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ABSTRACT

Chain-of-Thought (CoT) improves the reasoning ability of Large Language Models
(LLMs) but incurs substantial computation and context costs. Existing methods
either lose intermediate information through hard pruning or lack a principled
criterion for continuous compression. We present A*-Thought-V2, a geometric
dynamics of LLM guided framework that models CoT as a hidden-state trajectory
and replaces hard deletion with an explicit-implicit interleaved latent architec-
ture. After projecting question, step, and solution representations into a 3D PCA
space, it measures alignment between each local transition and global question-to-
solution direction. Aligned steps remain explicit text, whereas deviating steps are
compressed into continuous latent tokens. Directional angles capture both local
semantics and reasoning dynamics: small angles indicate direct execution and
answer formation, while large angles more frequently involve checking, correction,
and branch exploration; their temporal variation reveals exploration, convergence,
and refinement stages. To train this architecture, we introduce stepwise embedding
forcing, which pools each redundant step into a single latent embedding, and label
forcing, which supervises that latent token with a soft multi-modal vocabulary
distribution instead of a hard one-hot label. Experiments on Qwen3.5-9B and
Qwen3.6-27B across six in-domain and out-of-domain benchmarks show that A*-
Thought-V2 improves average accuracy by up to 2.6% while reducing response
length by up to half, increasing Accuracy per Computation Unit by 2.29x, and
reducing preprocessing and training time by 94.6% and up to 80.3%, respectively.
Representation analyses suggest that latent states form a compact region distinct
from textual states, while higher entropy at latent-token positions reflects broader
soft targets that encourage richer step-level feature learning.
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Figure 1: Comparison of reasoning paradigms. A*-Thought applies hard pruning, retaining selected
steps and discarding others. A*-Thought-V2 encodes redundant steps as latent representations, form-
ing an information-dense explicit—implicit interleaved sequence that preserves reasoning progression.
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Figure 2: Framework of A*-Thought-V2. By heuristically constructing an explicit-implicit inter-
leaved sequence, it compresses discrete redundant thinking tokens into continuous latent tokens
via Embedding Forcing and supervises them via Label Forcing, integrating the latent loss with the
standard cross-entropy loss.

Chain-of-Thought (CoT) enhances LLM reasoning but incurs computational and context costs Muen-
nighoff et al. (2025); Chen et al. (2026); Liu et al. (2026a). Existing compression methods adopt hard
compression, retaining selected steps while discarding others Xu et al. (2025); Jin et al. (2025); Xia
et al. (2025), which may remove useful reasoning information. Latent reasoning instead encodes com-
pressed steps into dense representations Wu et al. (2025); Liu et al. (2026b); Zeng et al. (2026), but
lacks an effective mechanism for selecting explicit steps and preserving the remaining information.

In this paper, we introduce A*-Thought-V2, a dynamics-guided framework for information-preserving
CoT compression with an explicit—implicit interleaved architecture. Unlike A*-Thought Xu et al.
(2025), which directly discards redundant steps, A*-Thought-V2 models reasoning as a trajectory
in the LLM hidden-state space and encodes redundant steps in the latent space. We project the
question, intermediate steps, and solution into a three-dimensional PCA space and measure the
alignment between each local transition and the global question-to-solution direction. Our analysis
identifies six 30° directional-angle intervals with semantic tendencies ranging from direct execution
to correction and branch reconsideration. The temporal angle variation further characterizes three
qualitative reasoning stages: exploration, convergence, and refinement. These geometric dynamics
guide controllable explicit—latent step allocation and compression.

To learn the resulting interleaved sequence, we develop an SFT paradigm with Embedding Forcing
and Label Forcing, as illustrated in Figure 2. Embedding Forcing converts compressed spans into
segment-pooled latent embeddings, while Label Forcing supervises the corresponding latent positions
with soft vocabulary distributions. Joint optimization of the latent and standard text losses encourages
compact latent tokens to preserve the semantics of compressed reasoning.

The main contributions of A*-Thought-V?2 are summarized as follows:

* We provide a geometric dynamics analysis of CoT trajectories that identifies six directional-
angle intervals with distinct semantic tendencies and three reasoning stages, thereby guiding
controllable and efficient data selection and compression.

* We develop an explicit-implicit interleaved latent architecture with step-wise embedding
forcing and label forcing, replacing hard pruning with continuous latent representations
supervised by step-level soft vocabulary distributions.

» Extensive experiments across two model scales and six benchmarks show that A*-Thought-
V2 improves average accuracy by up to 2.6% and ACU by 2.29x over the baseline, while
reducing compression time by 94.6% over A*-Thought. Ablation and representation analy-
ses further validate the proposed latent mechanisms.



