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Abstract
Chain-of-Thought prompting has remarkably advanced LLM
reasoning by generating explicit step-by-step tokens, yet
its discrete nature inherently limits expressiveness and effi-
ciency, struggling with abstract, ambiguous, or semantically
divergent cognition beyond linguistic tokens. Latent reason-
ing offers a promising alternative by operating in the model’s
internal continuous space for richer cognitive representa-
tions. However, existing methods typically rely on finetun-
ing or token interpolation to bridge latent and input spaces,
introducing training difficulty or semantic degradation. To
this end, we propose Dynamic Latent Reasoning (DyLaR),
a training-free framework that preserves semantic fidelity to
latent space. DyLaR introduces a Semantic Residual Refine-
ment module that progressively refines latent inputs by inte-
grating semantic residuals from prior hidden states, thus cap-
turing expressive semantic hierarchies that closely approxi-
mate continuous latent representations. To enhance flexibil-
ity, DyLaR further incorporates a dynamic switching policy
that allows LLMs to alternate between discrete and latent
reasoning based on model uncertainty, favoring explicit rea-
soning when confident and latent exploration under ambigu-
ity. Empirical experiments across knowledge- and reasoning-
intensive tasks demonstrate that DyLaR consistently outper-
forms strong baselines in both effectiveness and token effi-
ciency. Qualitative analyses further illustrate its interpretabil-
ity and flexibility in navigating complex reasoning scenarios.

Introduction
Large Language Models (LLMs) have demonstrated impres-
sive reasoning capabilities (Guo et al. 2025; Yang et al.
2025; Dubey et al. 2024), particularly when guided by
Chain-of-Thought (CoT) prompting, which elicits step-by-
step intermediate reasoning in natural language (Wei et al.
2022; Chen et al. 2025a). However, explicit CoT reason-
ing operates strictly within the discrete token space, inher-
ently limited by the expressive capacity of language and of-
ten introducing inefficiency (Qu et al. 2025; Liu et al. 2025).
This contrasts with human cognition, which frequently tran-
scends linguistic boundaries, relying on abstract insights,
intuitive leaps, or divergent thoughts that are beyond pre-
cise verbalization (Pinker et al. 1994; Wittgenstein 2023).
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To address these limitations, latent reasoning has emerged
as a promising alternative (Tack et al. 2025; Hao et al. 2024;
Deng, Choi, and Shieber 2024). By shifting the reasoning
process into the model’s continuous hidden space, latent rea-
soning enables richer semantics, divergent explorations, and
non-verbal cognitive representations, offering a more ex-
pressive and efficient medium for thought-like processing.

To enable “continuous thought” in latent space, one
line of research replaces discrete tokens with the model’s
last hidden states as next inputs (Hao et al. 2024; Xu
et al. 2025; Shen et al. 2025). While this approach
improves token efficiency, it operates directly on hid-
den representations, which undermines interpretability and
necessitates model fine-tuning to bridge the gap between
hidden states and input embedding space (Hao et al.
2024), introducing training difficulty. Another line avoids
additional training by softly approximating hidden states
via output-probability-weighted interpolation over vocab-
ulary embeddings (Zhang et al. 2025; Yue et al. 2025).
Though training-free, these methods often suffer from
semantic degradation, as hidden states typically lie outside
the convex hull of token embeddings, making simple in-
terpolation insufficient to capture the full latent semantics.
Furthermore, most existing approaches rely on rigid latent
reasoning patterns, i.e., fixed-length or full-sequence latent
chains, which can introduce unnecessary noise in clear steps
while restricting exploration in complex ones. This inflex-
ibility significantly limits generalization across diverse rea-
soning scenarios (Chen et al. 2025b; Tack et al. 2025). These
challenges motivate two key questions: 1) How can latent
semantics be leveraged both effectively and efficiently?
2) When is it necessary to invoke latent reasoning?

