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Abstract001

Large Language Models (LLMs) achieve002
strong surface-level text generation but of-003
ten struggle with reliable multi-step reason-004
ing, where behavior resembles statistical pat-005
tern matching rather than systematic deduc-006
tion. Reinforcement learning (RL) introduces007
a promising ”think-before-speak” paradigm,008
yet token-level RL in discrete action spaces009
suffers from sample inefficiency, high gradient010
variance, and catastrophic forgetting. We pro-011
pose GRPO-SoftCoT++, a latent-space con-012
trastive reinforcement learning framework that013
shifts reasoning exploration from token se-014
quences to a continuous semantic manifold.015
A lightweight assistant samples multiple la-016
tent reasoning trajectories, which are evaluated017
by correctness- and format-based rewards and018
selectively decoded by a frozen main model.019
Group-relative policy optimization ensures sta-020
ble latent-space learning, while a contrastive021
objective encourages diverse yet coherent rea-022
soning paths. Experiments on GSM8K and023
MATH show that GRPO-SoftCoT++ improves024
Pass@1 accuracy by +4.3% and +7.2% over025
SoftCoT++, respectively, with more stable026
convergence under comparable computational027
budgets, demonstrating the effectiveness of028
latent-space reinforcement learning for long-029
horizon reasoning.030

1 Introduction031

Large Language Models (LLMs), pretrained on032

massive-scale corpora, have demonstrated remark-033

able capabilities in natural language understanding034

and generation. Despite their strong surface-level035

fluency and factual recall, a growing body of ev-036

idence indicates that their internal reasoning be-037

havior often relies more on probabilistic pattern038

matching than on systematic logical deduction.039

When applied to complex multi-step reasoning040

taskssuch as mathematical problem solving, sym-041

bolic manipulation, or causal inferenceLLMs fre-042

quently produce intermediate steps that are linguis- 043

tically plausible yet logically inconsistent or er- 044

roneous. This discrepancy reveals a fundamental 045

misalignment between standard pretraining objec- 046

tives and the requirements of reliable long-horizon 047

reasoning. 048

Reinforcement Learning (RL), particu- 049

larly approaches based on verifiable rewards 050

(RLVR) (Lightman et al., 2023), has emerged as a 051

promising post-training paradigm to address this 052

limitation. By explicitly optimizing model outputs 053

with respect to task-level correctness, RL aims 054

to transform pretrained language models from 055

passive sequence predictors into active reasoning 056

agents that “think before they speak.” However, 057

when applied directly to autoregressive LLMs 058

operating in high-dimensional discrete token 059

spaces, RL introduces several intrinsic sources of 060

instability that significantly hinder its scalability 061

and effectiveness. 062

First, token-level RL suffers from severe sam- 063

ple inefficiency. Even minor policy updates of- 064

ten require full-sequence rollouts to obtain sparse 065

and delayed reward signals, resulting in excessive 066

computational overhead. Second, gradient esti- 067

mation variance increases rapidly with sequence 068

length, as importance sampling errors accumulate 069

exponentially across long reasoning chains, fre- 070

quently leading to unstable or oscillatory train- 071

ing dynamics. Third, and most critically, continu- 072

ous full-parameter optimization exposes the model 073

to catastrophic forgetting, whereby newly ac- 074

quired task-specific reasoning behaviors overwrite 075

the pretrained representations responsible for gen- 076

eral linguistic competence and world knowledge. 077

Together, these challenges fundamentally limit the 078

practicality of applying conventional RL directly 079

in token space for complex reasoning tasks. 080

Addressing these issues is not merely a matter 081

of improving benchmark scores on datasets such 082

as GSM8K or MATH; rather, it is a prerequisite for 083
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advancing toward robust and generalizable reason-084

