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Abstract

Latent reasoning reduces the token-generation
cost of chain-of-thought reasoning by replac-
ing explicit intermediate tokens with contin-
uous latent transitions. However, existing la-
tent reasoning methods usually rely on dense
and entangled transitions, making their rea-
soning trajectories difficult to inspect or inter-
vene on. We introduce LSTR (Latent Sparse
Transcoder Reasoning), a framework that turns
sparse transcoders from post-hoc diagnostic
tools into in-loop, intervenable transition com-
ponents for latent reasoning. At each latent
step, a Latent Transition Transcoder (LTT)
combines a linear skip path with a Top-k sparse
innovation path, exposing a small set of ac-
tive sparse features. Under matched compres-
sion settings, LSTR offers a mechanistically
inspectable alternative to dense latent reason-
ing. On GSM8K-Aug, ablating only a few top-
active sparse features reduces accuracy by up to
16.5%, whereas analogous interventions have
much smaller effects in dense latent baselines.
These results indicate that the active sparse fea-
tures are causally involved in the latent tran-
sition process, rather than merely post-hoc de-
scriptors. Additional experiments on mathemat-
ical benchmarks and StrategyQA suggest that
sparse latent transitions can preserve the com-
pression benefits of latent reasoning while mak-
ing the resulting trajectories more inspectable
and intervenable.

1 Introduction

Chain-of-Thought (CoT) prompting has substan-
tially improved the reasoning capabilities of LLMs
by decomposing complex tasks into explicit inter-
mediate steps (Xiang et al., 2025; Wei et al., 2022;
Jaech et al., 2024; Wang et al., 2025). However,
this paradigm introduces a significant computa-
tional bottleneck. Extended token-level reasoning
chains increase inference latency and memory con-
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Figure 1: Comparison of reasoning paradigms. Ex-
plicit CoT uses long token sequences, while dense la-
tent reasoning compresses intermediate computation
into opaque continuous states. LSTR computes each
latent transition through a bounded set of Top-k sparse
features, exposing transition-level units for inspection
and intervention.

sumption, thereby restricting deployment in time-
sensitive and resource-constrained environments.
Because reasoning depth is tightly coupled with
autoregressive token generation, the computational
cost scales approximately linearly with the number
of reasoning steps, rapidly becoming prohibitive
for complex tasks.

To address this limitation, recent studies have
explored latent reasoning, in which intermediate
reasoning steps are compressed into continuous hid-
den representations rather than explicit language to-
kens (Chen et al., 2022; Saunshi et al., 2025; Chen
et al., 2025b,a). Methods such as Coconut (Hao
et al., 2024) and CoLaR (Tan et al., 2025) demon-
strate that multiple reasoning steps can be com-
pressed into a small number of latent transitions,
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thereby substantially reducing overall inference
costs. Despite these computational efficiency gains,
existing latent reasoning methods remain funda-
mentally difficult to interpret. Most approaches
rely on dense latent representations, in which all la-
tent dimensions remain active throughout the entire
reasoning process. Consequently, the internal rea-
soning dynamics become mechanistically opaque.
Specifically, there is no principled mechanism for
identifying which latent dimensions contribute to
specific reasoning operations, a structural entangle-
ment that severely limits the ability to inspect or
intervene on latent reasoning trajectories.

In parallel, advances in mechanistic inter-
pretability have shown that dense neural repre-
sentations can often be decomposed into sparse
sets of semantically meaningful features. Sparse
autoencoders (Bricken et al., 2023) and transcoder
models (Dunefsky et al., 2024; Paulo et al., 2025)
have uncovered interpretable semantic structures in
frozen language models. Nevertheless, these meth-
ods remain primarily post-hoc. Sparse features are
extracted from pretrained activations for diagnostic
analysis, but they do not directly participate in the
reasoning process during inference.

This separation exposes a fundamental gap be-
tween two research directions. Latent reasoning
improves computational efficiency but sacrifices
interpretability, whereas sparse feature learning
improves interpretability while remaining discon-
nected from reasoning dynamics. This gap mo-
tivates a central question: can compressed latent
reasoning be parameterized through a sparse tran-
sition interface that remains competitive with dense
latent transitions while supporting direct feature-
level intervention?

This work provides an affirmative answer to
this question by introducing LSTR (Latent Sparse
Transcoder Reasoning), a framework that reformu-
lates latent reasoning as a sequence of transitions
through a sparse feature space. In contrast to con-
ventional dense latent reasoning, LSTR imposes
an explicit sparsity bottleneck at each latent step,
ensuring that only a small subset of features is acti-
vated to contribute to each latent transition update.
The core component of LSTR is the LTT, which
integrates a linear path with a sparse path. This
design decouples background manifold transport
from sparse residual updates. Consequently, spar-
sity in LSTR is not merely a regularization strategy
applied after the reasoning computation, but a fun-
damental architectural principle governing how rea-

soning computations are distributed and interpreted
across latent dimensions.

A direct consequence of this formulation is
sparsity-mediated capacity control. The spar-
sity budget k determines the number of active
sparse features during inference, thereby provid-
ing a mechanism for regulating transition capacity
without retraining. More importantly, the sparse
feature structure of LSTR enables direct causal
analysis of latent reasoning dynamics. Controlled
ablation experiments demonstrate that removing a
small number of highly activated sparse features
substantially degrades reasoning performance in
LSTR, whereas the same intervention produces
negligible effects in dense latent baselines. These
findings indicate that the active sparse features are
not merely diagnostic representations, but causally
involved transition components.

