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ABSTRACT

Latent or continuous chain-of-thought methods replace explicit textual rationales
with a number of internal latent steps, but these intermediate computations are
difficult to evaluate beyond correlation-based probes. In this paper, we view la-
tent chain-of-thought as a manipulable causal process in representation space by
modeling latent steps as variables in a structural causal model (SCM) and an-
alyzing their effects through step-wise do-interventions. We study two repre-
sentative paradigms (i.e., Coconut and CODI) on both mathematical and gen-
eral reasoning tasks to investigate three key questions: (1) which steps are
causally necessary for correctness and when answers become decidable early;
(2) how does influence propagate across steps, and how does this structure com-
pare to explicit CoT; and (3) do intermediate trajectories retain competing an-
swer modes, and how does output-level commitment differ from representational
commitment across steps. We find that latent-step budgets behave less like ho-
mogeneous extra depth and more like staged functionality with non-local rout-
ing, and we identify a persistent gap between early output bias and late repre-
sentational commitment. These results motivate mode-conditional and stability-
aware analyses—and corresponding training/decoding objectives—as more reli-
able tools for interpreting and improving latent reasoning systems. Code is avail-
able at https://github.com/J1mL1/causal-latent-cot.

1 INTRODUCTION

Large language models (LLMs) have achieved strong performance on mathematical problem solving
and logical question answering (Cobbe et al., 2021; Geva et al., 2021). A widely adopted technique
is Chain-of-Thought (CoT) prompting, which improves accuracy by eliciting intermediate reason-
ing steps in natural language (Wei et al., 2022). Despite its empirical effectiveness, explicit CoT
incurs substantial decoding cost, often produces verbose outputs, and may contain post-hoc ratio-
nalizations that do not faithfully reflect the computations driving model predictions (Pruthi et al.,
2020; Turpin et al., 2023). These limitations motivate a shift from reasoning in tokens to reasoning
in representations.

Recent work explores latent or continuous CoT, where multi-step inference is carried out in contin-
uous hidden representations rather than long textual explanations (Hao et al., 2024; Shen et al.,
2025; Zhang et al., 2025; Xu et al., 2025; Gozeten et al., 2025). This paradigm promises a
higher-bandwidth internal workspace and reduced decoding overhead, but it faces two fundamen-
tal interpretability challenges: 1) intermediate computations are no longer exposed as discrete,
human-editable steps; 2) reasoning-relevant information is often distributed across latent dimen-
sions and iterative steps. Consequently, traditional analytical methods—such as step editing or
ablation—cannot be directly applied to implicit CoT, leaving the causal and mechanistic analysis
of implicit CoT remaining underexplored.

∗Corresponding author.
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Figure 1: Overview of step-centric research questions for latent CoT. RQ1 tests step neces-
sity and early decodability; RQ2 characterizes step-to-step influence propagation; RQ3 probes
trajectory-level superposition and commitment across rollouts.

Motivated by this research gap, we conceptualize latent CoT as a causal system (Pearl, 2000; Yao
et al., 2021) evolving over latent-step variables and evaluate it with intervention-based causal anal-
ysis. Specifically, we treat model-defined intermediate latent states as the unit of a reasoning “step”
and perform step-wise do-interventions (Singh et al., 2022; Kaddour et al., 2022) that modify an
intermediate state while keeping downstream computation unchanged. We then quantify the causal
sensitivity of the model’s output to these interventions. Furthermore, we aggregate step-to-step
influences to construct a directed acyclic graph (DAG) (Thulasiraman & Swamy, 1992) of informa-
tion flow, derived from intervention-induced shifts in teacher-forced output distributions. This graph
characterizes how information propagates through the latent reasoning process. Figure 1 provides
a high-level roadmap of the three questions we study, organized from phenomenon to mechanism
to nature: (RQ1) which latent steps are causally necessary for correctness and when the answer
becomes decodable, (RQ2) how influence propagates across steps, and (RQ3) whether intermediate
trajectories retain competing hypotheses and how commitment evolves across steps.

We instantiate this causal evaluation framework on two representative latent-reasoning paradigms,
Coconut (Hao et al., 2024) and CODI (Shen et al., 2025), across both mathematical and general
reasoning tasks. Empirically, we find a phenomenon–mechanism–nature pattern: (phenomenon)
causal leverage is highly heterogeneous across latent steps, with a small subset exerting outsized
influence; (mechanism) step-to-step effects are often non-local, indicating routed propagation rather
than purely chain-like transmission; and (nature) output-level preference can emerge earlier than
representational consolidation, revealing a persistent gap between early bias and later commitment.

Our main contributions are threefold: (1) the first causal, step-resolved evaluation view of la-
tent CoT that distinguishes when a solution becomes available from which steps remain causally
necessary; (2) an operator- and readout-conditioned influence analysis that recovers dominant
propagation routes while avoiding sparsity over-claims; and (3) mode-conditional evidence that
links latent-step budgets to practical design implications: early “decision signals” need not im-
ply early commitment, so improving latent reasoning likely requires shaping routing/commitment
rather than simply adding more steps.

2 EVALUATION FRAMEWORK: LATENT COT AS A CAUSAL SYSTEM

2.1 SCOPE AND CAUSAL QUERIES

We view latent chain-of-thought (latent CoT) as a manipulable causal process evolving in continuous
representation space. Specifically, we treat intermediate latent reasoning steps as variables in a
structural causal model (SCM) (Pearl, 2000; Yao et al., 2021), which allows us to pose intervention-
based causal queries and compute reproducible effect estimates under a fixed intervention protocol.
This viewpoint complements mechanistic analyses that intervene on internal activations to localize
task-relevant computation (Elhage et al., 2022; Nanda et al., 2023).