2 PRELIMINARIES

For a T-step CoT, most existing compression methods adopt hard compression, preserving steps with
ﬂag(") = 1 while directly discarding those with ﬂag(") = 0. A*-Thought Xu et al. (2025) searches
for this binary flag sequence in a two-dimensional tree structure. In contrast, A*-Thought-V2 encodes
steps with ﬂag(") = 0 into latent representations to retain more reasoning information at higher
density, and models the reasoning process q — t() — ... — t(T) — s as a trajectory in the
PCA-projected hidden-state space, as illustrated in Figure 3(a). After projecting the hidden states
into three-dimensional space using PCA, we denote the representations of the question, the n-th
reasoning step, and the solution as hg, h;), and h,, respectively. We define the global question-
to-solution direction as zg = h, — h, and the local transition directions as z; = h;n) — h, and

Zn = hyny —hym-1) forn = 2,...,T. We then quantify the directional alignment between each
local transition and the global solution direction using their included angle:
T
Z, Z
0, = arccos ("0> . (D
1zl llzol|

We analyze the PCA-projected CoT trajectory from both semantic and temporal perspectives. As
shown in Figure 3(b), small-angle transitions are mainly associated with direct reduction and answer
formation, whereas large-angle transitions more frequently involve checking, correction, reinterpre-
tation, and branch reconsideration. Detailed interval proportions, semantic categories, and lexical
markers are provided in Appendix B.1. Figure 3(c) further reveals three reasoning stages from the
temporal variation of 6,,: exploration with strong oscillations, convergence with decreasing variation,
and refinement before the final answer. The complete reasoning content corresponding to the marked
steps is presented in Appendix B.2.
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Figure 3: PCA-projected CoT trajectory and its directional dynamics. (a) Three-dimensional repre-
sentation trajectory. (b) Semantic tendencies across six angle intervals. (c) Exploration, convergence,
and refinement stages reflected by step-wise angle variations.

3 METHODOLOGY

In this section, we first introduce the latent architecture construction method of A*-Thought-V2,
Secondly, we present the modifications made during inference, with the aim of maintaining strict
consistency between training and inference.

3.1 LATENT ARCHITECTURE

To enable LLMs to compress and learn high-dimensional latent thinking representations, we model
latent tokens by embedding forcing and label forcing.

Embedding Forcing In a standard LLM, a sequence of discrete input tokens x = (x1, X2, .. .,Xy)
is mapped by the embedding layer into continuous dense vector representations. At the token-level,
the embedding of i-th token is:

e; = Wg(x;) € R? 2)



where Wg € RV*? is a learnable embedding matrix, V is the vocabulary and d is the hidden
dimension. Then e = (ey, es,. .., e,) proceeds to the subsequent transformer block, resulting in the
corresponding hidden states h = (hy, hy,... h;,).

In A*-Thought-V2, to achieve both less information loss and higher information compression density,
we map redundant thinking steps {t(”) €t | ﬂag(") = 0} into the latent space via embedding
forcing, transforming the previously hard-pruned steps into continuous latent thought vectors. For a
redundant thinking step t(") consisting of I() discrete tokens, let its corresponding variable-length
standard embedding sequence be €™ = (ey,...,€;w ). To preserve the chronological logic and
alleviate the information bottleneck, we map this step-level embedding sequence into a single latent
token through segmented mean pooling:

1(n)
1
(n) — (n) d
c = 7w Elej € R%, 3)
j=

where c(™ is the step-level latent embedding corresponding to the step t(™). At the span-level, the
step-level latent embeddings corresponding to a redundant span of m consecutive reasoning steps are
concatenated to form a latent span:

c= (c(l);c(2);...;c(m)) € R™*4, )

The resulting latent span is then interleaved into the reasoning path t in place of the original
embeddings of the redundant text tokens:

er = (e1;€2;...;C1;...;€;,€i41;...5C25...;€p), 5)

where ey is text and latent tokens embeddings interleaved thinking path t’. During supervised
training, the complete teacher-forced embedding sequence is formed by concatenating the question,
interleaved reasoning trajectory, and solution representations:

€input = (eq; €/ eS)7 (6)

where eq and es denotes the standard embeddings of the question q and solution s. Through
this streamlined embedding forcing mechanism, A*-Thought-V2 effectively compresses lengthy
redundant text into dense latent spatial representations. This allows the model to retain crucial
heuristic reasoning information as a continuous semantic flow, while significantly reducing the overall
context window occupancy.

Label Forcing Standard LLMs are trained through next-token prediction using deterministic one-
hot targets. Let p; ,, denote the predicted probability of vocabulary item v at token position ¢. For a
sequence of length N, the standard cross-entropy loss is

1 N VvV
Lop == D ) Yinloghiu, (7)

i=1 v=1
where y; , € {0, 1} is the one-hot target distribution.

In A*-Thought-V2, each latent token is expected to simultaneously encode the semantic information
of multiple original tokens, requiring a multi-modal target distribution. Deterministic hard labels
are therefore ill-suited for this objective. To supervise the compressed representations generated
by embedding forcing, we introduce a step-wise label forcing mechanism using continuous soft
probability distributions instead of discrete one-hot vectors.

Corresponding to the step-level compression strategy described in embedding forcing, we map all
target tokens of a redundant step into a single multi-modal distribution. For the redundant step t (™)
consisting of (™ tokens, the target soft label ng}t € RV is constructed by averaging the one-hot

encoded ground truth vectors of all tokens within that entire step:

1(n)
m _ 1 ()
Ysoft = 1(n) Zyj : ®
Jj=1
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This multi-modal probability distribution acts as a segment-wise soft vocabulary target, forcing the

latent token to simultaneously predict the macro-semantics of its corresponding reasoning step. The
(n)

latent» 18 then calculated between the

cross-entropy loss for this specific latent token, denoted as £
latent output distribution and the step-wise soft target:

v
El(:t)ent = Z yzzg"tﬂ; logﬁn,va (9)
v=1
where p,, , is the model’s predicted probability for the v-th vocabulary item at the latent position
corresponding to step t(™).
Finally, the overall training objective integrates the standard hard-label loss for regular text tokens
and the soft-label loss for latent tokens. To ensure the model adequately learns this dense conceptual

compression and strictly adheres to the latent structural boundaries, we apply a structural scaling
weight A to the latent loss. The final mixed loss is formulated as:

1 i k
L= Nyalia ( Z /:(035 +A Z ‘Cl(aIZent> ) (10)

i€ltext k€liatent

where [;.,¢ and [;4.c,¢ denote the global index sets for text and latent tokens in the concatenated
sequence respectively, and Nyqiia = |Lteat| + |Liatent| is the total number of valid tokens. Through
label forcing, we explicitly supervise the internal logic alignment, guiding the model to match its
deep latent representations with the chronological semantic distribution of the heuristically pruned
steps.