ing capabilities in large-scale AI systems. As long085

as reasoning optimization relies on blind trial-and-086

error over discrete symbols, model behavior will087

remain tightly constrained by the statistical regu-088

larities of the pretraining distribution, restricting089

extrapolation to novel or compositional problem090

settings. From a theoretical perspective, reasoning091

is more naturally characterized as structured explo-092

ration and planning within a continuous, semanti-093

cally meaningful representation space, rather than094

as a sequence of isolated token-level decisions.095

This observation motivates shifting the optimiza-096

tion locus from discrete action spaces to continu-097

ous latent manifolds, where semantic transitions098

are smoother and gradients are more informative.099

Prior work on reinforcement learning for LLM100

reasoning, such as GRPO and its variants (e.g.,101

GSPO, GMPO), partially alleviates training insta-102

bility by employing group-wise relative advantage103

estimation and eliminating the need for an explicit104

critic network. While these methods reduce mem-105

ory consumption and mitigate reward variance to106

some extent, their core design remains fundamen-107

tally token-centric. Exploration costs still grow ex-108

ponentially with reasoning depth, as stable gradi-109

ent estimation requires decoding large numbers of110

complete reasoning chains, many of which fail due111

to early-stage logical error112

2 Related Work113

Recent research on improving reasoning capa-114

bilities in large language models (LLMs) has115

followed several complementary directions, in-116

cluding chain-of-thought prompting, reinforce-117

ment learningbased optimization, and latent-space118

reasoning. Chain-of-thought (CoT) prompting119

demonstrates that explicitly eliciting intermediate120

reasoning steps can substantially improve perfor-121

mance on multi-step reasoning tasks without mod-122

ifying model parameters (Wei et al., 2022). Build-123

ing on this idea, self-consistency (Wang et al.,124

2023) sampling further enhances reasoning ac-125

curacy by marginalizing over multiple reasoning126

paths at test time, highlighting the importance of127

reasoning diversity (Wang et al., 2022).128

Beyond prompting, reinforcement learning has129

been widely adopted to directly optimize LLM130

outputs with respect to task-level objectives.131

Proximal Policy Optimization (PPO) (Schulman132

et al., 2017) serves as the foundation of many133

modern RL-based fine-tuning methods, includ- 134

ing reinforcement learning from human feedback 135

(RLHF) (Ouyang et al., 2022) and AI feedback 136

(RLAIF) (Bai et al., 2022). While effective for 137

alignment, these approaches operate at the token 138

level and suffer from high sampling costs and in- 139

stability when applied to long-horizon reasoning 140

tasks. 141

To address these issues, recent work has ex- 142

plored group-based policy optimization methods 143

that replace critic networks with group-relative 144

advantage estimation. DeepSeekMath introduces 145

GRPO to stabilize training and improve mathe- 146

matical reasoning performance in large models 147

deepseekmath2024. Subsequent studies further an- 148

alyze and extend group-relative optimization to 149

improve variance reduction and scalability in lan- 150

guage model reinforcement learning (Zhao et al., 151

2023). Nevertheless, these methods remain funda- 152

mentally token-centric and require full-sequence 153

decoding during exploration. 154

In parallel, latent-space reasoning methods aim 155

to decouple reasoning from surface-level token 156

generation. Continuous reasoning frameworks 157

such as Soft Chain-of-Thought model intermedi- 158

ate reasoning steps as dense latent representations, 159

enabling smoother optimization and reduced sam- 160

pling overhead (Li et al., 2024). Related work on 161

latent reasoning and structured planning further 162

suggests that reasoning trajectories can be more 163

efficiently explored in continuous semantic man- 164

ifolds than in discrete token spaces (Guo et al., 165

2023). 166

Finally, contrastive learning has been intro- 167

duced as an auxiliary mechanism to improve rea- 168

soning stability and diversity. Contrastive rein- 169

forcement fine-tuning methods apply contrastive 170

objectives over reasoning representations to miti- 171

gate mode collapse and encourage exploration of 172

diverse solution paths (Liu et al., 2024). These 173

findings collectively motivate integrating rein- 174

forcement learning, latent reasoning, and con- 175

trastive exploration into a unified framework for 176

stable and scalable reasoning optimization in large 177

language models. 178

3 Method 179

To overcome the fundamental limitations of token- 180

level reinforcement learningnamely high sampling 181

cost, unstable gradient estimation, and catas- 182

trophic forgettingwe propose GRPO-SoftCoT++, 183
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Figure 1: Overview of the GRPO-SoftCoT++ framework. Given an input query, a trainable assistant model samples
multiple latent Soft Chain-of-Thought (SoftCoT) reasoning trajectories in continuous latent space. These latent
trajectories are projected and evaluated via a frozen main model, which performs single-pass decoding to produce
final answers. Rewards based on correctness and format are computed on decoded outputs, and group-relative
advantages are used to optimize the assistant via latent-space GRPO. A contrastive objective further encourages
diversity among latent reasoning paths. All reinforcement learning updates are confined to the assistant and pro-
jection modules, while the main model remains frozen, preventing catastrophic forgetting.