Our analysis provides a unified intervention and readout protocol (Figure 2) and uses it to answer
three step-centric causal questions. (RQ1: necessity and sufficiency) asks whether individual latent
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Figure 2: Intervention-based protocol for latent CoT as a causal system. (I) Variables. Input
X induces a latent trajectory {ht}Tt=1 and output Y ; an intervention operator implements step-wise
do(ht ← h̃t); a readout maps hidden states to answer support. (II) Standard propagation. Unper-
turbed dynamics from X through steps to Y . (III) Intervened propagation. We replace a step’s
state while keeping downstream computation intact, yielding an intervened outcome Ỹ (RQ1). (IV)
Early-stop propagation. We truncate latent computation after step k and decode from hk to test
when correctness becomes decodable (RQ1). (V) Influence estimation. Combining a step-t inter-
vention with an early readout at step s yields directed propagation strengths Wt,s summarized as an
empirical influence structure (RQ2). (VI) Step-wise readouts. We read out the answer competition
from ht (e.g., teacher forcing or a probe) to characterize superposition and commitment (RQ3).

steps are behaviorally necessary, and whether the full latent budget is required to make the correct
answer decodable. (RQ2: propagation and routing) asks how a perturbation at an upstream step
propagates to downstream computation, summarized as a step-to-step influence matrix and visu-
alized as an empirical influence graph. (RQ3: superposition and commitment) asks whether
intermediate trajectories toward answer retain competing answer hypotheses and how output-level
commitment relates to representational commitment across steps.

2.2 CAUSAL VARIABLES, MINIMAL SCM, AND LATENT-STEP INTERFACE

For an input problem x, we model latent reasoning as a sequence of continuous causal variables
H1:T = (H1, . . . ,HT ) with Ht ∈ Rd, where each Ht corresponds to the model’s internal latent state
at reasoning step t. We denote the task-level output by Y (e.g., the final predicted answer/label), and
treat it as a random variable whose conditional distribution is induced by the model’s decoder given
the latent trajectory. A minimal SCM consistent with this computation is

Ht = ft(H<t, x, ϵt; θ), t = 1, . . . , T, (1)
Y = g(H1:T , x, ϵy; θ), (2)

where ft and g are the model’s transition and decoding mechanisms, and ϵt, ϵy capture stochasticity.

In our experiments, we intervene on the intermediate states produced by a latent thinking rollout.
We denote realized latent states by lowercase ht and write

h1:T ∼ pθ(H1:T | x), (3)

where ht ∈ Rd instantiates the random variable Ht at step t under the model dynamics. Latent-
reasoning models expose these variables through a fixed-length sequence of hidden states h1:T =
(h1, . . . , hT ), where ht is the last-layer hidden representation associated with the t-th latent step
(e.g., a continuous “thought token” in COCONUT or the designated reasoning position in CODI)
and is used as the step-t reasoning input embedding.

Given input x and a realized trajectory h1:T , the intervention do(ht ← h̃t) replaces the latent state
at step t by h̃t and then propagates the resulting change through all later steps using the same
transition mechanism, yielding a counterfactual trajectory h̃1:T . Formally, let h̃<t = h<t and let h̃t
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be the overwritten state; for t′ > t we set
h̃t′ := ft′(h̃<t′ , x, ϵ̃t′ ; θ), (4)

where ϵ̃t′ matches the baseline randomness when applicable. The corresponding counterfactual
output is obtained by the same readout mechanism,

ỹ = g(h̃1:T , x, ϵ̃y; θ). (5)

Unless otherwise stated, we use deterministic rollouts whenever possible; otherwise we control ran-
domness (e.g., fixed seeds) and isolate propagation effects via teacher-forced readouts (Figure 2(V))
to reduce sampling noise.

2.3 PARADIGMS OF LATENT-REASONING MODELS

We instantiate it on two latent-reasoning paradigms diverging in their realization of latent steps.

Coconut (Hao et al., 2024) uses an explicit latent mode: it treats the final hidden state as a continuous
reasoning token and feeds it back as input to the next step, rather than decoding a discrete token.

CODI (Shen et al., 2025) compresses discrete CoT into continuous space via self-distillation: a
continuous-CoT student is trained to both produce the correct answer and align its hidden states, at
specific reasoning steps, with those of a discrete-CoT teacher, encouraging the latent trajectory to
inherit stepwise structure.

2.4 MODELS AND DATA

Models. We experiment with CODI and Coconut on multiple backbones. We use official CODI
checkpoints for GPT-2 (Radford et al., 2019) and Llama3-1B (Grattafiori et al., 2024), and reproduce
it on Qwen3-4B-Instruct (Yang et al., 2025). Coconut models are reproduced across the same three
backbones (GPT-2, Llama3-1B, Qwen3-4B-Instruct). Implementation details are in Appendix A.

Datasets. We train and evaluate on CoT-augmented datasets that follow previous latent-reasoning
methods. For GSM8K, we train on GSM8K-Aug (Deng et al., 2023) and evaluate on the original
GSM8K test set (Cobbe et al., 2021). For CommonsenseQA, we use the CoT-augmented training set
released by CODI (Shen et al., 2025) and evaluate on the original CommonsenseQA test set (Talmor
et al., 2019). Dataset details are provided in Appendix B.

3 RQ1: STEP-WISE NECESSITY AND SUFFICIENCY

Latent reasoning replaces long textual rationales with a fixed-length sequence of intermediate hidden
states, enabling step-wise manipulation under the intervention plus readout protocol introduced in
Sec. 2 (Figure 2 (III–IV)). RQ1 asks two causal questions aligned with this protocol: (i) step-wise
necessity, i.e., whether the final decoded decision depends on an intermediate state, and (ii) latent-
budget sufficiency, i.e., how many latent steps are required before the answer becomes decodable.