To this end, we propose Dynamic Latent Reasoning (Dy-
LaR), a training-free framework that enables semantically
faithful and flexible latent reasoning. Specifically, DyLaR
comprises two core modules: i) a Semantic Residual Re-
finement module (SRR). To leverage rich semantic infor-
mation in latent representations without fine-tuning, SRR
begins by computing a soft projection of hidden states onto
the token embedding space. It then captures the semantic
residual between hidden state and its soft projection, which
reflects the unexpressed semantic information. Through iter-
ative integration of multi-level residuals, SRR refines the la-
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Method Latent Reasoning Training Free Semantic fidelity Dynamic Reasoning Mode Output Interpretability

Zero-shot CoT (Wei et al. 2022) - " - - "

Coconut (Hao et al. 2024) " - " - -
SoftCoT (Xu et al. 2025) " - " - -
Soft Thinking (Zhang et al. 2025) " " - - "

HRPO (Yue et al. 2025) " - - - "

DyLaR (ours) " " " " "

Table 1: Comparisons between DyLaR and other latent reasoning methods.

tent input along a smooth, input-compatible latent trajectory,
progressively correcting the initial soft projection toward
full latent semantics, even beyond the convex hull of token
embeddings. This facilitates semantically faithful latent rea-
soning without parameter updates, achieving both effective-
ness and efficiency. ii) a dynamic switch policy. To enhance
reasoning flexibility, DyLaR further incorporates a dynamic
switching policy that allows the model to seamlessly alter-
nate between explicit and latent reasoning modes based on
its uncertainty. When the model exhibits high confidence,
DyLaR favors explicit reasoning; when faced with abstract,
ambiguous, or divergent thinking, it invokes latent reason-
ing, enabling a flexible and adaptive reasoning paradigm. A
comprehensive comparison between DyLaR and existing la-
tent reasoning methods is presented in Table 1.

We highlight that DyLaR makes the following contribu-
tions. First, the Semantic Residual Refinement (SRR) mod-
ule enables DyLaR to capture and incrementally refine rich
latent semantics, preserving semantic fidelity without ad-
ditional training. Second, the dynamic switch policy em-
powers LLMs to adaptively alternate between reasoning
modes as needed, improving both flexibility and robust-
ness. Finally, extensive evaluations across both knowledge-
intensive and STEM reasoning benchmarks with diverse
LLMs consistently validate DyLaR’s effectiveness and effi-
ciency. It improves reasoning accuracy by up to 4.95 points
while reducing token length by up to 17.52% compared to
explicit CoT reasoning. Qualitative analyses further high-
light DyLaR’s ability to produce interpretable and insightful
reasoning steps, offering a principled and practical path to
unlocking LLMs’ latent cognitive capabilities.

Related Works
Explicit LLM Reasoning. Recent advances have show-
cased the impressive reasoning capabilities of LLMs.
A prominent paradigm, explicit reasoning via Chain-of-
Thought (CoT) prompting (Wei et al. 2022; Kojima et al.
2022), guides LLMs to generate intermediate reasoning
steps in natural language before producing the final an-
swer, improving both accuracy and interpretability (Zelik-
man et al. 2024; Xiang et al. 2025; Tan et al. 2025; Ye et al.
2025). Building on this foundation, subsequent studies have
shown that supervised finetuning (Yu et al. 2023; Yue et al.
2023) or reinforcement learning (Shao et al. 2024; Wang
et al. 2024; Yu et al. 2024) can further enhance performance
on complex reasoning tasks like mathematical problem-

solving, often eliciting an “aha-moment” through a longer
thinking process (Jaech et al. 2024; Guo et al. 2025). De-
spite its success, explicit CoT reasoning remains fundamen-
tally limited by the discrete token space of natural language.
The autoregressive, token-by-token generation process im-
poses inherent constraints on both expressiveness and effi-
ciency (Qu et al. 2025), making it ill-suited for human-like
cognition such as abstract reasoning, semantic ambiguity,
and divergent thinking that transcend linguistic boundaries.
Latent LLM Reasoning. Latent reasoning has recently
emerged as a promising direction for overcoming the lim-
itations of discrete token space, which shifts CoT reason-
ing to a continuous hidden space within large language
models. Early efforts such as Coconut (Hao et al. 2024)
and CODI (Shen et al. 2025) directly replace discrete to-
kens with the model’s last hidden states as the next input
to construct continuous reasoning trajectories. SoftCoT (Xu
et al. 2025) advances this idea by introducing a frozen as-
sistant model to generate latent representations, along with
a lightweight projection layer for alignment. While these
methods improve token efficiency, they require model fine-
tuning to align latent representations with the input embed-
ding space, leading to increased training complexity and re-
duced output interpretability (Qu et al. 2025; Chen et al.
2025b). An alternative line of work avoids training by con-
structing latent inputs as convex combinations of token em-
beddings (Zhang et al. 2025; Yue et al. 2025), approximat-
ing continuous representations while maintaining compat-
ibility with the input space. However, such interpolation-
based strategies often suffer from semantic degradation, as
they are confined to the convex hull of token embeddings
and thus fail to capture unreachable latent semantics, com-
promising semantic fidelity. Moreover, most existing latent
reasoning methods adopt fixed reasoning patterns, limiting
their adaptability. Instead, this work proposes a training-free
framework that preserves semantic integrity via residual re-
finement and enables uncertainty-aware dynamic switching
between discrete and latent reasoning for better flexibility.