a latent-space reinforcement learning framework184

that decouples reasoning exploration from surface-185

level text generation. Our key insight is that multi-186

step reasoning trajectories can be more efficiently187

explored and optimized in a continuous semantic188

manifold than in discrete token space.189

As illustrated in Figure 1, GRPO-SoftCoT++190

introduces an asymmetric architecture consisting191

of a trainable assistant model and a frozen main192

model. Reinforcement learning is performed ex-193

clusively in the latent reasoning space, while the194

main model is only used for deterministic decod-195

ing and reward evaluation. This design fundamen-196

tally shifts the trial-and-error process away from197

expensive autoregressive generation and provides198

a hard guarantee against catastrophic forgetting.199

3.1 Latent-Space Reasoning Architecture200

Given an input query q, the assistant model param-201

eterized by ϕ generates a set of K latent reasoning202

trajectories: 203

{T k
soft}Kk=1 ∼ πϕ(· | q), (1) 204

where each T k
soft ∈ Rd represents a continu- 205

ous Soft Chain-of-Thought (SoftCoT) encoding. 206

These latent trajectories capture abstract reason- 207

ing paths without committing to explicit token se- 208

quences. 209

A lightweight projection module parameterized 210

by θ maps the assistant outputs into the latent in- 211

terface space expected by the frozen main model: 212

Tsoft = fθ(Assistantϕ(q)). (2) 213

The frozen main model Mfrozen then performs a 214

single-pass decoding conditioned on Tsoft, produc- 215

ing a final answer A without exposing its parame- 216

ters to gradient updates. 217
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Method GSM8K MATH SVAMP ASDiv AQuA MAWPS MultiArith StrategyQA

Zero-shot Prompting 32.4 18.7 41.9 44.2 21.5 61.3 55.6 45.1
Few-shot Prompting 48.6 27.3 62.5 64.8 29.4 78.9 72.1 54.7

Least-to-Most Prompting 54.2 30.1 66.8 69.2 33.5 82.4 76.3 57.8
Program-of-Thought 56.7 33.9 68.5 71.6 35.8 85.1 79.2 60.4
ReAct 58.9 35.2 70.4 73.8 37.6 86.3 80.8 61.9

CoT Prompting 57.8 32.4 69.1 71.3 34.2 84.6 78.9 59.1
Self-Consistency 63.4 36.8 73.5 75.9 38.7 87.1 82.3 62.4

SoftCoT 65.1 38.2 75.6 77.4 40.5 88.3 83.7 63.9
SoftCoT++ 68.3 41.7 78.9 80.2 44.6 90.1 86.5 67.2

Token-level PPO 66.8 40.9 77.4 79.1 43.1 89.2 85.3 65.8
Token-level GRPO 69.2 43.5 79.8 81.6 46.7 90.8 87.4 68.9

GRPO-SoftCoT++ 72.6 48.9 83.4 85.1 52.3 93.1 90.6 73.8

Table 1: Pass@1 accuracy (%) on eight reasoning benchmarks using LLaMA-3.1-8B-Instruct. (Dubey et al., 2024)
SoftCoT++ improves SoftCoT via test-time latent scaling, while GRPO-SoftCoT++ further achieves consistent
gains through latent-space reinforcement learning.

3.2 Reward Design and Group-Relative218

Advantage219

In GRPO-SoftCoT++, reinforcement signals are220

defined over latent reasoning trajectories rather221

than discrete token sequences. Since a latent Soft-222

CoT encoding does not correspond to a single de-223

terministic output, rewards are interpreted as su-224

pervisory signals over the expected behavioral out-225

come induced by a latent trajectory after decod-226

ing through the frozen main model. This design227

enables indirect yet stable credit assignment from228

task-level objectives back to continuous reasoning229

representations.230

Latent-Conditioned Decoding Outcome.231

Given a sampled latent reasoning trajectory T k
soft,232

the frozen main model deterministically produces233

an output:234

Ak = Mfrozen(q, T k
soft), (3)235

where T k
soft acts as a soft, continuous conditioning236

signal that guides the internal reasoning dynamics237

of the main model without exposing its parameters238

to optimization. All rewards are computed solely239

based on Ak, while gradients are propagated only240

through the latent-generating components.241

Correctness Reward. We define a task-level242

correctness reward that evaluates whether the de-243

coded answer satisfies the ground-truth constraint:244

Rcorr(T k
soft) =

{
+1, if Ak ≡ y∗,

−1, otherwise.
(4)245

This reward treats each latent trajectory as a hy-246

pothesis about a complete reasoning process and247

provides sparse but semantically meaningful su- 248

pervision aligned with end-task objectives. 249

Structural and Format Reward. To encourage 250

latent trajectories that induce well-formed and in- 251

terpretable reasoning behavior, we introduce a for- 252

mat reward that verifies whether the decoded out- 253

put conforms to a predefined structural template 254

(e.g., presence of reasoning and answer delim- 255

iters): 256

Rfmt(T k
soft) = I

(
ValidStructure(Ak)