3.1 STEP-WISE INTERVENTIONS: SETTING AND FINDINGS

3.1.1 EXPERIMENT SETTING

We evaluate step-wise necessity using the step-wise do-intervention in Equation 4. For each exam-
ple, we run a baseline rollout and an intervened rollout that modifies exactly one latent state ht while
keeping all other components unchanged, including the input x, parameters θ, and the downstream
transition and readout mechanisms, as exemplified in Figure 2 (IV). Following Appendix A.2, we
adopt the zero intervention for its simplicity and consistency across different models:

do(ht ← h̃t), h̃t = 0. (6)
We then decode the final prediction ỹ(t) and compute the flip rate Flip(t), defined as the fraction of
examples for which ỹ(t) differs from the baseline output:

Flip(t) =
1

N

N∑
i=1

I
[
ỹ
(t)
i ̸= yi

]
, (7)
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Figure 3: Step-wise necessity measured by decision instability. We intervene at a single latent
step t ∈ {1, . . . , 6} by zeroing its state, do(ht := 0), and then decode the final answer. We report
the flip rate Flip(t), i.e., the fraction of examples whose decoded prediction changes relative to the
baseline, on CommonsenseQA (left) and GSM8K (right). Error bars indicate estimation uncertainty.

where yi is the baseline prediction for example i, ỹ(t)i is the prediction under do(ht ← 0), N is the
number of evaluated examples, and I[·] is the indicator function.

3.1.2 FINDINGS

Single-step ablation produces clear, step-specific flip patterns (not uniformly sensitive). Within
the same model and dataset, Flip(t) changes noticeably with the intervened step t (Figure 3), with
several settings exhibiting mid-step peaks rather than a flat or monotone pattern. This indicates that
different latent steps contribute differently to the final decision, and that single-step removal can
selectively disrupt the decision more at some steps than others.

Arithmetic exhibits substantially higher decision volatility than commonsense. Flip rates on
GSM8K are higher than on CommonsenseQA under the same intervention protocol, with several
backbones reaching around 0.1–0.2 or higher on GSM8K, while CommonsenseQA stays mostly
below ∼ 0.1 (Figure 3). This gap appears across both Coconut and CODI variants. This suggests
that arithmetic solutions rely more on intermediate latent computation under our protocol, whereas
commonsense decisions are more stable to the same step-wise perturbations.

Coconut shows larger flips than CODI under matched backbones, while stronger backbones
suppress flips. Under the same backbone, Coconut variants generally yield higher flip rates than
CODI, especially on GSM8K (Figure 3). Moreover, while stronger backbones substantially reduce
flip rates across both paradigms, the flipping profile remains step-dependent even when absolute
rates are low. These results point to paradigm-dependent robustness: scaling reduces absolute sen-
sitivity, but does not erase structured, step-specific dependence.

3.2 EARLY-STOP DECODING: SETTING AND FINDINGS

3.2.1 EXPERIMENT SETTING

We perform early-stop decoding by truncating latent computation after step k and decoding directly
from hk (Figure 2 (IV)), determining when correctness first becomes readable from the latent trajec-
tory. For example i, let ŷ(≤k)

i be the decoded answer when we truncate latent computation after step
k and decode from hi,k. We define the earliest step at which the correct answer becomes decodable:

ki = min
(
{k ∈ {1, . . . , T} : ŷ(≤k)

i = y∗i } ∪ {∞}
)
. (8)

Let ki be defined in Equation 8. We define then the cumulative solved fraction S(k) as

S(k) =
1

N

N∑
i=1

1{ki ≤ k}. (9)
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Figure 4: Early-stop decoding reveals when correctness becomes decodable. We report the
cumulative solved fraction S(k) = P(ki ≤ k) (Equation 9) under early-stop decoding on Com-
monsenseQA (left) and GSM8K (right), where ki is the earliest step at which the correct answer
becomes decodable (Equation 8).

3.2.2 FINDINGS

Early-stop curves differ across datasets. On CommonsenseQA, S(k) typically rises rapidly within
the first few steps and then saturates (Figure 4, left), suggesting most solvable instances become
decodable within few steps. In contrast, on GSM8K S(k) often continues to increase toward later
steps (Figure 4, right), with several settings showing gains up to k=6, indicating that additional
latent computation can expand the set of instances for which the correct answer becomes decodable.

Backbone strength shapes when correctness becomes decodable, while paradigm-level similar-
ity is weak. Across both datasets, stronger backbones tend to have higher S(1) and earlier saturation
of S(k), whereas weaker backbones improve more gradually with k (Figure 4). At the same time,
the step-wise growth profiles do not cluster by training paradigm: Coconut and CODI do not consis-
tently exhibit similar curve shapes within each paradigm across backbones, suggesting that “when
correctness becomes decodable” is not a stable paradigm-level signature in this experiment.

4 RQ2: INFORMATION FLOW AND STEPWISE INFLUENCE STRUCTURE

RQ1 establishes that intervening on a single latent step can change the final decision, but it does
not reveal where this perturbation propagates along the reasoning trajectory. In RQ2, we compare
step-to-step propagation of explicit CoT and latent CoT using an influence matrix W (Eq. 11) and
its principal influence graph rendering for readability. We couple a single-step intervention at step t
with an early readout at a downstream step s, and measure how strongly the intervention changes the
teacher-forced output distribution for the gold answer; see Figure 2 (IV). Unless otherwise stated,
we report GSM8K in the main text; CommonsenseQA results are provided in Appendix C.2.

4.1 EXPERIMENT SETTING

Nodes. For latent-reasoning models, each node corresponds to a latent step t ∈ {1, . . . , T} with
state ht (Sec. 2). For explicit CoT baselines (CoT-SFT), we segment the generated rationale into at
most T=6 steps and represent step t by the last-layer hidden state at the final token of that segment.1
This yields matched step-level trajectories for latent and explicit reasoning.

Edges via intervention + early decoding. To probe directed propagation from step t to a down-
stream step s > t, we run (i) a baseline rollout and (ii) an intervened rollout that modifies exactly
one step state while keeping downstream computation unchanged. We then decode at step s us-
ing teacher forcing to obtain output distributions p(s)base(·) and p

(s)
do(t)(·), and define the example-level

propagation strength as a position-averaged KL shift:

KL
(i)
t→s =

1

|y∗i |

|y∗
i |∑

u=1

KL
(
p
(s)
base(· | y

∗
i,<u) ∥ p

(s)
do(t)(· | y

∗
i,<u)

)
. (10)

1If an example has fewer than T CoT steps, the remaining nodes are absent.
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Figure 5: Explicit CoT principal influence graphs (GSM8K; CoT-SFT baselines). Nodes denote
the first T=6 segmented CoT steps. Edge t→ s indicates propagation strength Wt,s from Eq. 11
(teacher-forced KL shift on the gold answer under a single-step intervention at t and readout at s).
For readability we show only top-1 outgoing edges after thresholding at α=0.1 ·max(W ).