3.2 INFERENCE

Each latent position is indexed by a discrete placeholder in the generated sequence but carries a
continuous internal state in the same d-dimensional space as the hidden states h. The placeholder
and the begin and end of latent tags provide serialization and mode control; at latent positions, and
the standard lookup embedding is replaced by the continuous state.

Latent Sampling After the begin of latent tag is generated at position ¢, the complete preceding
context is retained in the autoregressive KV cache C;. At the first latent position, the last-layer hidden
state of the boundary tag is used as the new input vector, while causal attention still accesses all
preceding positions through the cache:

u;j = hl(i;_l, (hEi},CHj) =TWiyj;Citj-1), J=1...,m, (1D

where u, ; is the input vector of the current latent position and C;; ;1 contains the keys and values
of the entire preceding context. During training, u, ; is replaced by the pooled embedding c™ of
the corresponding compressed step, whereas inference uses the preceding last layer hidden state.
Label forcing supervises each training time latent position with its step-wise soft vocabulary target.
After the latent span ends, the model resumes standard text generation.

4 EXPERIMENTS

4.1 SETUP

Backbones and Training Data To evaluate the scalability of the proposed method, we conduct
experiments on two open-source reasoning backbones with different model sizes: Qwen3.5-9B', and
Qwen3.6-27B2. This setup allows us to examine whether the proposed method remains effective
across different capacity regimes. For training-based variants, we use OpenR1-Math-3k> as the
supervised reasoning data.

'Qwen/Qwen3.5-9B
2Qwen/Qwen3.6-27B
3TeichAl/deepseek-v3.2-speciale-openr1-math-3k
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In-domain Out-of-domain

Average

Methods Math3500 AIME2024  AIME2025  AIME2026  ARC-Challenge GPQA-Diamond ACU
Acc. #Tok. Acc. #Tok. Acc. #Tok. Acc. #Tok. Acc. #Tok. Acc. #Tok. Acc. #Tok.
Qwen3.5-9B 866 18453.63 85.0 35022.07 783 40545.69 842 3716395 944 985004 81.8 2910024 85.1 28357.59 030
Qwen3.5-9B w/ OpenR1-Math-3k 919 691805 90.8 21019.25 833 26583.55 87.5 2542337 97.0 49171 83.5 1651011 89.0 16157.67 0.55
+ SwiReasoning 97.8 339295 90.0 25085.87 86.7 29413.63 90.0 27549.57 956 62974 79.8 21099.01 90.0 17861.79 0.50
+CopT 950 382028 933 2342033 867 28707.10 867 30565.07 945  964.13 793 2005405 893 1792333 0.50
+ A% Thought 809 642213 70.0 18132.64 60.8 2515291 733 23899.95 968  468.63 81.3 13030.06 78.7 14517.72 0.54

+ A*-Thought-V2 w/ 7 = 60° 97.0 2918.68 91.7 19167.03 89.2 23509.88 90.0 21098.94 96.5  471.94 81.6 13891.47 91.0 13509.66 0.67

+ A*-Thought-V2 w/ 7 = 90° 96.9 274397 90.8 20266.38 90.0 21765.58 91.7 2002540 97.1  449.51 82.8 15521.67 91.5 13462.08 0.68

Qwen3.6-27B 70.9 13911.97 842 29521.38 71.7 38445.60 77.5 36186.72 96.8 1157.41 85.5 2111427 81.1 23389.56 0.35
Qwen3.6-27B w/ OpenR1-Math-3k  91.9  6926.81 95.8 16650.70 94.2 21203.67 92.5 25769.07 97.4 46643 855 13126.60 929 14023.88 0.66
+ SwiReasoning 97.8 2679.25 90.0 19010.50 93.3 25873.40 96.7 2575547 95.6 53635 823 15469.61 92.6 14887.43 0.62
+ CopT 97.6 2979.45 96.7 19024.27 86.7 26306.73 90.0 26089.37 95.1 943.54 849 15470.21 91.8 15135.60 0.61
+ A*-Thought 88.0 868541 76.7 15864.80 65.8 18373.82 70.8 18907.27 969 47321 840 10149.79 804 12075.72 0.67

+ A*-Thought-V2 w/ 7 = 60° 95.6 258544 959 17659.38 95.0 21320.58 91.7 20987.99 97.0  463.19 85.1 12405.54 93.4 12570.35 0.74
+ A*-Thought-V2 w/ 7 = 90° 96.7 2496.34 96.7 14931.38 93.3 20154.48 93.3 20622.56 97.3  430.91 86.0 12077.05 93.9 11785.45 0.80

Table 1: Main results. The best results are shown in bold, and the second-best results are underlined.