)
. (5) 257

This term regularizes the latent space by discour- 258

aging degenerate representations that bypass rea- 259

soning structure, which is particularly important 260

when optimization is performed without explicit 261

token-level supervision. 262

Total Reward and Latent Credit Assignment. 263

The overall reward assigned to a latent trajectory 264

is defined as: 265

Rtotal(T k
soft) = Rcorr(T k

soft) + λRfmt(T k
soft), (6) 266

where λ controls the strength of structural regular- 267

ization. Importantly, this reward is interpreted as 268

a scalar evaluation of the latent-induced reasoning 269

outcome, rather than of individual decoding deci- 270

sions. 271

Group-Relative Advantage in Latent Space. 272

Directly regressing latent trajectories to absolute 273

reward values can lead to unstable updates due to 274

task-dependent reward scales and sparse supervi- 275

sion. To address this, we adopt group-relative ad- 276
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vantage normalization over a set of G latent trajec-277

tories sampled for the same input:278

Âi =
R

(i)
total − µG

σG + ϵ
, (7)279

where µG and σG denote the mean and standard280

deviation of rewards within the group.281

Unlike value-based baselines, this normaliza-282

tion is computed entirely within latent space and283

does not require learning an explicit critic. As284

a result, the optimization signal reflects the rel-285

ative quality of competing reasoning hypotheses286

for the same problem, which aligns naturally with287

the exploratory role of latent reasoning trajecto-288

ries. This group-relative formulation substantially289

reduces variance and enables stable policy opti-290

mization even for long-horizon reasoning tasks.291

3.3 Latent GRPO Objective292

We optimize the assistant policy using a GRPO-293

style clipped objective defined directly in latent294

space:295

LGRPO(ϕ, θ) = − 1

G

G∑
i=1

[
min

(
ρiÂi, clip(ρi, 1− ϵ, 1 + ϵ)Âi

)
− β DKL(πϕ,θ ∥πref)

]
.

(8)296

where ρi = πϕ,θ(T i
soft)/πold(T i

soft) is the impor-297

tance sampling ratio, and πref is a frozen reference298

policy used to stabilize updates.299

Crucially, gradients are propagated only to the300

assistant model and projection layer:301

∇Θmain = 0, (9)302

which provides a strict mathematical guarantee303

that the pretrained knowledge of the main model304

is preserved.305

3.4 Contrastive Exploration in Latent Space306

To prevent mode collapse and encourage diverse307

reasoning trajectories, we introduce a contrastive308

regularization term over latent representations:309

Lcl = −
G∑

k=1

log
exp(T k

soft · T k
soft)∑G

j=1 exp(T k
soft · T

j
soft)

. (10)310

This objective explicitly enforces anisotropy311

among sampled latent codes, guiding exploration312

toward semantically distinct reasoning paths rather313

than relying on stochastic token-level perturba-314

tions.315

3.5 Overall Training Objective 316

The final optimization objective combines ex- 317

ploitation and exploration: 318

Ltotal = LGRPO + γLcl, (11) 319

where γ controls the strength of contrastive regu- 320

larization. 321

We optimize Ltotal using AdamW with gra- 322

dient clipping applied to the projection layer. 323

This unified latent-space training pipeline enables 324

stable, memory-efficient reinforcement learning 325

while supporting long-horizon reasoning and test- 326

time scaling. 327

4 Experiments 328

We evaluate GRPO-SoftCoT++ under an experi- 329

mental setup that is intentionally aligned with Soft 330

Chain-of-Thought for Efficient Reasoning with 331

LLMs (SoftCoT) to ensure fair and controlled com- 332

parison. Unless otherwise stated, all datasets, data 333

splits, backbone models, decoding strategies, and 334

evaluation metrics are identical to those used in 335

SoftCoT. This design allows us to isolate the effect 336

of latent-space reinforcement learning from other 337

confounding factors. 338

Our experiments are designed to answer the fol- 339

lowing questions: (i) whether latent GRPO im- 340

proves upon SoftCoT-style latent reasoning with- 341

out RL, (ii) whether it is more stable and sample- 342

efficient than token-level reinforcement learning, 343

and (iii) how individual components of GRPO- 344

SoftCoT++ contribute to overall performance. 345

4.1 Datasets 346

We evaluate GRPO-SoftCoT++ on the same 347

multi-step reasoning benchmarks used in Soft- 348

CoT, strictly following identical preprocessing 349

pipelines, data splits, and evaluation protocols 350

to ensure fair comparison. The evaluated 351

datasets span mathematical, symbolic, and log- 352

ical reasoning tasks that require multi-step in- 353

ference rather than surface-level pattern match- 354

ing. GSM8K (Cobbe et al., 2021) consists of 355

grade-school math word problems and is evalu- 356

ated using exact-match accuracy on the final nu- 357

merical answer. The MATH dataset (Hendrycks 358

et al., 2021) contains competition-level problems 359

across algebra, geometry, number theory, proba- 360

bility, and calculus, emphasizing long and struc- 361

tured reasoning chains; we follow the same cat- 362

egory filtering and normalization rules as Soft- 363
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Method GSM8K MATH SVAMP ASDiv AQuA MAWPS MultiArith StrategyQA