Figure 6: Latent principal influence graphs (GSM8K; COCONUT/CODI). Nodes are latent steps
t ∈ {1, . . . , 6}. Edge weights follow Eq. 11 under single-step interventions, rendered with the same
sparsification protocol as Figure 5.

Aggregating over evaluation examples yields the influence matrix W ∈ RT×T :

Wt,s = Ei

[
KL

(i)
t→s

]
, t < s, (11)

Principal influence graph rendering. For compact comparison across models, we visualize W as
a sparsified principal influence graph: we drop edges below α ·max(W ) with α=0.1 and retain only
the top-1 outgoing edge per node. Edge thickness scales with Wt,s. Dense heatmaps are provided
in Appendix C.1.

Structural summaries. To quantify the heatmap-level patterns beyond visual inspection, we com-
pute four normalized structure metrics on the dense W (definitions in Appendix C.3): locality (mass
near the diagonal), span (expected hop distance), early-out (influence originating from early steps),
and late-in (influence terminating at late steps). We normalize W to remove scale effects across
backbones before computing these metrics.

4.2 FINDINGS

Explicit CoT influence graphs remain near-chain across backbones. CoT-SFT exhibits a con-
sistently sequential topology: the dominant edges follow adjacent transitions, with only minor de-
viations across backbones (Figure 5). This stability is also reflected in the structure summaries on
GSM8K (Figure 7): CoT-SFT has uniformly high locality (all ≥ 0.6) with low span, matching the
intuition that textual steps induce predominantly local dependencies.

Latent influence graphs are dominated by skip connections, revealing non-chain propagation.
Latent graphs contain substantially more skip connections than explicit CoT (Figure 6), indicating
that influence often bypasses intermediate steps rather than accumulating strictly along a local chain.
This is also captured by the structure summaries on GSM8K (Figure 7): latent models are markedly
less local and have larger spans than CoT-SFT, and they place substantially more normalized influ-
ence into late-step targets (late-in). Within this skip-dominant regime, COCONUT tends to exhibit
more pronounced early→late routing (often connecting early steps directly to the final step), while
CODI departs from a strict chain but is generally less dominated by early→final shortcuts and shows
greater variation across backbones (Figure 6). Despite this difference between the two paradigms,
the skip connections together with the witnessed non-uniform sensitivity in Figure 3 indicate the
difference in functionality across the nodes in the latent trajectory.
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Figure 7: Structural summaries of influence matrices (GSM8K). We report locality, span, early-
out, and late-in computed on dense normalized W (Appendix C.3).

5 RQ3: SUPERPOSITION AND COMMITMENT IN LATENT DYNAMICS

RQ1 demonstrates that removing a single latent step can alter the final decision, while RQ2 re-
veals step-to-step influence is non-local: early computation can directly affect multiple later steps,
bypassing adjacent ones. A remaining ambiguity is whether such non-locality reflects (i) early
commitment to one answer mode, which is then propagated, or (ii) sustained competition among
multiple hypotheses within the latent trajectory. Prior work offers contrasting views: some argue
continuous “soft thinking” remains effectively greedy and single-threaded (Wu et al., 2025b), while
others suggest latent reasoning may retain competing hypotheses in shared subspaces (Zhu et al.,
2025a).

RQ3 therefore asks a trajectory-level question: when stochastic rollouts of the same prompt lead
to different final answers, do intermediate steps exhibit superposition, and how does this evolve
across steps? We instantiate this analysis on StrategyQA (Geva et al., 2021), whose binary label
space (Yes/No) clearly defines two modes and allows direct probability-based readout at each step.
We do not apply the same two-cluster filtering to GSM8K, as its open-ended numeric answers yield
many distinct output strings under sampling, making prompts with exactly two dominant modes too
sparse for reliable analysis.

5.1 EXPERIMENT SETTING

Two-mode prompts from stochastic rollouts. For each prompt x, we enable stochastic decoding
and sample K rollouts. Each rollout produces a latent trajectory {h(k)

t }Tt=1 and a final answer
ŷ(k) ∈ {Yes,No}. We retain prompts whose rollouts contain both answers, and partition rollouts
into CY and CN accordingly. Filtering thresholds and strategies are reported in Appendix D.1.

Intermediate-step readouts (teacher-forced vs. probe). At each latent step t, we quantify the
model’s relative support for Yes vs. No using two log-probability readouts: (i) a teacher-forced
scoring under a fixed answer template, and (ii) a fixed probe protocol that maps ht to next-token
probabilities in a manual probe context. Both yield a step-wise binary distribution pY (t), pN (t).
Templates and probing details are provided in Appendix D.2.

Superposition score. Given pY (t), pN (t), we define the step-wise superposition score

SS(t) = min
(
pY (t), pN (t)

)
, (12)

which is high when both answers retain non-trivial support and low when one answer dominates.

5.2 FINDINGS

Teacher-forced readout suggests early output-level commitment. In Figure 8 (right), SS(t) is
uniformly low and varies only modestly across steps, indicating that the model’s answer distribution
becomes strongly skewed toward either Yes or No early in the latent budget. A minimal implication
is that the non-local edges observed in RQ2 can be compatible with early mode selection followed
by propagation, without requiring prolonged output-level ambiguity (cf. the non-local principal in-
fluence graphs in Figure 6).

Probe readout reveals more sustained competition and a late collapse. In Figure 8 (left), the
probe panel shows substantially higher SS(t) throughout the trajectory, with a clear drop at the
final step, implying that intermediate states can retain decodable support for the alternative mode
even when teacher forcing appears committed. This readout gap highlights operator dependence:
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Figure 8: RQ3: Step-wise probing readout on StrategyQA. Left: probe readout; right: teacher-
forced log-probability readout. The superposition score SS measures how much support is simulta-
neously retained for Yes and No at each latent step.

intermediate representations may remain “multi-mode available” beyond what is expressed by the
default answer distribution.