Rather than treating latent reasoning only as a
compression mechanism, we study whether its tran-
sition process can be given a sparse and causally
testable interface. In this view, explicit CoT serves
as an uncompressed reference, while the central
comparison is whether sparse latent transitions can
preserve the accuracy–length trade-off of dense
latent reasoning while exposing feature-level inter-
vention points. Experiments on mathematical rea-
soning benchmarks, including GSM8K-Aug, GSM-
Hard, SVAMP, MultiArith, and MATH, as well
as the commonsense reasoning benchmark Strate-
gyQA, demonstrate that LSTR maintains compet-
itive performance under latent compression. Fur-
thermore, the proposed approach exposes active
sparse features that can be directly inspected, ab-
lated, and causally tested. The primary contribu-
tions of this work are summarized as follows:

• We introduce LSTR, a sparse latent reason-
ing framework that uses in-loop transcoders
as transition operators rather than post-hoc
analysis modules.

• We provide quantitative causal evidence that a
small set of active sparse features functionally
supports latent reasoning, as targeted ablation
produces substantially larger degradation than
random or dense-state ablation.

• We show that the sparsity budget k provides an
inference-time mechanism for regulating la-
tent transition capacity, enabling feature-level
inspection and intervention without retraining.
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Figure 2: Overview of LSTR. Contiguous explicit reasoning tokens are temporally aggregated into a compressed
target embedding. At each latent step, the Latent Transition Transcoder (LTT) bilaterally decomposes transition
dynamics: a linear Transport Path maintains manifold continuity, while a Sparse Innovation Path injects bounded
sparse updates via Top-k selection. Under a fixed (r, k) budget, LSTR exposes bounded active sparse features per
step, facilitating inspection and intervention along the latent trajectory.

2 Related Work

2.1 Latent and Implicit Reasoning

Explicit CoT generation incurs substantial compu-
tational overhead and latency (Wei et al., 2022).
To address this limitation, latent reasoning in-
ternalizes the reasoning process into continuous
hidden representations (Zhu et al., 2025). While
early methods such as iCoT (Deng et al., 2024)
absorb reasoning supervision directly into model
parameters, recent approaches explicitly model la-
tent trajectories. For example, Coconut (Hao et al.,
2024) introduces a “chain of continuous thought”
by recursively feeding hidden states back into the
model, thereby enabling exploration across latent
reasoning paths. Furthermore, CODI (Shen et al.,
2025) aligns the latent states of a student model
with the reasoning hidden states of a teacher model
via self-distillation. CoLaR (Tan et al., 2025) sub-
sequently implements dynamic compression and
optimizes these trajectories using reinforcement
learning. Despite their effectiveness in reducing
inference costs, these approaches rely almost exclu-
sively on dense latent representations, wherein all
latent dimensions remain jointly active during each
transition. This dense formulation inherently lim-
its interpretability and controllability, as individual
latent dimensions lack clear semantic attribution.
In contrast, the proposed framework introduces an

explicit sparse semantic bottleneck, enabling la-
tent transitions to be composed of localized and
interpretable functional features.

2.2 Sparse Transcoders and Feature Learning

Sparse Autoencoders (SAEs) disentangle polyse-
mantic neurons into interpretable semantic fea-
tures (Bricken et al., 2023). More recently,
Transcoders extend this paradigm by modeling
the functional input–output behavior rather than
reconstructing static activations (Dunefsky et al.,
2024). Empirical studies show that transcoders
capture substantially more interpretable features by
directly approximating the operational semantics
of neural submodules (Paulo et al., 2025). Archi-
tectural refinements such as affine residual paths
alleviate the rank limitations imposed by sparse
bottlenecks, while ghost-gradient updates revive
underutilized features by propagating residual sig-
nals to inactive units. However, existing sparse
feature learning remains primarily a post-hoc diag-
nostic tool for static and frozen models. In contrast,
our work repurposes sparse transcoders as active
reasoning operators, with sparse features partici-
pating directly in latent state transitions rather than
describing them post-hoc. The key distinction is
not merely that LSTR produces sparse activations,
but that these activations are part of the state transi-
tion that constructs the next latent reasoning state.
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3 Methodology

3.1 Overview of LSTR

We introduce LSTR (Latent Sparse Transcoder Rea-
soning), a framework parameterizing latent reason-
ing as a sequence of sparse transitions. Existing
latent reasoning methods replace explicit CoT to-
kens with continuous latent transitions, but these
transitions are typically dense: all dimensions re-
main active, making individual component contri-
butions difficult to inspect or intervene on. LSTR
retains the compressed latent setup but redesigns
the transition function. At each latent step, the
model computes the subsequent continuous state
using a small set of active sparse features.