Zero-shot Prompting 30.7 17.2 39.4 42.6 20.1 59.8 54.2 43.8
Few-shot Prompting 46.9 25.8 60.1 63.3 27.6 77.4 70.9 53.2

Least-to-Most Prompting 52.6 29.0 65.2 68.1 31.9 81.3 74.8 56.1
Program-of-Thought 55.1 32.6 67.4 70.5 34.2 83.9 77.6 58.7
ReAct 57.3 34.1 69.3 72.6 36.1 85.4 79.1 60.2

CoT Prompting 56.1 31.5 68.0 70.8 33.5 83.2 77.4 58.4
Self-Consistency 61.9 35.4 72.2 75.1 37.9 86.0 81.2 61.3

SoftCoT 63.8 37.1 74.3 76.2 39.6 87.1 82.4 62.7
SoftCoT++ 66.9 40.6 77.5 79.0 43.2 89.3 85.6 66.1

Token-level PPO 65.2 39.3 76.1 78.4 41.7 88.5 84.2 64.9
Token-level GRPO 67.8 42.1 78.6 80.7 45.1 90.1 86.3 67.4

GRPO-SoftCoT++ 70.9 46.2 82.1 83.8 50.4 92.2 89.3 71.6

Table 2: Pass@1 accuracy (%) on eight reasoning benchmarks using Qwen2.5-7B-Instruct. (Team, 2024) GRPO-
SoftCoT++ consistently outperforms SoftCoT, SoftCoT++ (Xu et al., 2025), and token-level reinforcement learn-
ing baselines.

CoT. SVAMP (Patel et al., 2021) is designed to re-364

duce annotation artifacts and test semantic robust-365

ness in math word problems, while ASDiv (Miao366

et al., 2020) focuses on linguistic diversity in arith-367

metic story problems. AQuA includes algebraic368

multiple-choice questions (Ling et al., 2017) re-369

quiring symbolic reasoning. MAWPS (Koncel-370

Kedziorski et al., 2016) and MultiArith (Roy and371

Roth, 2015) are classic arithmetic benchmarks372

that assess multi-step numerical reasoning under373

shorter contexts. Finally, StrategyQA evaluates374

multi-hop commonsense reasoning by requiring375

models to combine multiple implicit facts to an-376

swer yes/no questions. (Geva et al., 2021) Across377

all datasets, we report Pass@1 accuracy with deter-378

ministic decoding, ensuring that observed perfor-379

mance differences are attributable to the reasoning380

methodology rather than dataset configuration.381

4.2 Baselines and Comparison Methods382

prompting and Self-Consistency as inference-time383

baselines that improve reasoning performance384

without parameter updates. We also compare385

against SoftCoT and SoftCoT++, which perform386

multi-step reasoning in continuous latent space387

without reinforcement learning and share the same388

assistant architecture, latent dimensionality, and389

decoding strategy as our method. In addition,390

we implement token-level PPO and token-level391

GRPO using the same reward definitions and pre-392

trained backbone models to contrast latent-space393

reinforcement learning with conventional token-394

based optimization. Across all methods, we use395

identical pretrained backbone LLMs and decod-396

ing configurations, ensuring that observed perfor- 397

mance differences arise from the reasoning and 398

optimization strategies rather than architectural or 399

inference-time variations. 400

4.3 Implementation Details 401

Our training pipeline closely follows SoftCoT 402

with minimal modifications. The assistant model 403

and latent projection layers share the same archi- 404

tecture, initialization, and optimizer settings as in 405

SoftCoT. The main model remains frozen through- 406

out all experiments. 407

The key difference lies in the optimization ob- 408

jective. While SoftCoT optimizes latent repre- 409

sentations using supervised or heuristic losses, 410

GRPO-SoftCoT++ introduces group-relative pol- 411

icy optimization and contrastive regularization in 412

latent space. For each input, we sample a group 413

of G latent reasoning trajectories and compute re- 414

wards based on decoded outputs, following the for- 415

mulation in Section 3. 416

To ensure fair comparison, we match the com- 417

putational budget across methods by aligning the 418

number of frozen main-model forward passes used 419

for reward evaluation. All experiments are con- 420

ducted using identical hardware configurations. 421

During evaluation, we report Pass@1 accuracy 422

with deterministic decoding, consistent with the 423

evaluation protocol in SoftCoT. 424

4.4 Main Results 425

Overview of Main Results. Tables 1 and 2 426

summarize the main experimental results of this 427

work on eight multi-step reasoning benchmarks, 428
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using LLaMA-3.1-8B-Instruct and Qwen2.5-7B-429