Paradigm-level separation aligns with RQ2’s structure differences. Under probe readout, CODI
variants exhibit higher superposition than COCONUT variants across steps (Figure 8), matching the
qualitative separation in RQ2 where COCONUT more often shows dominant early→late principal
edges while CODI is less extreme (Figure 6 and Figure 7).

6 DISCUSSION

Our experiments offer a unified, step-centric perspective on latent-token reasoning by connecting
three complementary views: step-wise causal necessity and early decodability (RQ1), directed prop-
agation summarized at the step level (RQ2), and trajectory-level mode dynamics under stochastic
rollouts (RQ3). Taken together across COCONUT and CODI, these analyses suggest that a fixed
latent budget functions less like homogeneous extra depth and more like a structured interface: steps
have unequal causal leverage, influences can route non-locally across the trajectory, and apparent
output-level commitment need not coincide with the underlying representational state.

Latent steps are causally functional, with heterogeneous leverage. RQ1 indicates that latent
computation is broadly engaged: intervening on a single step can change the decoded decision, but
the effect is not evenly distributed across the budget. A useful lens is to treat the step index as an
implicit interface for division of labor: certain steps act as high-leverage intervention sites whose
removal disrupts downstream computation, while others appear to contribute more conditionally,
surfacing as sensitivity only on specific inputs or reasoning modes. This helps interpret the non-
monotonic profiles without assuming that the model simply “refines the same state” at every step;
instead, latent reasoning may introduce step-specific updates whose downstream effect is later am-
plified, transformed, or gated. The fact that COCONUT and CODI allocate leverage differently on
matched backbones further suggests that training paradigm shapes where decision-relevant depen-
dence concentrates along the trajectory.

Minimal computation towards the correct answer is distinct from the corresponding commit-
ment. Early-stop decoding offers a complementary notion of “how much reasoning is needed”: it
measures when the correct answer first becomes readable from the latent state, rather than whether
a step remains behaviorally necessary when removed. Seen together with intervention sensitivity,
this separates availability from stability: a solution can become decodable at an intermediate step
while later computation still consolidates the final decision, reduces volatility or mitigates unstable
mode switching. This distinction also clarifies how RQ1 and RQ3 coexist: early readability does
not imply irreversible commitment, and late-step sensitivity can reflect stabilization even when the
correct answer is already representationally present.

Superposition and commitment: shared computation versus early collapse. Interpreted through
the lens of RQ2, superposition can be interpreted as shared prefix computation: competing solutions
can reuse substantial intermediate processing before divergence becomes externally visible. While
separation between probe-based and teacher-forced readouts in RQ3 suggests that “commitment” is

9
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not a single event: output distributions can collapse earlier than intermediate representations cease to
carry information about alternatives. This gap is consistent with late-step stabilization effects seen
in RQ1, and indicates that intermediate states may retain mode-relevant structure even when the
default decoding path is already biased. This is consistent with recent evidence that behavioral/pref-
erence directions can be isolated and steered in representation space via lightweight inference-time
interventions (Rimsky et al., 2024; Li et al., 2023; Zou et al., 2025; Turner et al., 2024; Zhang
et al., 2026). Together, RQ1–RQ3 point to a division of labor across steps, with shared intermediate
computation and paradigm-dependent mechanisms for robust mode dominance in the final decision.
Additional discussion of principal influence structure is provided in Appendix E.

7 RELATED WORK

Latent and continuous chain-of-thought reasoning. To avoid the cost and potential unfaithfulness
of explicit CoT, recent methods move reasoning into continuous representations (Zhu et al., 2025b).
A first family performs depth-iterative latent reasoning, where the model recurrently updates a hid-
den state or continuous “thought token” before decoding, as in Coconut (Hao et al., 2024) and CODI
(Shen et al., 2025). Related approaches incorporate additional supervision or alignment to stabilize
latent reasoning (Wei et al., 2025; He et al., 2025), while hybrid methods mix latent and textual
steps to balance efficiency and interpretability (Su et al., 2025). A second family of studies test-time
compute and recurrent-depth paradigms that scale computation without emitting long text, including
recurrent depth approaches and parallel continuous updates (Geiping et al., 2025; Wu et al., 2025a;
Zhu et al., 2025c). Most literature emphasizes accuracy and efficiency; our work instead focuses on
the internal causal organization of latent reasoning and how it relates to explicit CoT.

Chain-of-thought faithfulness and causal tests. A growing literature questions whether model-
provided explanations—including CoT rationales—faithfully reflect the computations that deter-
mine a model’s final prediction. Models can generate convincing yet unfaithful artifacts—from at-
tention explanations and CoT rationales to structured parses (Pruthi et al., 2020; Turpin et al., 2023;
Bai et al., 2025). To assess faithfulness, prior work employs causal tests via context- or rationale-
level interventions (e.g., deleting, shuffling, or editing rationales) and measures the resulting changes
in downstream answers (Tutek et al., 2025; Wang et al., 2023; Yang et al., 2023; Yu et al., 2025).
Complementarily, parameter-level interventions such as unlearning remove information associated
with specific reasoning steps from model weights, offering another causal probe of whether a step is
internally represented and used (Tutek et al., 2025).

Causal and mechanistic analysis of internal representations. Causal perspectives on neural net-
works view hidden activations as mediators that can be intervened upon to test necessity and suf-
ficiency (Pearl, 2000; Feder et al., 2022; Schölkopf et al., 2021). Mechanistic approaches (e.g.,
ablation and activation patching) have revealed algorithmic structure in model internals (Elhage
et al., 2022; Nanda et al., 2023). Recent work also shows that models can internalize reasoning
strategies while concealing them from surface text under process supervision, further decoupling
latent computation from explanation (Skaf et al., 2025). These causal and mechanistic toolkits are
broadly applicable to our setting as well, providing concrete intervention operators for probing the
necessity and functional role of latent states.