Given a backbone hidden state, the core LTT
module predicts the next latent state via a linear
skip path and a sparse innovation path. The skip
path facilitates the linear transport of predictable
variations between consecutive states, whereas the
sparse path models residual nonlinear updates us-
ing a bounded set of dictionary features. Rather
than assuming perfect separation, this architectural
inductive bias establishes a sparse transition in-
terface that facilitates evaluation through feature
ablation and intervention. Unlike post-hoc feature
extraction, LSTR generates sparse activations inter-
nally within the latent reasoning loop to construct
the subsequent state directly. Furthermore, the spar-
sity budget k constrains the number of active fea-
tures per step, thereby enabling capacity control at
inference time without requiring retraining (Fig. 2).
LSTR provides an architectural substrate for inter-
pretability by exposing bounded active features;
the semantic mapping of these features remains
an open empirical question that our framework en-
ables but does not resolve.

3.2 Latent Trajectory Construction and
Inference

Given an explicit reasoning sequence Tr of length
Lr, LSTR maps it to a compressed latent trajec-
tory Z∗ = {z∗1, . . . , z∗Lc

} with a compression ratio
r, where Lc = ⌈Lr/r⌉. Each latent target is de-
rived by aggregating a contiguous block of token
embeddings Bt:

z⋆t =
1√
r

∑

j∈Bt

ej . (1)

The 1/
√
r scaling factor stabilizes the variance as

r varies, preventing the latent magnitude from scal-

ing with the block size. To ensure numerical stabil-
ity, the latent targets are further standardized using
empirical embedding statistics.

During training, we optimize over the concate-
nated sequence [Eq, <think>,Z∗, <think>,Ea].
At latent step t, the LTT predicts ẑt+1 from the
backbone hidden state ht, and this prediction is
supervised by z∗t+1. Concurrently, the language
modeling head predicts a randomly sampled token
from the corresponding block Bt+1. This auxil-
iary token objective anchors the latent transition
to discrete language semantics without requiring
complete token-level reasoning generation. Fur-
thermore, random sampling within each block mit-
igates positional bias.

At inference time, explicit intermediate reason-
ing tokens are replaced by iterative continuous
transitions. Given a question prefix followed by
<think>, the backbone generates an initial hidden
state h0. The LTT maps h0 to a sparse activation
vector s0 and a latent state ẑ1. This latent state is
then fed back into the backbone as a continuous
reasoning input to produce the subsequent hidden
state h1. This procedure is repeated for Lc latent
steps. Finally, the model exits the latent reasoning
segment and generates the final answer using the
language modeling head. Formally, this iterative
process is defined as:

ht = fθ(x≤t),

(st, ẑt+1) = LTT(ht),

xlat
t+1 ← ẑt+1,

(2)

where fθ denotes the backbone language model
and xlat

t+1 represents the continuous latent input
consumed at the next latent step.

3.3 Latent Transition Transcoder
The LTT predicts the next latent state ẑt+1 from
the backbone hidden state ht ∈ Rdmodel :

ẑt+1 = Wskipht +Wdecst + bdec, (3)

st = Top-k (σ (Wenc(ht − µ) + benc)) . (4)

Here, Wskip ∈ Rdmodel×dmodel is a zero-initialized,
bias-free linear adapter. The sparse path projects
ht into an overcomplete dictionary with dfeat =
αdmodel, where α is the expansion factor, and
σ(·) = ReLU(·) is the activation function. The
Top-k operator retains the k largest activations and
sets the remainder to zero, yielding a sparse vector
st ∈ Rdfeat .
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Table 1: Performance comparison on four grade-school mathematical reasoning benchmarks. We report averaged
accuracy (Acc. %) and average latent reasoning length (#L) over five runs with different random seeds, together
with 95% confidence intervals (±). Gray rows indicate ablation variants of LSTR. Among non-CoT methods, bold
marks the best average accuracy, while underlining highlights a nearly matched result.

Method GSM8K-Aug GSM-Hard SVAMP MultiArith Average
Acc. #L Acc. #L Acc. #L Acc. #L Acc. #L

CoT 49.4±.72 25.6±.11 11.9±.16 34.2±.11 59.8±.29 12.1±.03 93.2±.49 13.7±.09 53.6 21.4

iCoT 19.8±.23 0.00±.00 3.87±.16 0.00±.00 36.4±.51 0.00±.00 38.2±.66 0.00±.00 24.6 0.00
Coconut 23.1±.28 6.00±.00 5.49±.33 6.00±.00 40.7±.65 6.00±.00 41.1±.24 6.00±.00 27.6 6.00
Distill 13.3±.62 6.00±.00 2.97±.24 6.00±.00 21.7±.73 6.00±.00 19.2±.83 6.00±.00 14.3 6.00

CoLaR-5 26.8±.17 5.57±.02 5.87±.10 6.53±.01 48.4±.45 2.95±.02 86.4±.35 3.21±.01 41.7 4.57
LSTR-5 29.5±.32 5.69±.00 6.29±.12 6.75±.00 49.2±.49 3.03±.00 88.2±.14 3.17±.00 43.3 4.66

- w/o Skip 27.5±.09 5.75±.00 5.52±.16 7.95±.00 50.5±.59 3.18±.00 84.1±.32 3.23±.00 41.9 5.0
- w/o Sparse 20.7±.29 5.80±.00 4.44±.11 6.58±.00 41.7±.48 3.11±.00 75.8±.29 3.38±.00 35.6 4.7

CoLaR-2 40.1±.20 12.7±.02 9.08±.03 14.0±.07 54.9±.20 6.11±.01 91.3±.12 7.35±.01 48.8 10.0
LSTR-2 40.2±.09 13.18±.00 8.81±.06 18.51±.00 53.9±.29 6.47±.00 90.5±.29 7.44±.00 48.4 11.4