Benchmarks We evaluate models on both in-domain and out-of-domain benchmarks. The in-
domain benchmarks include Math500 (Lightman et al., 2024), AIME 2024, AIME 2025, and AIME
2026 (Art of Problem Solving); the out-of-domain benchmarks include ARC-Challenge (Clark et al.,
2018) and GPQA-Diamond (Rein et al., 2024). Model performance is evaluated using the following
metrics:

* Accuracy: The proportion of model outputs that match the ground-truth answers, measuring
the model’s correctness.

» Length: The average length, i.e., the number of generated tokens, of the model’s response;
longer responses typically incur higher inference costs.

* Accuracy per Computation Unit (ACU) (Ma et al., 2025): ACU = 100 x Accuracy /Length,
with accuracy expressed in percentage points. A larger value indicates a better performance
and efficiency trade-off.

Baselines We compare our method against the following baselines:

* SwiReasoning (Shi et al., 2026a): A training-free method designed to improve the reasoning
behavior of LRMs by interleaving text and latent mode.

* CopT (Shi et al., 2026b): A pipeline that uses continuous-space verifiers to refine draft
answers through on-policy reflection and correction.

* A*-Thought (Xu et al., 2025): A search-guided efficient reasoning method that explores
candidate reasoning trajectories through hard compression.

Training and Evaluation Details We use a unified training and inference protocol for all trainable
variants, with full hyperparameters reported in Appendix D. In brief, models are trained for 3 epochs
on 8 NVIDIA A100 80GB GPUs. For inference, we use temperature 1.0, top-p 0.95, and repeat each
evaluation 4 times. All remaining method-specific hyperparameters are reported in Tables 5 and 6.

4.2 MAIN RESULTS

The detailed experimental results in Table 1 lead to the following key observations:

Up to 2.6 % accuracy gain and 2.29x ACU improvement. A*-Thought-V2 improves average
accuracy by up to 2.6 percentage points over same-data SFT across both model scales. For comparison,
the 90° variant nearly halves response length and raises ACU from 0.35 to 0.80, corresponding to
a 2.29x improvement over the original Qwen3.6-27B backbone. Similar gains are observed on
Qwen3.5-9B.

Up to 16.0% shorter responses than supervised fine-tuning with higher accuracy. Compared
with SFT on OpenR1-Math-3k, A*-Thought-V2 produces more accurate and shorter reasoning traces.



On Qwen3.6-27B, the 90° variant improves average accuracy by 1.0 points while reducing response
length by 16.0%. It also surpasses SwiReasoning, CopT, and A*-Thought in average accuracy and
ACU, showing the advantage of latent compression over training-free enhancement and hard pruning.

Semantically grounded thresholds generalize across domains. The 90° threshold preserves
forward-aligned steps while compressing checking, correction, and exploration into latent tokens;
60° additionally compresses mixed execution and transition. Across the evaluated in-domain and
out-of-domain benchmarks, both improve overall average accuracy and shorten responses relative
to same-data SFT, with 90° offering the best overall trade-off. These results are consistent with the
proposed semantic partition.

5 ANALYSIS

5.1 ABLATION ON STEP SELECTION AND LATENT ARCHITECTURE

Table 2: Ablation study of geometric step selection, Embedding Forcing, and Label Forcing.
AIME 2024 AIME 2025 AIME 2026 ‘ Average

Methods ‘ ‘ ACU

| Ace. (%) # Tokens Acc. (%) # Tokens Acc. (%) # Tokens | Acc. (%) # Tokens |
A*Thought-V2-Qwen3.6-27B w/ 7 = 90° | 967100 1493138150215 933127 20154481 g937s 933107 2062256110166 | 94509 185694711914 | 0.51
w/ Random Angles 042157 1695874115161 908145 22457.13:153080 933117 20837.51 106320 | 92.8517 2008446177555 | 0.46
w/ Reversed Selection 933427 18540.0312055.31 90.8417  22433.764726.93 90.0435 22990.1041568.11 | 914416  21321.304895.15 | 0.43
w/o Embedding Forcing 942133 18045.54 1 493,06  92.5+51 20259.8211385.49 917419 1888845 146675 | 928432  19064.601655.20 | 0.49
wio Label Forcing 767472 1651435100530 684154 18763.831039500 725457 2103220410552 | 725442 18770.13410m01 | 0.39
w/o Embedding Forcing & Label Forcing | 59.247 4 16053.921 41685 550419 22145.0611267.15 70.8450 19437.83 1153573 | 61.7406 19212.27 156.01 0.32

Effect of geometric step selection. We compare geometry-guided selection with random-angle
and reversed-selection variants, where the latter compresses small-angle steps and retains large-angle
steps as text, The compression rates of the three are 48.09%, 48.16%, and 47.15% respectively.
Table 2 shows that geometry-guided selection achieves higher average accuracy and ACU than both
variants while reducing average generation length by 7.54% and 12.91%, respectively. These results
support the chosen direction of explicit—latent allocation over the tested alternatives.

Roles of Embedding Forcing and Label Forcing. Removing EF, LF, or both reduces average
accuracy to 92.8%, 72.5%, and 61.7%, respectively. These results highlight LF’s importance and
EF’s complementary benefits, supporting their combined use for latent training.

5.2 PCA VISUALIZATION OF LATENT TOKENS

Text Token
*  Latent Token

o
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Figure 4: PCA projections of text-token and latent-token hidden states produced by A*-Thought-V2-
Qwen3.5-9B on AIME2024 case 79.

Figure 4 visualizes the hidden states of text and latent tokens. In the 2D projection, latent tokens form
a compact cluster distinct from the broader text-token distribution. The 3D projection shows that they
occupy a coherent intermediate region along the reasoning trajectory. This suggests that latent tokens
encode structured compressed reasoning information. Additional cases appear in Appendix E.