8 CONCLUSION

We framed latent chain-of-thought as a step-indexed causal system and evaluated it across CO-
CONUT and CODI with interventions, influence-structure estimation, and trajectory-level readouts.
Beyond characterizing these models, our results offer design-relevant insights: latent-step budgets
should be treated as an allocatable interface rather than homogeneous “extra depth,” since causal
leverage concentrates unevenly and propagates along a few dominant long-range routes; and train-
ing/decoding should account for a gap between early output bias and late representational commit-
ment, where alternatives remain latent-available even after the output distribution tilts. Together,
this suggests that future latent-reasoning models can be improved by explicitly shaping where infor-
mation is written and how it is consolidated across steps (e.g., encouraging more stable bottlenecks
or controllable routing), rather than only scaling the number of latent steps.
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A IMPLEMENTATION DETAILS

A.1 TRAINING SETTINGS FOR REPRODUCED COCONUT AND CODI

We reproduce COCONUT across three backbones (GPT-2, Llama-1B-Instruct, and Qwen-4B-
Instruct) and three datasets (GSM8K, CommonsenseQA, and StrategyQA) using the standard stage-
wise latent-replacement curriculum. On GSM8K, we follow the official two-stage recipe (CoT-SFT
→ Coconut): the model is first trained with explicit CoT supervision, and then continued with
Coconut-style latent reasoning initialized from the CoT checkpoint. For GPT-2, both stages are
trained for 25 epochs (25+25). For larger backbones, we use a shorter schedule (5+10) consistent
with the large-model setting. On CommonsenseQA and StrategyQA, we adopt a uniform latent
curriculum that progressively increases the latent-step budget up to T=6 using one epoch per la-
tent stage (6 epochs total), followed by 4 additional epochs at the final stage (i.e., 6+4). Across
backbones, we use AdamW-style optimization with weight decay 0.01 and a backbone-dependent
learning rate: GPT-2 runs use lr = 10−4, while Llama/Qwen runs use lr = 10−5.

For CODI, we use officially released checkpoints for GSM8K on GPT-2 and Llama3-1B.2 All other
CODI results in this paper are obtained from our reproduced checkpoints trained on the remaining
dataset/backbone combinations. We follow the official CODI training pipeline (LoRA-based fine-
tuning with a fixed number of latent tokens, cosine learning-rate scheduling with warmup, mixed-
precision training, and the projection head enabled in our runs), while allowing dataset/backbone-
dependent learning rates for stable optimization. Concretely, our reproduced CODI runs use learn-
ing rates in the range [5× 10−6, 3× 10−3] depending on the backbone and dataset (e.g., 3× 10−3

for GPT-2, 8 × 10−4 for Llama-1B, and 2 × 10−4/10−5/5 × 10−6 for Qwen-4B on GSM8K-
Aug/CommonsenseQA/StrategyQA, respectively). This yields CODI checkpoints matched to our
Coconut reproductions in latent-step budget (T=6) and task coverage, enabling controlled compar-
isons under identical intervention and readout protocols.

A.2 INTERVENTION OPERATORS: ROBUSTNESS AND CHOICE OF ZERO OVERWRITE

Our step-wise necessity analysis (RQ1) instantiates the single-step do-intervention (Equation 4)
via a concrete intervention operator that maps a realized latent state ht to an edited state h̃t. To
verify that our conclusions are not tied to a particular operator, we compare six commonly used per-
turbations that preserve the same causal interface (overwrite one step, then recompute downstream
computation under fixed x and θ): zero (replace latent with zeros), mean (replace with global
mean), mean step (replace with step-specific mean), gaussian h (add Gaussian noise to ht),
gaussian mu (add Gaussian noise around the global mean), and gaussian mu step (add
Gaussian noise around the step-specific mean). Letting µ denote the global mean latent state and
µt the mean at step t (estimated for a given model/dataset), these operators correspond to: h̃t = 0
(zero), h̃t = µ (mean), h̃t = µt (mean step), h̃t = ht + σϵ (gaussian h), h̃t = µ + σϵ
(gaussian mu), and h̃t = µt + σϵ (gaussian mu step), where ϵ ∼ N (0, I) and σ is a fixed
noise scale.

Figures 9a and 9b show two representative examples on CODI (Llama3-1B) for GSM8K and Com-
monsenseQA, respectively. Each heatmap cell reports the flip rate Flip(t) used throughout RQ1,
computed as the fraction of examples whose final decoded prediction changes under the intervention
at step t. Following our main metric, we aggregate both wrong→right and right→wrong flips (i.e.,
any decision change relative to the baseline rollout), so larger values indicate stronger decision-level
dependence on the intervened step. Across operators, the qualitative step-wise sensitivity patterns
are stable: operators that substantially perturb the latent state yield similar relative trends over steps,
while weaker/noisier operators typically reduce absolute flip rates without altering the overall step
profile. This robustness indicates that our RQ1 findings are not driven by a specific perturbation
choice.

We adopt zero overwrite (zero) as the default operator for the main paper for two practical reasons.
First, it is deterministic and parameter-free, eliminating tuning choices (e.g., the noise scale σ) and
reducing variance across runs. Second, it applies uniformly across architectures and training recipes,
making cross-model comparisons more fair: the intervention strength does not depend on backbone-

2We use the official CODI GSM8K checkpoints as provided by the authors.
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(a) GSM8K. (b) CommonsenseQA.

Figure 9: Intervention-operator comparison (CODI Llama3-1B). Each cell shows the flip rate
Flip(t), the fraction of examples whose decoded final prediction changes when intervening at step t
aggregated over wrong→right and right→wrong flips.

specific hidden-state norms or distributional statistics beyond the shared representation space. We
therefore use zero throughout the main experiments for reproducibility and interpretability, and
treat the remaining operators as sanity checks that validate the stability of our conclusions.

A.3 TEACHER-FORCED READOUTS AND INFLUENCE MATRIX

To measure propagation effects with minimal sampling noise, we use teacher-forced readouts on a
canonical gold-answer string. The answer template follows each method’s training paradigm (rather
than the dataset): for COCONUT we use “[prefix] ### {answer}”, while for CODI we use “[prefix]
The answer is {answer}”. We denote the resulting gold answer token sequence by a1:L.