- w/o Skip 35.3±.19 13.14±.00 7.90±.12 24.41±.00 53.1±.29 6.69±.00 92.8±.21 7.37±.00 47.3 12.9
- w/o Sparse 34.2±.22 13.43±.00 7.32±.17 23.37±.00 48.6±.36 6.49±.00 85.3±.37 7.57±.00 43.9 12.7

Several design choices are intended to enhance
stability under iterative latent supervision. Em-
pirical mean subtraction with µ eliminates dom-
inant global activation directions that would oth-
erwise occupy sparse slots across multiple steps.
Decoder columns are constrained to unit norm,
∥W(i)

dec∥2 = 1, to prevent feature-scale collapse.
Hard Top-k selection maintains a fixed number of
active features, thereby avoiding uncontrolled vari-
ations in transition capacity along the trajectory.
Gradients through the non-differentiable Top-k se-
lection are approximated using a Straight-Through
Estimator, allowing selected sparse features to be
optimized under hard sparsity constraints. Inactive
or under-utilized features are further addressed by
the feature-utilization objective detailed below.

3.4 Optimization and Feature Utilization
The complete training loss combines language-
model supervision with latent transition supervi-
sion:

L = LLM + βLlatent, (5)

where LLM is the cross-entropy loss applied over
answer tokens and randomly sampled block-level
token targets. The latent objective is formulated as:

Llatent = LFVU + λsLskip + λgLghost. (6)

The primary reconstruction term utilizes the
Fraction of Variance Unexplained (FVU) rather
than raw squared error:

LFVU =
E
∥∥ẑt+1 − z∗t+1

∥∥2
2

Var(z∗t+1)
. (7)

This normalization accounts for variations in latent
magnitude across reasoning depths and compres-
sion ratios, preventing high-magnitude targets from
dominating the optimization process.

The skip objective introduces an auxiliary bias
for the skip path:

Lskip = E
∥∥(Wskipht + bdec)− z∗t+1

∥∥2
2
. (8)

Because the skip path is linear and bias-free, it is
ideally suited to capture predictable components of
consecutive latent states. This reduces the repre-
sentational burden on the sparse path, whose active
capacity is inherently restricted by the Top-k selec-
tion.

Under hard sparsity, certain encoder units may
rarely enter the active set. To improve dictionary
utilization, LSTR incorporates a ghost-gradient ob-
jective that propagates reconstruction residuals to
inactive or under-utilized encoder features. Let
rt = z∗t+1 − ẑt+1 denote the transition residual.
The ghost objective is defined as:

Lghost = E ∥Wdec enc(ht)dead − rt∥22 . (9)

This auxiliary term encourages unused dictionary
features to align with unexplained residual direc-
tions, thereby mitigating feature collapse during
training.

4 Experiments

Our evaluation of LSTR begins by testing whether
sparse transitions maintain the trade-off between
accuracy and trajectory length in latent reasoning
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Figure 3: A qualitative illustration of how perturbing a single active feature can alter the latent trajectory. Systematic
semantic annotation of sparse features is left to future work.q

Table 2: Inference-time path masking on GSM8K. All
rows use the same trained LSTR model.

Masked path Remaining paths Acc. (%) ∆

None Skip + Sparse 40.2 –
Sparse Skip only 35.2 -5.0
Skip Sparse only 0.3 -39.9

under matched compression. We then examine the
model’s internal dynamics during inference, specif-
ically the functional roles of the two LTT pathways
and the active sparse features. We also analyze how
the sparsity budget controls transition capacity and
whether these behaviors generalize beyond arith-
metic tasks. Throughout the experiments, explicit
CoT serves as an uncompressed reference, while
dense latent reasoning methods, particularly Co-
LaR, act as the primary baseline under identical
compression conditions.

4.1 Experimental Setup

Datasets and metrics. We primarily train and
evaluate our models on GSM8k-Aug (Deng et al.,
2023), an augmented version of GSM8k containing
approximately 385k training samples and 1k test
samples. To assess generalization across reason-
ing distributions, we additionally evaluate on three
out-of-domain benchmarks: GSM-Hard (Gao
et al., 2023), SVAMP (Patel et al., 2021), and
MultiArith (Roy and Roth, 2016). For evalu-
ating scalability to more challenging reasoning
regimes, we further report results on the MATH
dataset (Hendrycks et al., 2021). Following prior
work (Hao et al., 2024), we report Accuracy (Acc.)
as the percentage of correctly solved problems and

Reasoning Length (#L), measured as the average
number of generated reasoning tokens or latent
transitions, as a proxy for inference cost.

Baselines. We compare LSTR against the fol-
lowing representative baselines: (1) CoT (Wei
et al., 2022), fine-tuned on complete reasoning
chains, performs token-by-token reasoning before
outputting answers; (2) iCoT (Deng et al., 2024),
gradually internalizes reasoning steps and directly
generates answers without intermediate tokens; (3)
Coconut (Hao et al., 2024), progressively replaces
token reasoning with latent steps through curricu-
lum learning, executing fixed-length latent reason-
ing; (4) Distill (Shen et al., 2025), distills token-
level CoT into latent reasoning steps and infers
similarly to Coconut. (5) CoLaR (Tan et al., 2025),
performs dynamic latent reasoning with compres-
sion, trained for speed-adjustable inference.