Method
In this section, we introduce Dynamic Latent Reasoning
(DyLaR), a novel framework designed to leverage the rich
semantics within latent representations in an effective, effi-
cient, and flexible manner. As illustrated in Figure 1, DyLaR
extends the explicit CoT paradigm by replacing discrete to-
kens with semantic residual-refined continuous embeddings,
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Figure 1: Framework of DyLaR. The SRR module takes the model’s last hidden state and progressively refines the initial soft
projection through multi-level semantic residuals, yielding a SRR embedding with enhanced semantic fidelity for the next input.

preserving semantic fidelity without finetuning. Addition-
ally, DyLaR incorporates an entropy-aware switching policy
that allows LLMs to dynamically alternate between explicit
and latent reasoning modes, supporting both clear and ex-
ploratory reasoning steps on demand, beyond rigid patterns.

Preliminary: Explicit CoT Reasoning
Let V be the vocabulary of size |V |, E ∈ R|V |×d be the vo-
cabulary embedding matrix. For any token index i, we de-
note its embedding by ei = E[i] ∈ Rd. Given input con-
text x = [x1, x2, . . . , xt] at decoding step t and its corre-
sponding token embeddings e = [ex1

, ex2
, . . . , ext

], we de-
note the final-layer hidden states from the LLM output with
H ∈ Rt×d:

H = [h1, h2, . . . , ht] = Transformer(e), (1)

where Transformer denotes the transformer decoder.
With the LM head (Head), the next input token xt+1 can
be sampled discretely from the output probability distribu-
tion over the vocabulary via:

xt+1 ∼ pt+1 = softmax(Wht). (2)

Here, W ∈ R|V |×d is the projection matrix of Head (typi-
cally W = E in tied embedding setups).

DyLaR: Dynamic Latent Reasoning
Semantic Residual Refinement. The discrete sampling of
the next token xt+1 in explicit CoT paradigm commits to
a single determined trajectory in language space, limiting
both expressive boundary and token efficiency. In contrast,
the corresponding hidden states ht reside in a continuous la-
tent space, encoding richer semantic information. However,

it is not directly compatible with the model’s input embed-
ding space, risking semantic drift or mode collapse with-
out finetuning. To bridge this gap, we introduce a training-
free Semantic Residual Refinement (SRR) module, which
first projects ht back into the embedding space as an initial
approximation and then iteratively refines it using seman-
tic residuals derived from ht, preserving semantic fidelity to
latent representations while maintaining compatibility with
input space. Specifically, SRR proceeds in three steps:

Step 1: Initial Projection. We begin by softly projecting
the last hidden state ht onto the embedding space via its
output probability distribution, obtaining a coarse approxi-
mation of its latent semantics:

c0 = E⊤p̂0 ∈ Rd, p̂0 = Softmax(Wht). (3)
Although interpolating token embeddings enables richer se-
mantics beyond discrete token expressivity, it remains con-
fined within the convex hull of vocabulary embeddings,
leaving certain latent semantic regions unreachable and
causing inevitable semantic loss. To address this, SRR sub-
sequently refines the initial soft projection using residual se-
mantics from the hidden state, ensuring semantic fidelity.

Step 2: Residual Refinement. To uncover latent semantics
not captured by the initial soft projection, we first compute
the residual r1 between the original hidden state ht and c0:

r1 = ht − c0. (4)
Semantic residuals rk (k ∈ {1, · · · ,K}) are then iteratively
processed by the LM head to obtain fine-grained soft pro-
jections ck in the embedding space, from which higher-level
residuals rk+1 are derived, enabling recursive refinement:

ck = E⊤p̂k, p̂k = Softmax(Wrk),

rk+1 = rk − ck.
(5)
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We highlight that the soft projection of each residual uncov-
ers previously missing semantics across different granular-
ities, enabling progressive refinements toward a more com-
prehensive latent semantic representation.