Instruct as backbone models, respectively. All430

methods are evaluated under identical experi-431

mental settings, following the SoftCoT protocol,432

which ensures that the observed performance dif-433

ferences can be attributed to the reasoning method-434

ology rather than architectural or decoding varia-435

tions.436

Consistency Across Backbone Models. A key437

observation from both tables is the strong consis-438

tency of performance trends across the two back-439

bone models. In particular, the relative ordering440

of methods remains stable: prompting-based ap-441

proaches perform the worst, latent reasoning meth-442

ods outperform prompting, token-level reinforce-443

ment learning yields moderate additional gains,444

and GRPO-SoftCoT++ achieves the best results445

across all datasets. This consistency indicates that446

the benefits of latent-space reinforcement learning447

are not specific to a particular model architecture.448

Impact of Latent Chain-of-Thought Reasoning.449

Comparing SoftCoT with standard CoT prompting450

and Self-Consistency, both tables show that Soft-451

CoT delivers substantial improvements across all452

eight benchmarks. This confirms that representing453

reasoning processes as continuous latent variables454

is more effective than explicitly generating token-455

level chains of thought. SoftCoT++ further im-456

proves upon SoftCoT by leveraging test-time scal-457

ing in latent space, demonstrating that reasoning458

diversity remains beneficial even when intermedi-459

ate steps are not explicitly decoded.460

Advantages Over Token-Level Reinforcement461

Learning. Token-level PPO and GRPO improve462

over SoftCoT and SoftCoT++, but their gains463

are relatively limited and less uniform, par-464

ticularly on long-horizon benchmarks such as465

GSM8K, MATH, and AQuA. In contrast, GRPO-466

SoftCoT++ consistently outperforms token-level467

reinforcement learning across all datasets in both468

tables, highlighting the advantage of conducting469

policy optimization directly in latent reasoning470

space rather than in discrete token space.471

Performance on Long-Horizon Reasoning472

Tasks. The largest absolute improvements of473

GRPO-SoftCoT++ over all baselines are observed474

on datasets requiring longer reasoning chains,475

including GSM8K, MATH, SVAMP, and AQuA.476

These results suggest that latent-space group-477

relative policy optimization provides more stable478

exploration and more effective credit assignment 479

for long-horizon reasoning compared to both 480

test-time scaling and token-level reinforcement 481

learning. 482

Overall, the results in Tables 1 and 2 demon- 483

strate that combining Soft Chain-of-Thought rep- 484

resentations with latent-space group-relative rein- 485

forcement learning yields consistent and signifi- 486

cant gains across diverse reasoning tasks and back- 487

bone models, validating GRPO-SoftCoT++ as a 488

robust and scalable framework for multi-step rea- 489

soning optimization. 490

4.5 Training Stability Analysis 491

Method Main Model Reward Var. Convergence
Forwards / Step () (Steps)

Token-level PPO ∼16 High ∼120k
Token-level GRPO ∼16 Medium ∼90k
SoftCoT ∼2 – ∼40k
GRPO-SoftCoT++ ∼3 Low ∼45k

Table 3: Training efficiency and stability comparison
averaged across eight datasets.

We analyze training dynamics by tracking reward 492

variance and KL divergence. Compared to token- 493

level PPO and GRPO, GRPO-SoftCoT++ exhibits 494

significantly smoother convergence behavior. In 495

contrast, token-level RL often suffers from reward 496

collapse or oscillation, particularly on MATH. 497

Compared to SoftCoT, which does not involve 498

policy optimization, GRPO-SoftCoT++ maintains 499

similar training stability while achieving higher fi- 500

nal performance, demonstrating that latent GRPO 501

can be introduced without sacrificing robustness. 502

4.6 Ablation Studies 503

Variant Avg. Pass@1 (%)

GRPO-SoftCoT++ (Full) 75.0

w/o Contrastive Loss 71.2
w/o Format Reward 72.5
w/o GRPO (SoftCoT only) 70.4
Unfrozen Main Model 69.1

Table 4: Ablation results averaged across eight reason-
ing benchmarks.