Teacher-forced distributions. Given a trajectory (baseline or intervened) and a designated read-
out step s, we compute teacher-forced logits for the gold answer tokens a1:L and obtain token-level
predictive distributions

p(s)(aℓ | a<ℓ, x) = softmax
(
z
(s)
ℓ

)
, ℓ = 1, . . . , L, (13)

where z
(s)
ℓ denotes the teacher-forced logit vector at gold token position ℓ when reading out from

step s (with the same x and fixed parameters θ). We compute these distributions for both the baseline
rollout (p(s)base) and the intervened rollout (p(s)int ).

Influence matrix from token-averaged KL. For an intervention applied at step t and a readout at
step s, we define the influence weight Wt,s (Eq. 11) as the token-averaged KL divergence between
the baseline and intervened teacher-forced distributions on the gold answer:

Wt,s =
1

L

L∑
ℓ=1

DKL

(
p
(s)
base(· | a<ℓ, x)

∥∥ p
(s)
int (· | a<ℓ, x)

)
. (14)

Intuitively, Wt,s measures how much an intervention at step t changes the model’s predictive dis-
tribution over the gold answer when the trajectory is read out at step s. We aggregate Wt,s over
examples by averaging across the evaluation set.

Visualization and sparsification. To visualize influence graphs, we apply the same sparsification
protocol as in the main text. Specifically, we threshold edges at α · max(W ) with α = 0.1, and
for each source step we retain only the top-1 outgoing edge for readability. Edge weights in figures
correspond to the (dataset-averaged) dense matrix entries Wt,s prior to sparsification.
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Why teacher forcing. Teacher forcing isolates propagation effects from output sampling variabil-
ity: it evaluates changes in the model’s conditional distribution along a fixed gold answer path, rather
than changes in a sampled decoded string. This makes W a more stable proxy for step-to-step influ-
ence, especially when the decoded answer is short or when sampling induces high variance across
rollouts.

B DATASET INFORMATION

B.1 DATASET STATISTICS

Table 1 reports the dataset split sizes used in our experiments. All evaluations use the original bench-
mark test sets from the corresponding dataset papers. For training, we use CoT-augmented variants
when required by the training paradigms: for GSM8K we train on GSM8K-Aug from (Deng et al.,
2023) while evaluating on the original GSM8K test set (Cobbe et al., 2021); for CommonsenseQA
and StrategyQA we use CoT-augmented training data released by the CODI (Shen et al., 2025) and
evaluate on the original test sets (Talmor et al., 2019; Geva et al., 2021). These augmentations affect
training-time supervision only; we do not modify any benchmark test set.

Table 1: Dataset statistics used in our experiments. Train sizes correspond to the training splits
actually used for model training (GSM8K-Aug (Deng et al., 2023); CommonsenseQA-CoT and
StrategyQA-CoT from CODI (Shen et al., 2025)). Test sizes correspond to the original benchmark
test splits (Talmor et al., 2019; Cobbe et al., 2021; Geva et al., 2021).

DATASET TRAIN TEST
COMMONSENSEQA 8,096 1,221
GSM8K 385,620 1,319
STRATEGYQA 1,809 229

B.2 DATASET EXAMPLES

The following examples illustrate the CoT-augmented training format used in our runs. CoT ratio-
nales are not part of the original benchmarks; they are training-time supervision taken from the corre-
sponding augmented variants (GSM8K-Aug (Deng et al., 2023) and CODI-released CoT data (Shen
et al., 2025)). We evaluate on the original benchmark test sets without modification.

GSM8K-Aug (training)

Question: Out of 600 employees in a company, 30% got promoted while 10% received
bonus. How many employees did not get either a promotion or a bonus?
CoT: 600*30/100=180, 600*10/100=60, 600-240=360
Answer: 360

CommonsenseQA-CoT (training)

Question: Google Maps and other highway and street GPS services have replaced what?
Choices: A: united states B: mexico C: countryside D: atlas E: oceans
CoT: Google Maps and other GPS services are tools used for navigation and mapping,
which have largely replaced traditional paper maps and atlases that people used in the past
for similar purposes. The other options, such as countries and geographic features, do not
relate to navigational tools. Thus, the best answer is D: atlas.
Answer: D
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StrategyQA-CoT (training)

Question: Would a dog respond to bell before Grey seal?
CoT: To determine if a dog would respond to a bell before a Grey seal, we need to consider
the context and conditioning involved. Dogs are often trained to respond to bells due to
their domestication and close relationships with humans. Classic conditioning experiments,
like Pavlov’s dogs, indicate that dogs can be trained to associate a bell with specific actions,
such as being fed. Grey seals, on the other hand, are wild marine mammals that are not
typically subjected to the same kind of training or conditioning that dogs regularly undergo.
Therefore, without specific conditioning, a Grey seal is unlikely to naturally associate or
respond to a bell in the same way a trained dog would. Thus, a dog, particularly one that has
been conditioned, is expected to respond to a bell before a Grey seal.
Answer: true

C ADDITIONAL RQ2 DETAILS

C.1 DENSE ADJACENCY MATRICES FOR INFLUENCE GRAPHS

The main text visualizes sparsified influence graphs for readability (threshold α=0.1 and top-1 out-
going edge per node). Here we provide the corresponding dense influence matrices W (Eq. 11) as
heatmaps, which are the objects used to compute all structure metrics.

Figure 10: Dense influence matrices for latent reasoning (GSM8K). Each cell (t, s) shows Wt,s

from Eq. 11 (teacher-forced KL shift on the gold answer when intervening at t and reading out at s).
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Figure 11: Dense influence matrices for explicit CoT (GSM8K; CoT-SFT). Each cell (t, s) shows
Wt,s from Eq. 11 computed on segmented CoT-step states.

C.2 ADDITIONAL COMMONSENSEQA RESULTS

This subsection provides additional RQ2 results on CommonsenseQA, including dense influence
matrices (latent and explicit), sparsified principal influence graphs, and the corresponding structure
metrics. All quantities follow the same construction as in Sec. 4, based on the dense matrix W from
Eq. 11.