Step 3: Semantic Fusion. Finally, the SRR embedding
ĉ is constructed by aggregating multi-level soft projections
c0, · · · , cK along their latent semantic directions:

ĉ = c0 +

K∑
k=1

βkck
1 + exp (−λ · ∥ck∥)

. (6)

Here, ĉ serves as the latent input for the next step. No-
tably, each soft projection ck is weighted proportionally to
its semantic informativeness, approximated by its L2 norm
∥ck∥ (Arora et al. 2017; Ethayarajh 2019). Besides, given
that early projections capture core semantics while later ones
primarily refine details (Zhu and Wu 2021), we impose an
exponentially decaying upper bound βk = 3e−k to each
weight, preventing semantic dilution and drift.

Through iterative semantic residual refinement, the SRR
module progressively integrates previously unexpressed se-
mantic hierarchies, yielding richer representations that can
theoretically extend beyond the convex hull of vocabulary
embeddings. Empirically, just 1-2 refinement iterations suf-
fice to preserve semantic fidelity that enhances latent reason-
ing (see Figure 2 (c)), achieving both effectiveness and effi-
ciency. Importantly, SRR is applied only during the thinking
phase (i.e., t ∈ think), while the final answer is still gen-
erated via standard discrete decoding.
Dynamic Switch Policy. While the SRR module facilitates
effective latent reasoning, it is not always necessary. When
the reasoning step is clear and deterministic—precisely
mappable to a one-hot token—explicit discrete decoding is
preferable, as latent representations may introduce unneces-
sary complexity or noise. Conversely, when reasoning in-
volves abstraction, ambiguity, or multiple plausible paths
that discrete tokens cannot faithfully capture, latent reason-
ing becomes essential. Therefore, we propose a dynamic
switch policy that allows LLMs to adaptively alternate be-
tween latent and discrete reasoning modes as needed.

Inspired by (Gal et al. 2016; Wang et al. 2025), we employ
the entropy of initial output probability p̂0 as a simple yet
effective signal to guide each reasoning step t:

H(p̂0) = −
|V |∑
j=1

p̂0[j] log p̂0[j]. (7)

Low entropy corresponds to a sharp, near one-hot distribu-
tion, indicating that the current hidden state aligns closely
with a specific discrete token, and the reasoning step is ef-
fectively deterministic (Rényi 1961). In contrast, high en-
tropy reflects a uniform distribution, implying that the latent
semantics exceed the expressiveness of a single token, thus
necessitating latent reasoning to support abstraction or di-
vergent thought. Hence, given an entropy threshold τ , when
H(p̂0) < τ , the current reasoning step t performs explicit
reasoning; otherwise H(p̂0) ≥ τ , it switches to latent rea-
soning by taking the SRR embedding as next input.

Overall, this dynamic policy avoids unnecessary com-
plexity in confident reasoning scenarios while facilitating

sufficient latent exploration under uncertainty, striking a bal-
ance of exploitation and exploration. See analyses in Fig-
ure 2 (a-b) and Figure 3 for more explanation.

Theoretical Analysis
Let E = {e1, . . . , e|V |} ⊂ Rd denote the set of vocabu-
lary embeddings. A probability-based soft projection over E
yields representations in its convex hull:

C = Conv(E) =


|V |∑
i=1

αiei | αi ≥ 0,
∑
i

αi = 1

 . (8)

This convexity constraint limits model expressiveness, as se-
mantic points lying outside C in the latent space cannot be
directly represented by a single soft projection.