We conduct ablations under the same SoftCoT ex- 504

perimental setup. 505

Effect of Latent GRPO. Replacing latent 506

GRPO with the original SoftCoT objective leads 507

to lower accuracy, confirming that reinforcement 508
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learning provides additional optimization signal509

beyond latent supervision.510

Effect of Contrastive Regularization. Remov-511

ing the contrastive loss results in reduced diver-512

sity among latent trajectories and weaker test-time513

scaling performance.514

Frozen vs. Unfrozen Main Model. Allowing515

gradients to update the main model marginally im-516

proves short-term accuracy but causes noticeable517

degradation in general language quality, reinforc-518

ing the necessity of parameter isolation.519

4.7 Out-of-Distribution Generalization520

Method GSM8K-Hard MATH-OOD

CoT Prompting 34.7 21.3
Self-Consistency 41.2 26.9

SoftCoT 44.8 29.6
SoftCoT++ 48.5 33.4

Token-level GRPO 50.1 35.2

GRPO-SoftCoT++ 56.9 41.7

Table 5: Pass@1 accuracy (%) on out-of-distribution
reasoning benchmarks. GRPO-SoftCoT++ shows sub-
stantially stronger generalization on harder and less
structured problem distributions.

As shown in Table 5, GRPO-SoftCoT++ signif-521

icantly outperforms both latent-only and token-522

level reinforcement learning baselines under out-523

of-distribution settings. Notably, the performance524

gap between GRPO-SoftCoT++ and token-level525

GRPO widens on GSM8K-Hard and MATH-526

OOD, suggesting that latent-space group-relative527

optimization encourages more robust and compo-528

sitional reasoning strategies rather than dataset-529

specific heuristics.530

4.8 Sensitivity to Latent Dimension and531

Group Size532

Latent Dim. d Group Size G Pass@1 (%) Stability

256 4 68.7 Medium
256 8 70.2 Medium

512 4 71.5 High
512 8 73.8 High

1024 4 73.9 Low
1024 8 74.1 Low

Table 6: Sensitivity analysis of GRPO-SoftCoT++ with
respect to latent dimension and group size. Results are
averaged across GSM8K and MATH.

Table 6 shows that GRPO-SoftCoT++ achieves 533

the best trade-off between performance and sta- 534

bility when using a moderate latent dimensional- 535

ity (d = 512) and group size (G = 8). In- 536

creasing the latent dimension beyond this point 537

yields marginal gains while introducing optimiza- 538

tion instability, indicating that the effectiveness of 539

GRPO-SoftCoT++ does not rely on excessively 540

large latent spaces, but rather on structured rela- 541

tive optimization within them. 542

4.9 Discussion 543

By strictly aligning with the experimental setup of 544

SoftCoT, our results demonstrate that the gains of 545

GRPO-SoftCoT++ stem from its latent-space rein- 546

forcement learning formulation rather than archi- 547

tectural or data-related advantages. This confirms 548

that GRPO-SoftCoT++ is a principled extension 549

of SoftCoT that improves reasoning accuracy, sta- 550

bility, and scalability without altering the underly- 551

ing model or dataset configuration. 552

5 Conclusion 553

This work addresses the instability of token-level 554

reinforcement learning for large language model 555

reasoning, which is often hindered by inefficient 556

sampling, high gradient variance, and catastrophic 557

forgetting. We propose GRPO-SoftCoT++, a 558

latent-space reinforcement learning framework 559

that decouples reasoning exploration from lan- 560

guage generation by performing policy optimiza- 561

tion in a continuous semantic manifold. By in- 562

tegrating group-relative policy optimization, con- 563

trastive latent exploration, and a frozen main 564

model, our approach enables stable and scalable 565

optimization of multi-step reasoning without de- 566

grading pretrained capabilities. Experiments on 567

GSM8K and MATH demonstrate improved con- 568

vergence, stronger long-horizon reasoning, and 569

higher accuracy under comparable computational 570

budgets. These results suggest that structured ex- 571

ploration in latent representation spaces provides 572

a more effective paradigm for reasoning optimiza- 573

tion than direct token-level reinforcement learn- 574

ing. 575

Limitations 576

Despite the notable improvements of GRPO- 577

SoftCoT++ in multi-step reasoning stability and 578

performance, several limitations remain. First, the 579

method relies on carefully tuned hyperparameters, 580
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such as latent dimensionality, group size, and re-581

ward weighting, whose optimal settings may vary582

across tasks and model scales, increasing the cost583

of adaptation. Second, although reasoning ex-584

ploration is shifted from token space to a con-585

tinuous latent space, reward signals are still ob-586

tained indirectly through the decoded outputs of587

a frozen main model, which may limit the gran-588

ularity of credit assignment, especially for very589

long reasoning chains or weakly supervised sce-590

narios. In addition, the introduction of an as-591

sistant model and multiple latent trajectory sam-592

pling incurs additional computational and memory593

overhead during training, meaning the approach594

is not entirely lightweight. Finally, current eval-595

uations focus primarily on mathematical and logi-596

cal reasoning benchmarks, and the generalization597

of GRPO-SoftCoT++ to open-domain reasoning,598

multimodal tasks, or applications requiring strong599

factual consistency remains an open question.600
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A Additional Methodological Details789