Figure 12: Dense influence matrices for latent reasoning (CommonsenseQA; CO-
CONUT/CODI). Each cell (t, s) shows Wt,s from Eq. 11 under teacher-forced readouts.
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Figure 13: Dense influence matrices for explicit CoT (CommonsenseQA; CoT-SFT). Each cell
(t, s) shows Wt,s from Eq. 11 computed on segmented CoT-step states.

Figure 14: Explicit CoT principal influence graphs (CommonsenseQA; CoT-SFT baselines).
Nodes denote the first T=6 segmented CoT steps. Edge t→ s indicates propagation strength Wt,s

from Eq. 11. For readability we show only top-1 outgoing edges after thresholding at α=0.1 ·
max(W ).

Figure 15: Latent principal influence graphs (CommonsenseQA; COCONUT/CODI). Nodes are
latent steps t ∈ {1, . . . , 6}. Edge weights follow Eq. 11 under single-step interventions, rendered
with the same sparsification protocol as Figure 14.
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Figure 16: Structure metrics on influence graphs (CommonsenseQA). Metrics are computed on
the normalized matrix W̄ (Eq. 15) and use the same hyperparameters as the main text.
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C.3 DEFINITIONS OF STRUCTURE METRICS

We compute structure metrics on a normalized influence matrix W̄ obtained by re-scaling W over
valid entries (t < s):

W̄t,s =
Wt,s∑

a<b Wa,b + ϵ
. (15)

Let E = {(t, s) : 1 ≤ t < s ≤ T}. We define:

Locality(k) =
∑

(t,s)∈E

1{s− t ≤ k} W̄t,s, (16)

Span =
∑

(t,s)∈E

(s− t) W̄t,s, (17)

EarlyOut(m) =
∑
t≤m

∑
s>t

W̄t,s, (18)

LateIn(m) =
∑
s≥m

∑
t<s

W̄t,s. (19)

In all experiments we use k=1 and m=2 (early) / m=5 (late) for T=6.

D ADDITIONAL RQ3 DETAILS

D.1 TRAJECTORY SAMPLING AND LATENT-STATE COLLECTION

RQ3 studies multi-mode latent dynamics by analyzing multiple trajectories per input. For each
example x, we generate N independent rollouts under the same decoding configuration as in the
main experiments (temperature/top-p/top-k when sampling; greedy decoding when deterministic
rollouts are required). For each rollout, we record (i) the final decoded answer ŷ and (ii) the realized
latent states h1:T = (h1, . . . , hT ) at the model-defined latent steps, where each ht ∈ Rd is the
last-layer hidden state associated with step t.

Categorize answers and defining modes. We categorize final answers into a normalized form
(e.g., extracting the final option letter for multiple-choice tasks, or applying the same numeric/-
boolean normalization used for evaluation). Given the set of normalized answers from N rollouts
for the same input, we define the two dominant modes A and B as the two most frequent terminal
answers. Rollouts whose terminal answers fall outside {A,B} are treated as residual modes and are
excluded from the binary-mode analysis for that input. This procedure yields a set of labeled latent
trajectories {(h(i)

1:T ,m
(i))}Mi=1 with m(i) ∈ {A,B}, where M ≤ N after filtering.

D.2 INTERMEDIATE-STEP READOUT DETAIL IMPLEMENTATION

Probes for step-wise mode tracking. To measure how mode information evolves across latent
steps, we train lightweight probes on frozen latent states. For each step t, we fit a classifier πϕ,t that
maps the realized latent state ht to a distribution over modes:

πϕ,t : Rd → ∆2, (ŝA(t), ŝB(t)) = πϕ,t(ht), (20)

where ŝA(t) and ŝB(t) denote the probe-predicted probabilities of modes A and B at step t. Un-
less otherwise stated, we use linear probes (logistic regression) trained with cross-entropy loss and
standard ℓ2 regularization, which keeps probe capacity minimal and reduces the risk of overfitting
artifacts unrelated to the model’s latent dynamics. When class imbalance arises after mode filtering,
we balance the probe training set by subsampling to equalize the number of trajectories per mode.

Teacher-forced readouts used in RQ3. In addition to probe-based tracking, we use teacher-
forced readouts to deterministically score candidate answers and reduce sampling noise when
needed. We follow the same teacher-forcing protocol described in Appendix A.3 (Teacher-forced
readouts). Importantly, the canonical answer template is method-dependent rather than dataset-
dependent: for COCONUT we use “[prefix] ### {answer}”, while for CODI we use “[prefix]
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The answer is {answer}”. Given a readout step t, teacher forcing provides a deterministic
score (e.g., token-aggregated log-probability) for each candidate answer string, which we use as a
complementary signal to the probe outputs in robustness checks.

E ADDITIONAL DISCUSSION

Principal influence structure reveals functional routes of latent computation. Step-wise ne-
cessity profiles alone do not identify how a perturbation travels through the remaining steps. The
principal influence graphs from RQ2 add this missing structure by highlighting the dominant di-
rected routes along which an intervention at step t manifests at later readouts. A recurring implica-
tion is that latent computation can be organized around a small number of effective long-range paths,
where early steps shape later representations without requiring strong adjacent mediation at every
intermediate step. This structural view helps reconcile cases where a step exhibits modest direct ne-
cessity but nonetheless participates in a high-influence route: its role may be to shape downstream
states that only become consequential when combined with later consolidation. More generally, the
contrast to explicit CoT graphs suggests that linguistic step adjacency is not a reliable proxy for
computational adjacency in latent reasoning.

F LIMITATIONS

Our conclusions are tied to specific methodological choices, including the step-level causal interface,
hidden-state overwrite interventions, and teacher-forced readout. These operations—particularly
strong interventions like zeroing—may induce off-manifold distribution shifts. Furthermore, this
study is limited to single-step edits, a fixed latent budget (T=6), and a confined set of paradigms
(Coconut/CODI), backbones, and CoT-supervised benchmarks. Broader evaluation across more
paradigms, longer horizons, and varied intervention types is needed to assess the generalizability of
the observed patterns.
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