In DyLaR, the SRR module produces multi-level soft pro-
jections ck ∈ C, and the SRR embedding is formed as their
weighted combination, which can be formulated as:

ĉ =

K∑
k=0

γkck =

|V |∑
i=1

(
K∑

k=0

γkα
(k)
i

)
ei, (9)

where α
(k)
i are the probability-derived weights for the k-th

soft projection, satisfying α
(k)
i ≥ 0 and

∑|V |
i=1 α

(k)
i = 1. We

analyze the expressiveness of ĉ under two cases:
Case 1: γk ≥ 0, but

∑
γk ̸= 1. In this case, ĉ lies in the

conic hull of E :

ĉ ∈ Cone(E) =


|V |∑
i=1

δiei | δi ≥ 0

 (10)

which includes points outside the original convex hull C,
thereby expanding the representational space.
Case 2: γk ≥ 0 and

∑
γk = 1. Optionally, the weights of

ck can be further normalized to sum to 1. In this normalized
case, since each ck ∈ C and convex sets are closed under
convex combinations, it follows that ĉ ∈ C, which remains
within the convex set of vocabulary embeddings. Neverthe-
less, the expressive capacity of ĉ can exceed that of any in-
dividual projection, as it spans a richer subregion of C.

Proposition 1 (SRR Expands Semantic Coverage) .
Let SK =

{∑K
k=0 γkck

∣∣∣ γk ≥ 0, ck ∈ C
}

denote the set
of SRR embeddings. Then:
1. For any K ≥ 1, we have SK ⊇ C;
2. Under mild assumptions on weights γk, we have

lim
K→∞

SK = Cone(E) ⊆ Rd,

representing a broader semantic region of Rd.

Theoretical analysis confirms that the SRR module system-
atically expands the representational space beyond single-
pass discrete or soft projections, providing a principled
mechanism for enhanced semantic expressiveness.
Complexity Analysis. DyLaR introduces only two
lightweight additions to explicit CoT reasoning. Calculating
entropy for dynamic switch policy incurs O(|V |) time per
step. For the latent reasoning steps, constructing the SRR
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Method

CommonsenseQA StrategyQA TriviaQA HotpotQA AVG.

Acc ↑ #L ↓ Acc ↑ #L ↓ Acc ↑ #L ↓ Acc ↑ #L ↓ Acc ↑ #L ↓
Llama3.1-8B Series

Zero-Shot CoT 73.87 504 78.13 450 37.87 458 11.29 512 50.29 481

Fine-Tuning
+ Coconut 72.43 306 77.79 313 37.27 308 10.50 512 49.50 (↓ 0.79) 360 (↓ 25.21%)
+ SoftCoT 73.55 322 79.52 331 40.30 346 14.85 510 52.06 (↑ 1.77) 377 (↓ 21.57%)

Soft Thinking 73.65 475 78.43 409 37.92 418 12.68 512 50.67 (↑ 0.38) 454 (↓ 5.72%)
DyLaR (ours) 74.76 354 80.64 356 44.60 367 16.43 510 54.11 (↑ 3.82) 397 (↓ 17.52%)

Qwen2.5-7B Series

Zero-shot CoT 78.13 306 77.42 357 28.35 498 8.90 512 48.20 418

Fine-Tuning
+ Coconut 77.14 253 75.23 287 27.83 396 8.84 512 47.26 (↓ 0.94) 362 (↓ 13.45%)
+ SoftCoT 79.38 264 77.95 304 30.75 412 13.25 512 50.33 (↑ 2.13) 373 (↓ 10.82%)

Soft Thinking 79.12 299 78.30 342 28.66 460 10.40 512 49.12 (↑ 0.92) 403 (↓ 3.59%)
DyLaR (ours) 79.81 276 78.64 313 36.14 428 18.01 507 53.15 (↑ 4.95) 381 (↓ 8.91%)

Table 2: Main results on Knowledge QA benchmarks. All baselines are built on the instruction model, while Coconut and
SoftCoT include additional fine-tuning. Accuracy on TriviaQA and HotpotQA is assessed using the exact match (EM) score,
based on the top-3 retrieved documents for each query. #L denotes the count of generated tokens during reasoning. Bold
highlights the best overall performance, and underline marks the best among training-free baselines.

embedding requires K LM head forward passes and dense
projections, resulting in a total cost of O(K · |V | · d). This
overhead remains minimal relative to a full model forward
pass, with average inference time increasing by only ∼ 5%
over explicit CoT reasoning, remaining on par with other
latent reasoning baselines (see Appendix D for details).

