) 59.6 (+0.7)

CODI 62.5 (+0.4) 18.6 (+0.7) 81.4 (+1.1) 61.3 (+0.6) 15.4 (+0.9) 77.8 (+1.4) 59.8 (+0.9) 14.4 (+1.0) 73.3 (+1.0)

Gradient (B.2)
CoConut 52.2 (+1.8) 15.1 (+1.0) 69.4 (+0.9) 46.4 (+1.6) 13.1 (+0.9) 64.2 (+1.0) 43.3 (+1.2) 12.7 (+1.2) 60.0 (+1.1)

CODI 62.9 (+0.8) 19.2 (+1.3) 81.1 (+0.8) 61.1 (+0.4) 15.7 (+1.2) 77.0 (+0.6) 59.7 (+0.8) 14.2 (+0.8) 73.4 (+1.1)

C. Geometric Priors (Sec. 4.4)

WT-Proj (C.1)
CoConut 51.0 (+0.6) 14.9 (+0.8) 69.5 (+1.0) 45.5 (+0.7) 13.0 (+0.8) 64.1 (+0.9) 43.1 (+1.0) 12.3 (+0.8) 60.1 (+1.2)

CODI 62.8 (+0.7) 18.8 (+0.9) 81.3 (+1.0) 61.6 (+0.9) 15.3 (+0.8) 77.6 (+1.2) 59.6 (+0.7) 14.4 (+1.0) 72.7 (+0.4)

Energy (C.2)
CoConut 51.4 (+1.0) 15.2 (+1.1) 69.4 (+0.9) 45.4 (+0.6) 13.1 (+0.9) 64.4 (+1.2) 42.9 (+0.8) 12.7 (+1.2) 59.8 (+0.9)

CODI 62.6 (+0.5) 19.3 (+1.4) 81.5 (+1.2) 61.9 (+1.2) 15.7 (+1.2) 77.5 (+1.1) 59.8 (+0.9) 14.5 (+1.1) 73.3 (+1.0)

Table 4: Unified Performance Analysis on Mathematical Reasoning. We report the accuracy (%) on GSM8K
(In-Domain), GSM-Hard and SVAMP (OOD) across three model scales. The results are grouped by intervention
family (A, B, C). Boldface highlights the best performance for each model-paradigm configuration.

proves particularly robust for OOD tasks, validat-
ing that aligning latents with semantic CoT clus-
ters improves generalization. Causal Hub Edit-
ing (Method B) is highly effective as shown, the
Gradient-based update (B.2) achieves the highest
gains on the standard GSM8K benchmark, corrob-
orating our finding that early latent vectors act as
steerable control points. Geometric Priors (Method
C) offer stable gains, confirming that enforcing
architectural constraints regularizes the inference
process effectively.

Scalability to Model-Scales. Table 4 show that
our interventions remain highly effective cross dif-
ferent scales. For instance, Mapper-Guided Trans-
port improves CODI performance on GSM-Hard
by +1.3%. This indicates that the latent structures
we exploit are fundamental to the paradigm.

Generalization to Commonsense Reasoning.
We report results on StrategyQA in Table 5in order
to assess domain universality. All interventions
provide positive gains, with Causal Hub Editing
showing particular strength (up to +1.5% for Qwen-
CODI). This suggests that the causal mechanisms
are task-agnostic properties of continuous thought.

5 Conclusion

This paper establishes a unified framework of in-
terpretability and intervention in latent reasoning.
We demonstrate that continuous thought vectors

Qwen3-8B Llama-3.1-8B Llama-3.2-3B

Variant Paradigm StrategyQA StrategyQA StrategyQA

Baselines

No Interv.
CoConut 75.5 71.4 67.6
CODI 80.9 76.3 70.2

A. Semantic Structure

Mapper
CoConut 76.6 (+1.1) 72.4 (+1.0) 68.3 (+0.7)

CODI 82.1 (+1.2) 77.4 (+1.1) 71.3 (+1.1)

B. Causal Hub Editing

Slerp (B.1)
CoConut 76.7 (+1.2) 72.6 (+1.2) 68.8 (+1.2)