5.3 TOKEN ENTROPY ANALYSIS UNDER LABEL FORCING

Figure 5 shows higher predictive entropy at latent-token than explicit-text positions across both model
scales. Explicit tokens use one-hot targets, whereas latent tokens use soft vocabulary distributions
aggregated from compressed-step tokens. Therefore, the higher predictive entropy primarily indicates
that the model fits these broader soft targets.
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Figure 5: The token entropy along the entire CoT trajectory.

5.4 EFFECT OF MAXIMUM LATENT LENGTH

We investigate the effect of the maximum latent length in Figure 6. Figure 6(a) and (b) show that
a larger cap generally yields higher accuracy with shorter responses, suggesting that latent tokens
compactly encode intermediate steps. Figure 6(c) shows that the latent-length distribution of decoded
outputs closely matches that of the training data, indicating that the model has effectively learned the
latent reasoning format.
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Figure 6: Ablation study of max latent length on AIME2024 and GPQA-Diamond.

5.5 TRAINING DYNAMICS

Figure 7 compares the training losses of OpenR1-Math-3k, A*-Thought, and A*-Thought-V2.
Although A*-Thought-V2 begins with a higher loss due to learning latent reasoning segments, it
converges rapidly and achieves the lowest final loss at both model scales. This suggests that the
proposed solution-oriented latent compression not only preserves the learnability of the reasoning
process, but also provides a more effective training signal after convergence.
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Figure 7: Training-loss curves of different methods at two model scales.



5.6 COMPRESSION AND TRAINING EFFICIENCY

Table 3 shows that A*-Thought-V2 reduces compression time from 5:16:22 to 0:16:57, a 94.6%
reduction over A*-Thought. The 60° variant achieves the strongest compression rate (31.67%) and
reduces training time by 80.3% and 68.7% for Qwen3.5-9B and Qwen3.6-27B, respectively. The 90°
variant retains more reasoning tokens while still providing substantial training acceleration. These
results demonstrate the efficiency and controllability of A*-Thought-V2 across model scales.

Table 3: Compression rates and preprocessing and training times across methods.

Methods Compression Compression Train Time
Rate Time Qwen3.5-9B (Qwen3.6-27B
OpenR 1-Math-3k 100.00% - 12:21:18 21:24:52
+ A*-Thought 75.12% 5:16:22 5:34:40 10:26:22
+ A*-Thought-V2-60° 31.67% 0:16:57 2:25:56 6:42:07
+ A*-Thought-V2-90° 48.09% 0:16:57 3:47:22 10:18:49

6 RELATED WORK

Efficient Reasoning Recent work improves reasoning efficiency by shortening explicit CoT tra-
jectories Jin et al. (2025); Muennighoff et al. (2025); Ma et al. (2025); Hou et al. (2025); Zhang
et al. (2025); Luo et al. (2025); Yong et al. (2025); Zhao et al. (2025); Wu et al. (2026); Yang et al.
(2026). TokenSkip Xia et al. (2025) prunes low-importance tokens, while A*-Thought Xu et al.
(2025) combines bidirectional importance scoring with A* search to identify compact reasoning
paths. However, such hard pruning may discard useful intermediate information. A*-Thought-V?2
instead encodes redundant steps as dense latent representations and interleaves them with retained
text, enabling higher-density and more information-preserving compression.

Latent Reasoning While traditional CoT improves LLM reasoning, generating lengthy discrete
token sequences is computationally expensive. To address this limitation, recent studies have
increasingly explored continuous and implicit reasoning paradigms Hao et al. (2025); Shen et al.
(2025); Wu et al. (2025); Wei et al. (2026); LCM team et al. (2024); Liu et al. (2026b); Du et al. (2026);
Zhu et al. (2025); Qu et al. (2025); Tan et al. (2025). Specifically, SwiReasoning Shi et al. (2026a)
introduces a dynamic switching mechanism between explicit textual reasoning and latent thinking,
achieving a Pareto-superior balance between performance and efficiency. CopT Shi et al. (2026b)
employs continuous-space verifiers to refine draft answers through on-policy reflection and correction.
Following these paradigms, A*-Thought-V2 complements these methods with a trajectory-based
criterion for explicit—latent step allocation and step-wise embedding and label forcing, enabling
dynamic, variable-length, and information-preserving compression.

7 CONCLUSION

We presented A*-Thought-V2, a dynamics-guided framework that replaces hard CoT pruning with
explicit—implicit interleaving. It models reasoning as a PCA-projected hidden-state trajectory, re-
taining solution-aligned steps as text and compressing deviating steps into latent representations.
Directional-angle analysis links six intervals to recurring lexical patterns and characterizes exploration,
convergence, and refinement. Step-wise embedding forcing and label forcing supervise latent learning
with continuous embeddings and soft vocabulary targets. Across six benchmarks, A*-Thought-V?2
improves average accuracy by up to 2.6% over same-data SFT, relative to the original backbones,
the 90° variant nearly halves response length and improves ACU by up to 2.29x. It also reduces
preprocessing time by 94.6% over A*-Thought and training time by up to 80.3% over standard SFT.
Ablations support the complementary roles of both mechanisms. Representation analyses suggest
that latent states form a compact region distinct from textual states, while higher predictive entropy
reflects broader soft targets that encourage richer step-level feature learning. Future work will explore
reasoning under reinforcement learning.
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A  A*-THOUGHT-V2 ALGORITHM DETAIL