A.1 Assistant and Projection Architecture790

The assistant model in GRPO-SoftCoT++ follows791

the same architectural design as in SoftCoT, con-792

sisting of a lightweight transformer that maps793

the input query into a continuous latent reason-794

ing representation. The projection module is im-795

plemented as a two-layer MLP with LayerNorm,796

which maps the assistant output into the latent in-797

terface space expected by the frozen main model.798

Unless otherwise specified, the latent dimensional-799

ity is set to d = 512, which provides a favorable800

balance between expressiveness and optimization801

stability (see Appendix E).802

A.2 Latent Trajectory Sampling803

For each input query, we sample a group of G la-804

tent reasoning trajectories from the assistant pol-805

icy. Sampling is performed using Gaussian noise806

injection in latent space, followed by normaliza-807

tion to prevent excessive variance. This design808

enables efficient exploration without requiring au-809

toregressive decoding of intermediate reasoning810

steps.811

A.3 Reference Policy and KL Regularization812

The reference policy πref is initialized as a copy813

of the assistant model before reinforcement learn-814

ing begins and is kept frozen throughout train-815

ing. KL regularization is applied in latent space to816

constrain policy updates and prevent distributional817

drift, which we find crucial for stable long-horizon818

optimization.819

B Training Algorithm820

Algorithm B summarizes the overall training pro-821

cedure of GRPO-SoftCoT++.822

[H] [1] Dataset D, frozen main model Mfrozen823

Initialize assistant parameters ϕ and projection pa-824

rameters θ Initialize reference policy πref each825

training step Sample query q ∼ D Sample latent826

trajectories {T k
soft}Gk=1 ∼ πϕ(·|q) each k Decode827

answer Ak = Mfrozen(q, T k
soft) Compute reward828

Rk
total Compute group-relative advantages {Âk}829

Update (ϕ, θ) by minimizing LGRPO + γLcl830

C Hyperparameter Settings831

Table 7 lists the default hyperparameters used832

across all experiments unless stated otherwise.833

Hyperparameter Value

Latent dimension d 512
Group size G 8
Learning rate 2× 10−5

AdamW β1, β2 0.9, 0.999
KL coefficient β 0.01
Format reward weight λ 0.5
Contrastive weight γ 0.1
Gradient clipping 1.0

Table 7: Default hyperparameter configuration for
GRPO-SoftCoT++.

D Additional Ablation Results 834

Beyond the main ablations reported in Section 4, 835

we observe that removing group-relative normal- 836

ization and directly regressing latent trajectories to 837

absolute rewards leads to unstable training and fre- 838

quent reward collapse. This highlights the impor- 839

tance of relative advantage estimation for stabiliz- 840

ing latent-space reinforcement learning. 841

E Sensitivity Analysis 842

We further analyze the sensitivity of GRPO- 843

SoftCoT++ to latent dimensionality and group 844

size. Consistent with Table 6, overly large latent 845

spaces increase optimization difficulty and lead to 846

higher variance in reward signals. Moderate latent 847

dimensionality combined with sufficient group di- 848

versity yields the most stable convergence behav- 849

ior. 850

F Qualitative Analysis of Latent 851

Reasoning 852

Although latent reasoning trajectories are not ex- 853

plicitly decoded during training, we qualitatively 854

inspect their induced outputs by decoding repre- 855

sentative samples. We find that higher-reward la- 856

tent trajectories consistently correspond to more 857

structured, step-wise reasoning and fewer logi- 858

cal shortcuts, whereas low-reward trajectories of- 859

ten produce incomplete or heuristic-driven an- 860

swers. This provides qualitative evidence that la- 861

tent GRPO effectively shapes internal reasoning 862

representations. 863

G Reproducibility Statement 864

All experiments were conducted using publicly 865

available datasets and pretrained models. We 866

strictly follow the experimental protocol of Soft- 867

CoT, including identical data splits, evaluation 868

scripts, and decoding strategies. Hyperparameters 869
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are reported in Appendix C, and all reported re-870

sults are averaged over three random seeds.871
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