Experiments
Experimental Settings
Baselines. We select two widely used open-source LLMs:
the Qwen2.5-7B series (Qwen et al. 2025) and the Llama3.1-
8B series (Dubey et al. 2024). To ensure a comprehensive
comparison, four baseline methods are considered: an ex-
plicit CoT reasoning method, zero-shot CoT (Wei et al.
2022); two training-based latent reasoning methods, Co-
conut (Hao et al. 2024) and SoftCoT (Xu et al. 2025), which
finetune either the full model or adapter module to align
spaces; and a training-free latent reasoning method, Soft
Thinking (Zhang et al. 2025), which replaces discrete tokens
with probability-weighted embeddings during inference.
Evaluation Metrics and Benchmarks. We evaluate Dy-
LaR on eight benchmarks covering both knowledge- and
reasoning-intensive tasks: (1) Knowledge QA benchmarks:
CommonsenseQA (Talmor et al. 2019), StrategyQA (Geva
et al. 2021), TriviaQA (Joshi et al. 2017), and Hot-
potQA (Yang et al. 2018), spanning close-domain, open-
domain, and multi-hop settings; (2) STEM reasoning bench-
marks: GSM8K (Cobbe et al. 2021), MATH500 (Hendrycks
et al. 2021b), MMLU-ST (Hendrycks et al. 2021a), and
ARC-C (Clark et al. 2018), covering science, technology,
engineering, or mathematics domains. The evaluation fo-
cuses on both effectiveness and efficiency, using accuracy

(Acc) to measure effectiveness and the length of generated
tokens (#L) in correct solutions to assess efficiency.
Implementation Details. For the SRR module, we set the
number of refinement iterations to K = 2, which is empir-
ically sufficient (see Figure 2 (c)). Following (Zhu and Wu
2021), we use λ = 2 and βk = 3e−k in Eq. 6, as most
semantic information is captured in the first pass, with di-
minishing returns thereafter. For the dynamic switch policy,
the entropy threshold is empirically set to τ = 0.1 (Fig-
ure 2 (d)). Notably, the SRR embeddings are constructed by
reusing the model’s existing embedding matrix. Thus, Dy-
LaR can be plugged into any LLM’s CoT pipeline with min-
imal effort. Additional details are provided in Appendix B.

Main Results
We present the quantitative evaluation results of DyLaR and
other baseline methods on Knowledge and STEM bench-
marks in Table 2 and Table 3, respectively. Experimental re-
sults demonstrate that DyLaR improves both reasoning per-
formance and token efficiency across diverse benchmarks.
Improved Reasoning Accuracy. DyLaR consistently en-
hances reasoning performance across all evaluated bench-
marks and models, demonstrating strong effectiveness and
generalization. On Knowledge QA tasks, it boosts Qwen2.5-
7B’s average accuracy by 4.95% points, with substan-
tial gains of 7.79% and 9.11% points on the challenging
TriviaQA and HotpotQA datasets, respectively. For STEM
benchmarks, DyLaR achieves consistent improvements of
2.08% and 1.73% points in average accuracy on LLaMA3.1-
8B and Qwen2.5-7B, respectively. We attribute the larger
gains on knowledge-intensive datasets to their reliance on
information retrieval, integration and abstraction, which bet-
ter align with DyLaR’s latent reasoning, unlike the step-by-
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Method

GSM8K MATH500 MMLU-ST ARC-C AVG.

Acc ↑ #L ↓ Acc ↑ #L ↓ Acc ↑ #L ↓ Acc ↑ #L ↓ Acc ↑ #L ↓
Llama3.1-8B Series

Zero-Shot CoT 77.48 629 45.60 1024 60.69 818 74.77 498 64.64 742

Fine-Tuning
+ Coconut 76.29 420 44.15 1024 58.41 601 73.76 367 63.15 (↓ 1.48) 603 (↓ 18.76%)
+ SoftCoT 77.63 496 47.00 1024 61.37 643 76.54 406 65.64 (↑ 1.00) 642 (↓ 13.47%)

Soft Thinking 78.47 578 44.80 1024 60.99 770 75.51 487 64.94 (↑ 0.31) 715 (↓ 3.70%)
DyLaR (ours) 79.38 537 48.12 1024 61.97 664 77.39 415 66.72 (↑ 2.08) 660 (↓ 11.08%)

Qwen2.5-7B Series

Zero-shot CoT 88.23 490 68.00 1018 73.15 691 80.83 389 77.55 647

Fine-Tuning
+ Coconut 87.28 364 67.12 1020 71.81 483 79.67 296 76.47 (↓ 1.08) 541 (↓ 16.42%)
+ SoftCoT 89.16 407 69.00 986 73.86 515 81.83 318 78.46 (↑ 0.91) 557 (↓ 13.98%)