Algorithm 1 A*-Thought-V2 algorithm for compressing lengthy CoTs

9:

1
2
3
4:
5
6
7
8

: Inp

f
: pro

10:
11:

12:
13:
14:

15:
16:
17:
18:

ut:

= (f1,..., fn): step-wise compression decisions
cedure A*-THOUGHT-V2
{hqvht(Uv' . '7ht(N)7hS} — H(qvtvs)
(P7 :u’) < PCA3(hQ7 ht(l) PRI ht(N) 5 hs)
for x in {q,t(1)7...,t(N),s} do
h, «+ P(h, — p)
end for
Zo < h, — hq

forn =1to N do

if n = 1 then _
Zp < ht(l) — hq
else . .
Zp ht(n) — ht(nfl)
end if
if ||Zo||2]|zn]||2 < € then
fn+1
else

-
Pn clip(ﬁ7 -1, 1)
Zn|2]|Zol|2
0+ arccos(pn); fn < [[0n < 7]
end if
end for

St/<—<>;b<—0
forn =1to N do

Write t) = (z{™, .., a:l(;L))
if f, = O then
if b = O then
St/ — St/ D TOk(;tBQL); b1
end if

n 1 In
c™ ™ DDyt WE[JSJ(-”), ]

(n)

L i
Ysoft < . ijl Onehot(xg."))

S+ Se @ (c™,y0h)
else
if b = 1 then
Sy — Sy @ TOk(:EEOL); b+ 0
end if
Sy + Sy @ (Tok(z{™), ..., Tok(z"))
end if )
end for
if b = 1 then
St/ — St/ (&) TOk(CL’EOL)
end if
Split Sy+ into E¢s and Yy
return E;/, Y/, f

50: end procedure

q: question; t = (t(l), ce 7‘L(N)): segmented CoT; s: solution
‘H: step-level hidden-state extractor; Wg: embedding matrix; 7 € [0, ]: angle threshold
TBOL, TEOL: latent boundary tags; e > 0: numerical tolerance
: Output:
E./: explicit-implicit embeddings; Y¢/: aligned hard/soft targets

> (1) Hidden-state trajectory construction

> (2) Dynamics-guided compression decisions

> retain when the angle is undefined

> (3) Explicit-implicit sequence construction
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B GEOMETRIC AND DIRECTIONAL DYNAMICS ANALYSIS OF THE LLM
REASONING REPRESENTATION TRAJECTORY

B.1

ANGLE THRESHOLD AND REASONING SEMANTIC ANALYSIS

Table 4: Semantic keyword groups and proportions associated with directional-angle intervals.

Angle Range Share

Interval Semantics

Keywords

[0°,30°)  7.57%

[30°, 60°)  18.46%

[60°, 90°)  24.72%

[90°, 120°)

24.50%

[120°, 150°)  17.80%

[150°, 180°]  6.96%

Direct reduction /
Conclusion

Routine derivation /
Checking

Mixed execution /
Transition

Condition checking /
Revision

Reinterpretation /
Correction

Reconsideration /
Branching

expand, substitute, hence, explain,
simplify, overlooked, remaining,
equivalently,we are asked, hours,
answer boxed frac,is sqgrt,wait
compute, days, total so,initially, sum
sum

thus, case, yields, satisfies, equals,
alternatively, check, boxed frac
sqgrt, answer frac, bp, for product,
compute cos,alpha, invariant, to mod,
sin cos sin,cos sin cos

boxed, compute, solve, then, actually,
evaluate, indeed, window, thus done,
thus solution is,answer is correct,
and boxed, decomposition, thus our,
then that’s,thus answer seems,
answer stands

consistent,verify, holds,wait, wrong,
unless, exclude, implies, given the
problem, no further,i’11 also,
accept, answer yes, they might want,
but 1’11, implicitly, the blank
answer so

present, interpret, mistake, but,
approximately,eliminate, rigorous,
however, the interpretation, the
condition holds, any additional,
let’s read the,at two points, an
alternative,but they said, exactly
what we,can simplify,but perhaps
the

consider, maybe, confirm, ensure,
perhaps, reconsider, tangent to the,
on side,is inside the, the lateral,
is tangent to, touches,wait is
there, sphere, wrote, intersecting

To characterize how lexical patterns vary with trajectory direction, we partition thought steps into
six predefined 30° directional-angle intervals and summarize the recurring lexical markers observed
within each interval (Table 4). Lower-angle intervals contain execution and reduction markers, such
as hence, simplify, thus, and compute, whereas higher-angle intervals contain checking, revision, and
branch-exploration markers, such as wait, however, maybe, and wait is there. Figure 8 provides a
visual reference for the six bins by displaying their within-bin mean angles. Together, the lexical
patterns in Table 4 provide a descriptive view of how reasoning expressions vary across directional-

angle intervals.
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Direct reduction / Conclusion

Routine derivation / Checking

Mixed execution / Transition

19.44°

46.20°

75.31°
Condition checking / Revision . 104.70°
Reinterpretation / Correction ®133.67°

Reconsideration / Branching ©160.32°

0° 30° 60° 90° 120° 150° 180°
Angle

Figure 8: Visual summary of the six predefined 30° directional-angle intervals.