Implementation details. All models use the
Llama-3.2-1B-Instruct backbone (Team, 2024).
We freeze the backbone parameters and employ
LoRA for parameter-efficient fine-tuning. Follow-
ing (Tan et al., 2025), each model is trained for at
most 50 epochs or 12 hours. The checkpoint with
the best validation accuracy is used for evaluation.
For LSTR, the feature expansion factor is set to 16,
and the default sparsity budget is k = 128 active
features per latent step. Unless otherwise stated,
results are averaged over five random seeds. Ap-
pendix A gives the full hyperparameters, optimizer
settings, and hardware details.
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4.2 Performance under Latent Compression

Table 1 presents the main results across four math-
ematical reasoning benchmarks. The objective of
this comparison is not to demonstrate that latent
reasoning achieves higher accuracy than explicit
CoT. Explicit CoT remains the strongest token-
level reference across several benchmarks, despite
requiring substantially longer reasoning chains. In-
stead, the primary comparison focuses on dense
latent reasoning methods under identical compres-
sion settings, particularly CoLaR.

At strong compression (r = 5), LSTR outper-
forms CoLaR on GSM8K-Aug and GSM-Hard
while performing comparably on SVAMP and Mul-
tiArith, increasing average accuracy from 41.7% to
43.3% at similar latent lengths. At milder compres-
sion (r = 2), LSTR averages 48.4% accuracy ver-
sus 48.8% for CoLaR, demonstrating sparse tran-
sitions competitively replace dense ones without
compromising the accuracy-length trade-off (Ap-
pendix B details sensitivity for r ∈ {1, 2, 3, 4, 5}).
Train-time ablations (Table 1, gray rows) reveal
both pathways are essential when training from
scratch, complementing Section 4.3. Eliminating
the sparse path degrades latent transition model-
ing, dropping accuracy from 43.3% to 35.6% at
r = 5 and 48.4% to 43.9% at r = 2. Removing
the skip path similarly reduces performance and
extends trajectory length at r = 2 from 11.4 to
12.9, confirming its stabilizing transport function.

4.3 Causal Analysis of Sparse Transitions

We next investigate whether LSTR actively uses
sparse transitions during inference, beyond merely
altering model parameterization. We apply two
interventions: masking both LTT paths in the same
trained model to isolate their roles, and removing
active sparse features to evaluate their impact on
final reasoning outcomes.

Inference-time path masking. The LTT consists
of a skip path and a sparse path. To isolate their re-
spective effects, we train the complete LSTR model
once and mask one of the pathways during infer-
ence. Table 2 presents the evaluation results on
GSM8K-Aug. The two pathways exhibit distinct
failure modes. Removing the sparse path yields a
skip-only model with an accuracy of 35.2%, sug-
gesting that the linear path sustains a substantial
portion of the continuous latent trajectory. The per-
formance gap of 4.9% relative to the full model
demonstrates that the sparse path provides criti-
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Figure 4: Accuracy and average latent reasoning length
under different inference-time sparsity budgets k. The
model is trained with r = 2 and k = 128, and evaluated
by changing k only at inference time.

cal residual updates beyond linear transport. Con-
versely, ablating the skip path reduces the accuracy
to 0.3%, indicating that sparse updates alone can-
not maintain the latent trajectory in the absence of
a stable transport channel. These findings highlight
a clear functional division: the skip path preserves
the continuity of the latent state, whereas the sparse
path provides residual transition updates that en-
hance reasoning capabilities.

Feature-level causal ablation. To evaluate
whether active sparse features affect accuracy, we
ablate the N most active features per latent step and
measure the accuracy change, comparing against a
baseline of N randomly ablated active features. For
CoLaR, we identically ablate the N latent dimen-
sions with the largest absolute activations (Table 3).
Ablating the top-active features in LSTR steadily
degrades accuracy, dropping 16.5 percentage points
at N = 10, whereas ablating random active fea-
tures yields a substantially smaller effect. Similar
intervention on the top dense dimensions of CoLaR
induces a smaller drop, confirming that computa-
tion is more distributed across dense latent states.
While not implying every sparse feature maps to
a fully interpretable concept, these results substan-
tiate that active sparse features in LSTR causally
participate in the latent transition process.

Qualitative feature intervention. For visualiza-
tion, we assign feature labels by projecting sparse
features onto the token embedding space with co-
sine similarity. This projection is only a weak se-
mantic probe that helps make trajectories readable.
The causal claim is based on Table 3. Figure 3
shows one intervention example, where modifying
an early active feature changes the later trajectory
and the final answer. Additional structural analyses
are provided in Appendix E.
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Table 3: Feature-level causal ablation on GSM8K-Aug.
Accuracy change (percentage points) after removing
N sparse features or dense latent dimensions during
inference. Blue and gray rows denote top-ranked and
random units, respectively.

Model N = 1 N = 3 N = 5 N = 10

LSTR -4.6 -11.8 -15.1 -16.5
CoLaR +1.0 +0.7 -0.7 -3.0
LSTR -0.3 -0.7 -2.0 -0.7
CoLaR +1.3 -1.0 -1.0 +2.0
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Figure 5: KDE-estimated temporal density of causally
necessary latent steps (r = 2) across heterogeneous tra-
jectory lengths (L ∈ [4, 35]). Length-balanced cohorts
exhibit a consistent front-loaded profile.