CODI 82.4 (+1.5) 77.1 (+0.8) 71.1 (+0.9)

Gradient (B.2)
CoConut 76.8 (+1.3) 72.7 (+1.3) 68.5 (+0.9)

CODI 81.9 (+1.0) 77.5 (+1.2) 71.2 (+1.0)

C. Geometric Priors

WT-Proj (C.1)
CoConut 76.4 (+0.9) 72.2 (+0.8) 68.7 (+1.1)

CODI 81.9 (+1.0) 77.3 (+1.0) 71.3 (+1.1)

Energy (C.2)
CoConut 76.1 (+0.6) 72.4 (+1.0) 68.0 (+0.4)

CODI 82.2 (+1.3) 77.2 (+0.9) 71.3 (+1.1)

Table 5: Impact on Commonsense Reasoning (Strat-
egyQA). We apply the same interventions to evaluate
cross-domain applicability. Values report accuracy (%)
with absolute improvement in parentheses.

are not artifacts but structured semantic trajecto-
ries governed by distinct geometric and causal pri-
ors. Translating these insights into training-free
interventions leads to consistent performance gains
across mathematics, commonsense domains, and
different model scales. These improvements serve
as a strong validation of our interpretability hy-
potheses, demonstrating that latent reasoning is
interpretably controllable, offering a robust foun-
dation for future latent reasoning paradigms.
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Limitations

While our training-free interventions significantly
enhance reasoning performance without parameter
updates, they introduce a marginal computational
overhead during inference due to the additional
calculation of gradients and projections. Future
work aims to eliminate this latency by incorpo-
rating these interpretability priors as supervisory
signals, thereby developing improved training al-
gorithms for latent reasoning.
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A Detailed Experimental Setup

A.1 Model Configurations and Training
We conduct our experiments using the CoConut
(Hao et al., 2024) and CODI (Shen et al., 2025b)
paradigms. To ensure a fair comparison and re-
producibility, we strictly adhere to the model ar-
chitectures and training protocols specified in their
respective official repositories1, with specific ad-
justments for model scaling.

Hyperparameters. For all experiments, we
maintain the latent span length at K = 6. We
use the AdamW optimizer with β1 = 0.9 and
β2 = 0.95. The specific learning rate schedules
differ by model size to ensure stability: For 8B
Models (Qwen3-8B, Llama-3.1-8B), We use a peak
learning rate of 1 × 10−5 with cosine annealing
schedule. For Llama-3.2-3B, we use a peak learn-
ing rate of 2× 10−5. The training batch size is set
to 16.

All other hyperparameters, including warm-up
steps, epochs, and distillation loss weights for
CODI, are kept the same as the default settings
in the original papers.

A.2 Compute Resources
All training and inference experiments were con-
ducted on a cluster equipped with 8 NVIDIA A100
(80GB) GPUs. Under this hardware configuration,
training the latent reasoning models (both CoConut
and CODI variants) for the 3B and 8B models re-
quired approximately 24 hours.

B Details of Interpretability Probes

B.1 Probe Architectures and Training
To analyze the semantic content of latent vectors
(Section 3.2), we trained specific probe networks.

Dataset Construction. We constructed a prob-
ing dataset using the GSM8K training set. We
randomly sampled 1,000 instances and generated
both the latent thought sequences and the ground-
truth explicit Chain-of-Thought (CoT) paths. This
resulted in a paired dataset of aligned latent vectors
and text representations.

Linear Mapper (fϕ). The mapper is designed
to test linear recoverability. It is a simple trans-
formation fϕ : Rd → Rd, where d is the model’s
hidden dimension. It is trained to minimize the

1We refer to the official implementations of CoConut and
CODI.
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Intervention Method Hyperparameter Search Range Optimal Acc. (%)