B.2 CASE STUDY OF STEP-WISE DIRECTIONAL DYNAMICS

Figure 9 expands the steps marked in Figure 3(c) into their original reasoning content. These six steps
come from the same trajectory and cover consecutive 30° intervals. Smaller-angle steps primarily
perform direct algebraic reduction, whereas larger-angle steps more frequently involve condition
checking, reinterpretation, and alternative branches. The examples are ordered by angle interval
rather than generation order, while their step indices indicate their original positions in the trajectory.

Step 2 Direct reduction / Conclusion
Given f(x)= x~4 - 8x"3 + 14x"~2 + a x. Write in terms of (x-c): Lety = x-c =>x =y + c.

Then f = (y+c¢)~4 - 8(y+c)”3 + 14(y+c)”~2 + a(y+c). Expand and collect powers of y. Then
the coefficients of odd powers y, y”~3 must vanish for all y to have only even powers...

Step 8 Routine derivation / Checking
Thus: (1) 4c - 8 = 0 => ¢ = 2. (2) Coefficient of y~1: 4c™~3 - 24c™2 + 28c + a = 0.

Step 28 Mixed execution / Transition

But maybe we need to check if a = 0? Then f(x)=x"4-8x"3+14x"2 = x~2(x"2-8x+14). That is
not symmetric about any vertical line. So no.

Step 34 Condition checking / Revision

But wait: There's nuance: A quartic function may have two axes of symmetry if it's a
biquadratic (even function). But only one vertical axis of symmetry is required.

[120°, 150°)| Step 3 Reinterpretation / Correction 6=137.0°
But also note that there could be a linear term in y? Actually only even powers: y~4,

y~2, constant. So coefficients for y”~3, y~1 must be zero. Coefficient for y~3: from

expansion:

[150°, 180°]| Step 17 Reconsideration / Branching 6=161.8°

But wait: the original function had a term +ax. For a=8, it's +8x. That seems plausible.

Figure 9: Original reasoning content of the six steps marked in Figure 3(c), covering consecutive
directional-angle intervals within the same trajectory.
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C ANALYSIS

C.1 EFFECT OF COT-PCA EXTRACTOR SIZE

We investigate how the representation model used to extract CoT hidden states affects CoT-PCA.
Specifically, we compare four Qwen3.5 extractors with 0.8B, 2B, 4B, and 9B parameters. As shown
in Figure 10, different extractor sizes produce slightly different angle distributions and therefore affect
the interpretation of the angle threshold. However, downstream performance shows no clear gap
across model sizes, indicating that CoT-PCA is not highly sensitive to extractor scale. Considering
both effectiveness and computational efficiency, we use Qwen3.5-0.8B as the default extractor.

1400 —— u=89.2,0=39.9
1200
1000
800
600
400

200

Count

Angle

1500

1250 TRA —— u=289.3,0=41.6

50.9%
10.3%

1200 —— u=89.6,0=442

1000 A 50.6%

10.6%
800 f

Count

600

400

200

(d) Qwen3.5-9B

Figure 10: Directional-angle distributions produced by CoT-PCA extractors of different sizes.
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D HYPERPARAMETERS

We report the training and inference configurations in Tables 5 and 6, respectively. All backbone
models use the same optimization settings, while method-specific hyperparameters are configured
separately.

Table 5: Training configuration.

Hyperparameter Value
Foundation

Base model Qwen3.5-9B  Qwen3.6-27B

GPUs 8 x NVIDIA A100 (80GB)

Device batch size 1

Gradient accumulation steps 8

Total batch size 64

Cutoff length 20480

Optimizer AdamW

Learning rate 1.0 x 107°

Warmup ratio 0.1

Epochs 3
A*-Thought

« 0.5

B 0.1

K min 25

kmax 40
A*-Thought-V2 (Ours)

Angle threshold 60° 90° 60° 90°

Latent weight A 0.2 0.3 0.1 0.1

Number of added latent tokens 256

Table 6: Inference configuration.

Hyperparameter Value
Foundation
Temperature 1.0
Top-p 0.95
Max tokens 81920
Repeat 4
A*-Thought-V2 (Ours)
Max latent count 4
Max latent length 32

The latent weight A controls the contribution of the latent-token objective. We tune A through a grid
search with a step size of 0.1 and monitor latent-token generation across benchmarks. A small A may
fail to activate latent generation, whereas a large value may produce excessive latent tokens and lead
to overfitting. We therefore select the smallest value that reliably induces latent-token generation
without excessive outputs.
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E CASE STUDY OF THE A*-THOUGHT-V2 TRAJECTORIES

Question
Find the greatest integer n such that the cubic polynomial

z® — %x2 + (n—11)z — 400

has roots a2, ,82, and '72, where «, (3, and «y are complex numbers, and there are exactly seven different
possible values for a + 8 + 7.

Output

<think>

Let 1, 72, 73 be the roots, so o?

=r, B2 =ra, ’yQ = r3. By Vieta’s formulas,

r1+re+r3= %, riTe + 1173 + 1rors = n — 11, riraors = 400.

Since the product is nonzero, no root vanishes. Fixing square roots a, b, ¢ of 1, 2, r3, every admissible
sumis a + 8 + v = £a £ b £ ¢, giving at most eight values. . ..

The eight sign patterns form four pairs of opposites, so the set of sums is symmetric under negation. If
two non-opposite patterns agreed, their opposites would agree too and at most six values would remain.
Hence exactly seven values occur precisely when some sum vanishes, +a + b &= ¢ = 0, with all three
coefficients nonzero. Squaring this relation gives the symmetric condition

(ri+r2+ 7"3)2 =4 (rire + rirs + rars) .