Soft Thinking 88.40 479 67.50 832 73.51 664 81.40 386 77.70 (↑ 0.15) 590 (↓ 8.77%)
DyLaR (ours) 89.46 432 70.40 871 74.41 576 82.85 330 79.28 (↑ 1.73) 552 (↓ 14.64%)

Table 3: Main results on STEM reasoning benchmarks. All baselines are based on the instruction model, while Coconut and
SoftCoT include additional fine-tuning. #L denotes the count of generated tokens during reasoning. Bold highlights the best
overall performance, and underline marks the best among training-free baselines.

Methods MATH500 TriviaQA
(Qwen2.5-7b) Acc ↑ #L ↓ Acc ↑ #L ↓
Zero-shot CoT 68.00 1018 28.35 498

DyLaR 70.40 871 36.14 428
- w/o SRR 68.00 1018 28.35 498

w/ hidden state 0.00 1024 0.00 512
w/ interpolation 68.34 1004 29.63 461

- w/o dynamic switch 69.21 1003 32.08 473
w/ fixed latent step 68.80 1015 31.61 454

Table 4: Ablation study of DyLaR.

step logic required in STEM reasoning tasks. Furthermore,
DyLaR outperforms both training-free and finetuning-based
latent reasoning methods. Notably, Coconut even falls short
of explicit CoT due to catastrophic forgetting, which aligns
with findings from prior studies (Xu et al. 2025; Elita A.
et al. 2025). Overall, DyLaR delivers robust accuracy gains
while preserving the generalization capabilities of LLMs.
Token Efficiency. Another key advantage of DyLaR is its
improved token efficiency, reducing generation length by
14.64% on Qwen and 11.08% on LLaMA for STEM rea-
soning benchmarks compared to standard CoT, with sim-
ilar gains on knowledge tasks. This efficiency lowers in-
ference costs and reflects more concise reasoning, crucial
for real-world applications. While finetuning-based meth-
ods like Coconut achieve greater token reduction, they may
sacrifice accuracy and require costly retraining. In contrast,
DyLaR boosts both efficiency and accuracy without addi-
tional training. This dual benefit stems from our SRR em-
beddings, which maintain richer semantics at each step, en-
abling the model to represent abstract thoughts and explore
multiple plausible paths simultaneously, thereby reaching

conclusions with fewer steps. Overall, DyLaR breaks the
trade-off between performance and efficiency in LLM rea-
soning, providing a concise yet powerful framework broadly
applicable across tasks and model architectures.

Analyses of DyLaR
Impact of Semantic Residual Refinement. To assess the
contribution of the SRR module, we compare two alternative
strategies for incorporating latent representations, as shown
in Table 4: (1) hidden state, which directly feed the final
layer’s hidden states as the next input; and (2) interpola-
tion, which computes a probability-weighted sum over to-
ken embeddings. The direct leverage of hidden states fails
completely with zero accuracy due to the mismatch be-
tween the latent and embedding spaces. While interpolation
yields slight gains over the baseline, its effectiveness is lim-
ited, likely due to semantic loss in the approximation. In
contrast, DyLaR with SRR achieves significantly superior
performance, highlighting SRR’s effectiveness in capturing
richer semantics and its importance for latent reasoning.
Impact of Dynamic Switch Policy. We evaluate the effec-
tiveness of the dynamic switch policy by comparing DyLaR
with and without it, as shown in Table 4. In the absence of
the switch, the model resorts to full latent reasoning, lead-
ing to longer outputs and decreased accuracy due to un-
necessary divergent thinking and noise when the reasoning
step is clear. We further examine fixed-step latent reason-
ing, as employed in Coconut and SoftCoT. Its inferiority
indicates that rigid control hinders the exploration poten-
tial of LLMs. Differently, DyLaR’s dynamic switch policy
adaptively avoids unnecessary exploration along determined
paths while supporting sufficient exploration when ambigu-
ity exists. This flexibility significantly reduces generation
length and achieves better performance, striking a favorable
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(a) Ratio of latent reasoning steps            (d)  Sensitivity  to  entropy  threshold  (b) Ratio of latent reasoning steps (c) Sensitivity to SRR rounds K

Figure 2: Analysis of DyLaR. (a-b) Ratio of latent reasoning steps across all inference steps. (c) Effect of SRR refinement
iterations K (with vs. without normalizing γk) (d) Sensitivity to entropy threshold τ for dynamic switching policy).