4.4 Capacity Control and Sparse Dynamics

We study how sparse transition capacity is con-
trolled and used across latent reasoning trajecto-
ries. The sparsity budget k sets the maximum num-
ber of active features at each latent step, allow-
ing inference-time capacity adjustments without
retraining. Figure 4 shows that accuracy improves
when more sparse features participate, while the
average latent reasoning length remains relatively
stable. This result indicates that k directly con-
trols the capacity of sparse latent transitions, rather
than serving only as a post-hoc analysis parameter.
This control should not be interpreted as semantic
control over the model, since changing k adjusts
how many sparse features contribute to reasoning
without determining which semantic operation the
model performs. Appendix B reports a separate
compression-ratio analysis, where r controls latent
trajectory length rather than the number of active
features per transition.

We then examine where causal necessity man-
ifests within compressed latent trajectories. Fig-
ure 5 estimates the distribution of causally neces-
sary latent steps under r = 2 across trajectories of
different lengths. The density is consistently front-

loaded across length-balanced cohorts, suggesting
that early latent transitions carry a larger share of
task-relevant updates. This pattern agrees with the
feature-level ablation in Table 3: sparse features are
causally relevant in aggregate, and their influence
is organized over time.

4.5 Generalization and Efficiency

The main experiments focus on mathematical rea-
soning, where reasoning steps are closely tied to
numbers and operators. To test whether sparse la-
tent transitions also apply outside arithmetic, we
evaluate LSTR on StrategyQA (Geva et al., 2021),
a commonsense reasoning benchmark. Under the
same compression setting, LSTR achieves 61.13%
accuracy, compared with 58.49% for CoLaR and
64.83% for explicit CoT. This result suggests that
sparse latent transitions are not limited to arithmetic
reasoning, although evaluation on more natural-
language reasoning tasks is still needed.

Appendix C analyzes computational overhead.
The sparse transition operator adds per-step compu-
tation because it uses an expanded dictionary and
Top-k selection. On GSM8K-Aug, LSTR (r = 2)
has higher per-step latency than CoLaR (r = 2),
but it reduces end-to-end time relative to explicit
CoT by using a shorter reasoning trajectory. The ef-
ficiency gain of LSTR therefore comes mainly from
trajectory compression, not from faster individual
latent transitions. Appendix D reports results on
harder tasks and a larger backbone, where the accu-
racy gap between latent reasoning and explicit CoT
remains a major limitation on challenging mathe-
matical benchmarks.

5 Conclusion

We propose LSTR, advancing sparse transcoders
from post-hoc diagnostics to direct transition op-
erators in latent reasoning. It computes transitions
using bounded Top-k sparse features and a linear
skip path for predictable drift, matching dense base-
lines under matched compression while exposing
feature-level trajectory access. Causal ablations
show that removing top-active features substan-
tially degrades the model but only weakly affects
dense baselines, indicating these features causally
participate in transitions. Although a gap with ex-
plicit Chain-of-Thought persists, LSTR is a step
toward causally testable reasoning. Future work
includes reducing CoT supervision and developing
stronger interpretation tools.
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Limitations

LSTR remains subject to several limitations. First,
it relies on compressed targets derived from explicit
Chain-of-Thought traces, so it currently transfers
existing reasoning structures into latent space rather
than learning them without CoT supervision. Sec-
ond, latent compression still trails explicit CoT on
harder symbolic benchmarks such as MATH, where
fine-grained intermediate states are important for
long-horizon compositional reasoning. Third, the
interpretability of LSTR is local: feature-level in-
terventions reveal causally active transition compo-
nents, but they do not provide a complete symbolic
reconstruction of the full reasoning trajectory. Fi-
nally, although we include StrategyQA as an initial
non-arithmetic benchmark, most mechanistic anal-
yses are still performed on mathematical tasks. Ex-
tending the evaluation to broader natural-language
reasoning and agentic settings remains future work.

Ethics Statement

This work utilizes publicly available reasoning
benchmarks and pretrained language models, with-
out involving new data collection, human-subject
experiments, or the processing of personally identi-
fiable information. The proposed sparse-transition
interface is designed to support the debugging,
mechanistic analysis, and auditing of latent rea-
soning. However, this capability for feature-level
intervention may also facilitate more precise activa-
tion steering if subjected to misuse. Therefore, we
present these interventions strictly for controlled
analysis and emphasize that the application of such
techniques in safety-critical or user-facing systems
requires additional safeguards and continuous mon-
itoring.
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A Implementation Details

Model Hyperparameters All experiments are
conducted using the Llama-3.2-1B-Instruct
backbone (Team, 2024). The backbone parame-
ters are frozen throughout training and adapted
using LoRA, while the LTT parameters are trained
directly. We set the LoRA rank to rLoRA = 128
and the scaling factor to αLoRA = 32 for all experi-
ments. The latent reasoning module adopts the LTT
architecture defined in Section 3.3, where the la-
tent feature dimension is set to dfeat = 16× dmodel.
Unless otherwise specified, the sparsity budget is
fixed to k = 128 active features per latent step. The
LTT encoder is initialized with orthogonal weights,
while decoder columns are constrained to unit norm
to stabilize feature scaling. The decoder bias is
initialized using the empirical mean hidden state
computed over the training corpus. The skip path
linear adapter is initialized to zero, ensuring that
non-linear transition residuals are initially routed
through the sparse path. All latent activations use
ReLU nonlinearity, and the latent temperature is
fixed to 1.0.