A relation with a vanishing coefficient does not produce seven values. If a = —b, the sums collapse
to { ¢, —¢, 2a &+ ¢, —2a £ ¢ }, that is, only six values, and a = b leaves even fewer. So the vanishing
combination must involve all three square roots, and after adjusting signs we may assume a = b+c. ...

Substituting the Vieta expressions yields

(%)2 =4n—11) = n® - 144n+1584 =0 => n = w,

son = 132 or n = 12, and the greatest is 132.

Thus the answer should be 132.

(<latent><latent_ l><latent_ 2></latent>)

as we did. So we have exactly seven different possible values for a + 8 + 7. So n = 132 works.
(<latent><latent_3><latent_4><latent_5><latent_6></latent>)

This is exactly the condition.

(<latent><latent_7><latent_8></latent>)

For n = 132 the polynomial factors as x> — 222 4 1212 — 400 = (z — 16)(2? — 6z + 25), with
roots 16 and 3 & 4¢. Choosinga = 4,b = —2 —4,c = —2 4 ¢ gives a + b + ¢ = 0, and the eight
signed sums are 8, 4 £ 24, 0, —4 + 2¢, —8 — exactly seven distinct values.

</think>

Final answer. The seven-sum condition is equivalent to n? — 144n + 1584 = 0, whose solutions
are n = 132 and n = 12, so the greatest such integer is

132 |.

Figure 11: Case study of A*-Thought-V2-Qwen3.5-9B on AIME2026-ID25. Representative
explicit reasoning is retained before ellipses, while all latent markers in the original output are
retained and (highlighted in purple).
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Question

Alice and Bob play the following game. A stack of n tokens lies before them. The players take turns
with Alice going first. On each turn, the player removes either 1 token or 4 tokens from the stack.
Whoever removes the last token wins. Find the number of positive integers n less than or equal to 2024
for which there exists a strategy for Bob that guarantees that Bob will win the game regardless of Alice’s

play.

Output

<think>

This is an impartial game under normal play: from a stack of n tokens a player may move to n — 1 or
n — 4, and the player taking the last token wins. Since Alice moves first, Bob has a winning strategy
exactly when the starting position is losing for the player about to move, i.e. a P-position. So the task is
to count P-positions with n < 2024.

(<latent><latent_ l><latent_ 2><latent_3><latent_4><latent 5></latent>)
The Grundy values satisfy g(0) = 0 and
g(n) =mex{g(n —1), g(n —4) },

where the term g(n — 4) is present only for n. > 4. Computing the first values gives

n |01 2 3 45 6 7 8 9 10 11 12 13 14 15
g(n)‘0101201012010120

The pattern is periodic with period 5: g(n) = 0whenn = 0,2, g(n) = 1 whenn = 1,3,and g(n) = 2
whenn =4 (mod 5). Hence the P-positions appear to be exactly n = 0 or 2 (mod 5). ...
(<latent><latent_6></latent>)

The pattern can be confirmed by induction rather than trusted from a finite table. Classify P = {n =
0,2} and N = {n =1, 3,4} modulo 5. From n = 0 the two moves landonn —1=4andn—4 =1,
both in V; fromn = 2 they landonn — 1 = 1 and n — 4 = 3, again both in N. Conversely, every
N-position has a move into P: from n = 1 or n = 3 remove one token to reachn = 0 or n = 2, and
from n = 4 remove four tokens to reach n = 0. These two properties are exactly the characterisation of
P- and N-positions, so the classification is correct for all n. . ..

Small cases agree with it: n = 1, 3, 4 are wins for Alice (for n = 4 she simply takes all four tokens),
while n = 2 and n = 5 are wins for Bob. For n = 5 every Alice move leaves 4 or 1 tokens, and in both
cases Bob finishes the stack.

(<latent><latent_ 7><latent_ 8><latent_ 9></latent>)
It remains to count the integers 1 < n < 2024 withn = 0 or 2 (mod 5). Since 2024 = 5 - 404 + 4,

the multiples of 5 are 5, 10, . . ., 2020, giving 2020/5 = 404 values, and the residues 2 (mod 5) are
2,7,...,2022, giving (2022 — 2)/5 4+ 1 = 405 values. The two families are disjoint, so the total is

404 + 405 = 809.

</think>

Final answer. Bob wins precisely when n = 0 or 2 (mod 5). Among n < 2024 there are 404
multiples of 5 and 405 integers congruent to 2, so the count is

404 + 405 =809 ]

Figure 12: Case study of A*-Thought-V2-Qwen3.6-27B on AIME2024-ID68. Representative
explicit reasoning is retained before ellipses, while all latent markers in the original output are
retained and (highlighted in purple).
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F ETHICS STATEMENT

This work studies the computational efficiency of language-model reasoning and does not introduce a
new user-facing deployment. The method inherits the factuality, bias, privacy, and misuse risks of its
underlying models and training data.

G REPRODUCIBILITY STATEMENT

The paper specifies the trajectory criterion, compression threshold, embedding and label objectives,
inference mode switch, evaluation metrics, hardware, and method-specific hyperparameters. Tables 5
and 6 report the configurations used in the experiments, while the main results and ablations provide
the corresponding accuracy, length, ACU, preprocessing-time, and training-time measurements.

H THE USE OF LARGE LANGUAGE MODELS

A large language model was used to assist with language polishing. It did not generate or modify the
experimental measurements, literature citations, or figure and table contents.
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