Question: Which planet weighs more than all the other planets of our solar system combined?

 CoT Thinking (explicit, step-by-step, logic-driven):
To determine which planet weighs more than all the other planets of our solar system combined, I'll first consider the mass of each planet. The four 
terrestrial planets (Mercury, Venus, Earth, and Mars) are significantly smaller in mass compared to the four gas giants (Jupiter, Saturn, Uranus, and 
Neptune). \n\nJupiter has the largest planet in our solar system and is significantly more massive than the other planets. Its mass is approximately 2.5 
times that of all the other planets combined. Therefore, Jupiter is the planet that weighs more than all the other planets of our solar system combined.

 DyLaR Reasoning (abstract, holistic, insight-driven):
"Of vast majority of the system's mass is in the Sun, with most of the remaining mass contained in Jupiter" suggests that Sun and Jupiter make the two 
most massive bodies in the Solar System. Given the question asks for a planet that weighs more than all the other planets combined, we the Sun is not 
a planet, Jupiter must be the answer.

Figure 3: A comparison between explicit CoT thinking and DyLaR reasoning on a knowledge QA problem. We visualize the
token with the highest probability at each step of DyLaR for readability and interpretability.

balance between exploitation and exploration.
Ratio of Latent Reasoning Steps. Figure 2(a-b) shows that
DyLaR engages a higher proportion of latent reasoning in
knowledge QA benchmarks than in STEM tasks. This in-
dicates that knowledge QA often demands deeper abstrac-
tion and insight-driven inference, thereby triggering more
latent reasoning. In contrast, STEM tasks generally follow
more explicit and clearer logical pathways, unless ambigu-
ity or multiple plausible paths arise. For instance, the more
complex ARC-C task exhibits a higher latent reasoning ra-
tio than the simpler GSM8K task. These findings highlight
DyLaR’s flexibility in adaptively switching between latent
and explicit reasoning, enabling strong generalization across
diverse reasoning scenarios and making it particularly effec-
tive at leveraging contextual information.
Sensitivity of Hyper-parameter. We analyze DyLaR’s
sensitivity to key hyperparameters using the Qwen2.5-7b
model, as shown in Figure 2 (c-d). In (c), we vary the number
of refinement iterations K = {0, 1, 2, 3, 4} under both nor-
malized and unnormalized weights γk (Eq. 9). Performance
improves with more refinements, highlighting the benefit of
incorporating semantic residuals. Typically, 1 ∼ 2 iterations
are sufficient. Notably, normalized γk yields slightly lower
but more stable results, likely due to limited expressivity
within the embedding convex hull. In (d), we explore the
entropy threshold τ ranging from 0.01 to 1.0, where a mod-
est value, i.e., 0.1, performs best, providing a more precise
signal for switching between reasoning modes.

Interpretability Analysis. Figure 3 illustrates a compari-
son between explicit CoT reasoning and DyLaR, with the
highest-probability token visualized at each step. It can be
seen that DyLaR exhibits high readability and interpretabil-
ity. While both approaches arrive at the correct answer
”Jupiter”, DyLaR follows a significantly more concise rea-
soning path, characterized by holistic understanding, ab-
stract thinking, and intuitive leaps. This highlights DyLaR’s
ability to reason effectively and efficiently with latent se-
mantics, facilitating insightful thinking without rigid steps.

Conclusion

In this paper, we propose Dynamic Latent Reasoning (Dy-
LaR), a novel framework introducing two key innovations: i)
a Semantic Residual Refinement mechanism that incremen-
tally integrates semantic residuals from prior hidden states,
enabling semantically faithful latent inputs without finetun-
ing, and ii) a dynamic switching policy that allows the model
to adaptively alternates between discrete and latent reason-
ing. Notably, DyLaR achieves effective and flexible latent
reasoning without additional training, making it easily in-
tegrable into any LLM’s CoT pipeline with minimal effort.
Extensive experiments across diverse scenarios demonstrate
DyLaR’s superiority in both effectiveness and efficiency.
Qualitative analyses further underscore its interpretability
and flexibility, offering new insights for latent reasoning.
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