Training and Optimization Protocol All mod-
els are trained exclusively using Supervised Fine-
Tuning (SFT); we do not employ reinforcement
learning or policy optimization in any experiment.
We utilize the AdamW optimizer with a base learn-
ing rate of 1× 10−4 and weight decay of 1× 10−2.
To accommodate the different convergence proper-
ties of the backbone and the sparse transcoder, we
implement a hierarchical learning rate strategy:

The sparsity budget is fixed at k = 128 through-
out training. Gradient clipping with a maximum
norm of 1.0 is applied to stabilize training. All
experiments are conducted on two NVIDIA RTX
PRO6000 GPUs using mixed-precision training.
Unless otherwise stated, results are averaged over
five random seeds (0–4).

B Sensitivity Analysis of Compression
Ratio r

In the main paper, we fix the sparsity budget to
k = 128 and focus on comparing established latent
compression ratios. In this appendix, we provide
supplementary results analyzing how the compres-
sion strength r affects reasoning performance and
trajectory compactness. Specifically, we evaluate
LSTR models across a range of compression ra-
tios r ∈ {1, 2, 3, 4, 5}, while maintaining a fixed
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Figure 6: Accuracy and reasoning length (#L) across
varying compression ratios r. The orange bars denote
reasoning accuracy (%) , while the blue line represents
the average number of latent steps (#L) per problem.
Increasing r leads to significantly more compact trajec-
tories but results in a corresponding decline in accuracy.

sparsity budget of k = 128 and keeping all other
hyperparameters constant. Figure 6 illustrates the
corresponding accuracy and average latent reason-
ing length. As the compression ratio r increases
from 1 to 5 , the latent trajectory becomes pro-
gressively shorter, resulting in substantially and
monotonically reduced reasoning length. How-
ever, aggressive compression also leads to a gradual
degradation in accuracy, reflecting a reduced capac-
ity of the latent manifold to preserve fine-grained
reasoning signals under aggressive compression.
These results demonstrate a clear and smooth ac-
curacy–efficiency Pareto frontier controlled by the
compression ratio r, confirming that LSTR enables
controllable latent reasoning compression without
requiring architectural changes or additional model
retraining.

C Training and Inference Overhead

We analyze the computational overhead of LSTR
relative to explicit CoT and the dense CoLaR base-
line. All measurements were conducted on a single
NVIDIA RTX PRO6000 GPU using FP16 preci-
sion with a batch size of 1.

Inference Latency. As shown in Table 4, LSTR
introduces additional computation at each latent
step due to the 16× feature expansion in the LTT
encoder and the Top-k selection process. Specifi-
cally, the 1.02 ms required for the LTT operation
results in a per-step latency of 10.66 ms, repre-
senting a 1.68 ms increase over the dense baseline
(8.98 ms). However, this per-step increase is ef-
fectively offset by the reduction in total reasoning
length. Compared to explicit CoT, LSTR-2 reduces
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Parameter Group Learning Rate Weight Decay Functional Role

Backbone (LoRA) 1× 10−4 0.1 Backbone adaptation
Skip Path (Wskip) 2× 10−4 0.0 Skip path
LTT Encoder 2× 10−4 0.0 Sparse path encoder
LTT Decoder 2× 10−4 0.0 Sparse path decoder

Table 4: Efficiency profiling on GSM8k-Aug. Per-step latency and Peak VRAM were measured during inference.
End-to-end (E2E) time is calculated as Average Steps × Step Latency.

Method Acc. (%) Avg. Steps (#L) Step Latency Policy Overhead Peak VRAM

CoT (Explicit) 49.4 25.60 9.26 ms — 5.14 GB

CoLaR-2 (Dense) 40.1 12.70 8.98 ms 1.69% 5.21 GB
LSTR-2 (Ours) 40.2 13.18 10.66 ms 10.53% 5.66 GB

the reasoning sequence from 25.6 tokens to 13.18
steps. Consequently, the total end-to-end (E2E) in-
ference time for a representative reasoning chain is
reduced from 237.1 ms (CoT) to 140.5 ms (LSTR-
2), achieving a 40.7% speed improvement. This
indicates that LSTR improves efficiency primarily
by significantly reducing reasoning length rather
than minimizing per-step computation.

Memory and Training. During training, the
backbone remains frozen, and overhead arises pri-
marily from sparse feature selection and latent tra-
jectory supervision. The introduction of 138.45M
parameters in the LTT module increases the peak
VRAM usage by approximately 450 MB compared
to the dense model (5.66 GB vs. 5.21 GB) and 520
MB compared to the CoT baseline. While the static
memory footprint is higher, the significantly shorter
latent trajectories lead to a slower growth of the KV
Cache during generation. This makes sparse latent
reasoning a practical and scalable alternative to ex-
plicit CoT, as the benefits of trajectory compression
outweigh the marginal increases in per-step latency
and static parameter storage.