Baseline (No Interv.) – – – 50.4

A. Semantic Structure

Mapper-Guided
Slerp factor α [0.05, 0.25] 0.15

51.9
Norm mix η fixed 0.25

B. Causal Hub Editing
Anchored Slerp (B.1) Slerp factor α [0.05, 0.25] 0.10 51.6

Gradient Edit (B.2) Step size η [0.05, 0.25] 0.20 52.2

C. Geometric Priors

WT-Proj (C.1)
Mix ratio α [0.05, 0.25] 0.20

51.0
Temp. τ fixed 1.0

Energy Descent (C.2)
Step size η [1e-3, 5e-3] 2e-3

51.4
Trust region ρ fixed 0.25

Table 6: Hyperparameter sensitivity analysis. Grid search results on the Qwen3-8B (CoConut) model using the
GSM8K validation set. We identify optimal configurations for each intervention family.

cosine distance between the mapped latent vector
and the corresponding CoT hidden state.

Energy Function (H). The monotonicity en-
ergy function H(·) is parameterized as a two-layer
Multi-Layer Perceptron (MLP). The architecture
consists of:

Input W1−−→ Hidden ReLU−−−→ Hidden W2−−→ Output
(17)

The hidden dimension is set to equal the model’s
embedding dimension. We train this network using
the margin ranking loss described in Eq. 11 to as-
sign lower energy values to latent states closer to
the solution.

B.2 Details on Structural Probes (CKA)
For the Centered Kernel Alignment (CKA) anal-
ysis, we employed Linear CKA to measure the
similarity between the geometry of the latent space
and the explicit CoT space. We computed the sim-
ilarity matrix using a batch size of 64 reasoning
steps sampled from the probing dataset, ensuring a
robust estimation of the structural correspondence.

C Intervention Implementation Details

C.1 Hyperparameter Sensitivity and Selection
Our interventions involve specific hyperparameters
that control the strength of the edit (e.g., interpo-

lation factor α, step size η). We performed a grid
search to identify optimal values on a held-out vali-
dation set.

Table 6 presents the sensitivity analysis for the
Qwen3-8B model trained with CoConut on the
GSM8K In-domain task. The "Optimal" column
corresponds to the results reported in the main pa-
per. Crucially, the optimal hyperparameters iden-
tified here were kept fixed and applied consis-
tently across all other model scales (Llama-3.1-8B,
Llama-3.2-3B) and datasets (OOD, StrategyQA) to
demonstrate the robustness and transferability of
our approach.

C.2 Retrieval Mechanism for Causal Editing

For the Answer-Anchored Slerp intervention
(Eq. 13), we require a target vector t that repre-
sents a correct reasoning direction. We utilize the
Latent LLM (CoConut or CODI) itself to encode
the inputs. We extract the final hidden state of
the input prompt to serve as the query vector, then
compute the cosine similarity with the pre-cached
latent vectors of the training exemplars. The top-1
retrieved instance (k = 1) is selected, and its fi-
nal latent thought vector is used as the anchor t to
verify solution path within latent space.
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Figure 4: Hyperparameter sensitivity analysis. Each subplot varies one specific hyperparameter. The red stars
indicate the optimal configurations. The baselines represent performance without intervention.

D Additional Experimental Results

In this section, we provide supplementary visual-
izations to further substantiate our findings.

D.1 Hyperparameter Sensitivity
Figure 4 illustrates the impact of varying hyperpa-
rameter values on the in-domain GSM8K perfor-
mance.

D.2 Unified Performance Analysis
We visualize the accuracy gains (∆ Accuracy)
across all tasks. Figure 5 details the improvements
on mathematical reasoning benchmarks, separated
by domain. Figure 6 presents the results for com-
monsense reasoning.
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(a) In-Domain: GSM8K
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(b) Out-of-Domain: GSM-Hard
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(c) Out-of-Domain: SVAMP

Figure 5: Unified Accuracy Improvements on Mathematical Reasoning. Detailed breakdown of performance
gains on (a) GSM8K, (b) GSM-Hard, and (c) SVAMP. By visualizing each dataset independently, we observe that
Method B.2 (Gradient) excels in-domain, while Method A (Mapper) shows consistent robustness across OOD tasks.
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Figure 6: Accuracy Improvements on StrategyQA (Commonsense Reasoning). This visualization confirms that
our interventions generalize effectively beyond mathematics, with consistent gains across model scales.
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