D Cross-Backbone Consistency

To evaluate whether sparse latent reasoning
extends beyond small-scale backbones, we
conduct scalability experiments with LSTR
on DeepSeek-R1-Distill-Qwen-7B (DeepSeek-
AI, 2025) and Llama-3.2-8B-Instruct (Team,
2024). All experiments are performed on the
MATH benchmark, which constitutes a substan-
tially more challenging reasoning setting due to
its complex symbolic dependencies and multi-step
deduction requirements. For all scalability evalu-
ations, LSTR adopts a fixed configuration with a
compression ratio of r = 2 and a sparsity budget of

k = 128. This setting follows the training protocol
introduced in Section 4.1 and enables a direct com-
parison with the CoLaR baseline under the same
compression ratio.

Across both DeepSeek-based and Llama-based
backbones, LSTR consistently produces substan-
tially shorter reasoning trajectories than explicit
CoT decoding. The compression advantage re-
mains stable as model scale increases, indicat-
ing that sparse latent transitions can internalize
nontrivial reasoning procedures even within high-
dimensional representation spaces. Although a
performance gap relative to CoT remains, the
gap is expected given the difficulty of preserv-
ing fine-grained symbolic reasoning within a fully
latent reasoning process. Importantly, the over-
all behavior of LSTR remains highly consistent
across the two model families. Both accuracy
and reasoning-length trends exhibit similar pat-
terns for the DeepSeek and Llama backbones de-
spite differences in architecture design and dis-
tillation strategies. This stability across hetero-
geneous backbones suggests that the effective-
ness of sparse latent reasoning primarily origi-
nates from the LTT formulation rather than from
backbone-specific properties. Overall, the results
demonstrate that LSTR provides a scalable and
structurally consistent framework for efficient rea-
soning in LLMs while preserving the efficiency–
interpretability trade-off under increasing model
capacity.

E Latent Structural Analysis

To comprehensively understand the internal dynam-
ics of sparse latent reasoning, we analyze the struc-
tural properties of LSTR at both the micro level of
individual feature activations and the macro level
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Table 5: Scalability evaluation on 7B+ backbones over the MATH benchmark. All models use a compression
ratio of r = 2 and a sparsity budget of k = 128. Across different model families, LSTR preserves a stable
efficiency–accuracy trade-off, indicating that the sparse transition formulation can be applied across model families,
while hard symbolic reasoning remains challenging under latent compression.

Method DeepSeek-R1-Distill-Qwen-7B Llama-3.2-8B-Instruct

Acc. # L Acc. # L

CoT 35.2±.31 198.0±1.2 24.1±.27 200.0±1.5

CoLaR 16.5±.14 81.2±.23 8.0±.19 85.4±.44

LSTR 15.9±.11 72.9±.00 10.9±.23 82.9±.01
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(b) LSTR without skip path

Figure 7: Feature utilization under Top-k inference. The full model shows a more concentrated utilization pattern,
while the model without the skip path uses features more diffusely.

of global trajectory evolution.

Feature Utilization At the micro level, we ana-
lyze the utilization frequency of LTT features by
counting their activations under Top-k inference.
As shown in Figure 7, the resulting rank–frequency
distribution follows a clear power-law pattern. In
the full LSTR architecture, feature utilization is
highly concentrated, yielding a Gini coefficient of
approximately 0.93, which indicates the strong spe-
cialization of a small subset of latent features. In
contrast, when the skip path is removed and only
the sparse path is retained, feature utilization be-
comes significantly more diffuse, reducing the Gini
coefficient to 0.71. This comparison highlights the
crucial functional role of the skip path: by absorb-
ing predictable background drift, it allows sparse
features to highly specialize in discrete semantic
innovations.

Latent Trajectory Coherence Given the highly
specialized and sparse nature of these individual
updates, a natural question is whether such hard
representational bottlenecks disrupt the overall con-
tinuity of the reasoning process. To address this,

we examine the macro-level semantic evolution of
latent embeddings across successive steps. Figure 9
illustrates the cosine similarity matrix between re-
constructed latent embeddings within a single rea-
soning trajectory. Adjacent latent steps exhibit high
similarity, which preserves local temporal conti-
nuity. Meanwhile, as illustrated in Figure 8, the
similarity between the initial and final steps is sub-
stantially lower (Start–End similarity: 0.339), in-
dicating a smooth yet progressive semantic drift.
This pattern confirms that latent reasoning in LSTR
follows a coherent, goal-directed semantic trajec-
tory, successfully avoiding both the collapse into
static representations and the instability of random
fluctuations.

23628



T+1 T+2 T+3 T+4 T+5 T+6 T+7 T+8 T+9 T+10 T+11 T+12 T+13

50

60

70

80

90

Ef
fe

ct
iv

e S
pa

rs
ity

 (k
ef

f)

Critical Transition Point
(Logical Coherence Established)

Correct Path (keff)
Incorrect Path (keff)
Persistence Gap (C-I)

0.05

0.00

0.05

0.10

0.15

Pe
rs

ist
en

ce
 G

ap
 (C

os
in

e S
im

 D
iff

)

Peak Divergence

Figure 8: Step-wise effective sparsity keff and feature persistence along latent reasoning trajectories. The model is
trained with r = 2 and k = 128; sparsity is fixed at inference time. Correct and incorrect trajectories are aggregated
separately.
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Figure 9: Cosine similarity between reconstructed latent
embeddings across latent steps. High similarity near
the diagonal indicates local temporal continuity, while
lower similarity between early and late steps reflects
gradual latent-state change.
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