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Abstract

Latent reasoning offers a more efficient alter-
native to explicit reasoning by compressing
intermediate reasoning into continuous repre-
sentations and substantially shortening reason-
ing chains. However, existing latent reasoning
methods mainly focus on supervised learning,
and reinforcement learning in latent space re-
mains highly unstable. We study this prob-
lem through the lens of Group Relative Policy
Optimization (GRPO), and show that directly
adapting GRPO to latent reasoning is funda-
mentally non-trivial: latent reasoning changes
both the probability density and the sampling
mechanism, causing three coupled bottlenecks:
absence of intrinsic latent manifolds, where un-
constrained exploration pushes rollouts off the
valid latent manifold; exploration-optimization
misalignment, where trajectory-level rewards
can induce incorrect token-level updates; and
latent mixture non-closure, where jointly rein-
forcing multiple correct latent paths can pro-
duce an invalid averaged state. To address them,
we propose Latent-GRPO, which combines
invalid-sample advantage masking, one-sided
noise sampling, and optimal correct-path first-
token selection. Across eight reasoning bench-
marks, Latent-GRPO improves over its latent
initialization by 7.86 Pass@1 points on low-
difficulty tasks and surpasses explicit GRPO by
4.27 points on high-difficulty tasks while using
3—4x shorter reasoning chains. It also achieves
stronger pass @k performance under Gumbel
sampling. These results establish Latent-GRPO
as an effective approach for stable and efficient
latent reasoning.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable efficacy in complex reasoning
tasks through the generation of discrete chains
of thought (CoT) (Wei et al., 2022; Xu et al.,
2026). While test-time scaling studies show that
performance often improves with longer reasoning
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chains (Muennighoff et al., 2025; OpenAl, 2024),
this paradigm incurs substantial computational re-
dundancy and latency (Wei et al., 2025). To reduce
this cost, recent work has explored latent reasoning,
which shifts intermediate reasoning from explicit
language into continuous representations. Early
methods (Hao et al., 2024; Tan et al., 2025), which
directly adopt the hidden state as the latent token,
often shorten reasoning chains at the expense of
performance. Recently, vocabulary-superposition
approaches (Zhang et al., 2025), which adopt a
linear combination of the top-k vocabulary as the
latent token, have emerged as an alternative. In
particular, Latent-SFT (Deng et al., 2025a) demon-
strates that with proper Supervised Fine-Tuning
(SFT), latent reasoning can match or even surpass
explicit supervised fine-tuning while substantially
compressing the reasoning chain.

With the success of SFT approaches, Reinforce-
ment Learning naturally emerges as the next key
step. Previous works (see Section 2 for details)
have established the fundamental tools for RL train-
ing: (1) Sampling Mechanism: Wu et al. (2025)
proposes injecting Gumbel noise to simulate the ex-
plicit sampling process, achieving effective explo-
ration; (2) Probability Density Estimation: Soft-
GRPO (Zheng and Lee, 2025) adopts the Gumbel
re-parameter trick to estimate the probability den-
sity of the latent token, enabling PPO-style training.
However, even with these established techniques,
RL for latent reasoning remains an unsolved prob-
lem. Soft-GRPO struggles to outperform standard
token RL, and scaling the Gumbel temperature to
encourage broader exploration invariably precipi-
tates catastrophic model collapse. Overall, an ef-
fective RL framework to fully unleash the potential
of latent reasoning remains a gap.

We study this problem with GRPO (Shao et al.,
2024), a widely adopted RL approach for LLMs
that underpins much of the recent progress in ex-
plicit reasoning (DeepSeek-Al, 2025). We identify
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Figure 1: Key discrepancies and bottlenecks in adapting GRPO to latent-token reasoning. (a) Explicit and latent
reasoning differ in both probability density and sampling mechanism. (b) Exploration-Optimization Misalignment:
The standard Gumbel density objective yields incorrect directional updates, inadvertently pushing down components
from positive-advantage latent trajectories while pushing up components from negative-advantage ones. (c) Latent
Mixture Non-Closure: jointly reinforcing several correct latent paths can produce an averaged continuous state that

does not correspond to a valid reasoning path.

three bottlenecks: (1) Absence of Intrinsic La-
tent Manifolds: direct application of Latent-RL
fails to spontaneously induce latent reasoning capa-
bilities within explicit models; such foundational
structures must be injected before RL exploration,
typically during SFT. Furthermore, unbounded
continuous exploration can propel the model into
chaotic, out-of-distribution (OOD) regions off the
valid manifold, resulting in non-terminating gen-
eration. (2) Exploration-Optimization Misalign-
ment: under naive Gumbel perturbations, the op-
timization direction can mismatch the trajectory-
level advantage. Consequently, components from
positive-advantage latent trajectories may receive
downward probability updates, while components
from negative-advantage trajectories may receive
upward updates (See Figure 1(b)). (3) Latent Mix-
ture Non-Closure: The set of valid latent reason-
ing states is not closed under jointly fitting multiple
correct paths. In explicit reasoning, even when the
model assigns high probabilities to several correct
first-step continuations, discrete sampling ensures
that reasoning proceeds along a single concrete
path. In latent reasoning, however, the model must
continue from a single continuous latent action
under the same prefix, so jointly reinforced cor-
rect paths can induce an averaged latent state that
need not support any correct continuation (See Fig-
ure 1(c)).

Building on this diagnosis, we propose three
tailored designs. First, we initialize the model
from Latent-SFT and apply Invalid Sample Ad-
vantage Masking to discard overlength trajectories
that likely fall off the valid latent reasoning mani-
fold. Second, we introduce One-sided Noise Sam-

pling, which constrains Gumbel perturbations to be
strictly positive and thus aligns the update direction
with the advantage sign. Third, we propose Opti-
mal Correct Path First Token Selection, which
scores each correct trajectory by its trajectory-level
average surrogate log-probability under the roll-
out objective and updates only the first token of
the selected correct path, while keeping later-token
updates from other paths active. This specifically
targets the shared initial step, where multiple cor-
rect trajectories under the same prefix are most
vulnerable to harmful mode averaging. Together,
these designs yield Latent-GRPO, a stable RL
framework for latent-token reasoning.

Extensive experiments on LLaMA-3.2-1B-
Instruct and Qwen?2.5-Math-7B show that Latent-
GRPO delivers stable gains across low- and high-
difficulty settings. On low-difficulty tasks, it im-
proves over Latent-SFT by 7.86 Pass@1 points
on average while using a 4.44x shorter reason-
ing chain than explicit GRPO. On high-difficulty
tasks, it improves over Latent-SFT by 14.77 points
on average, outperforms explicit GRPO by over
4 Pass@1 points, uses a 3.31x shorter reasoning
chain, and achieves the best Pass@1 on Math500,
AIME24, and AIME25. Under Gumbel sampling,
Latent-GRPO also retains strong pass@¥k capabil-
ity, reaching 50+ pass@64 on the AIME bench-
marks. These results validate Latent-GRPO as an
effective and robust framework for efficient, high-
performance latent reasoning.

Code, data, and checkpoints are avail-
able at https://github.com/DJC-GO-SOLO/
Latent-GRPO.
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2 Preliminaries

We focus this section on the technical background
for Latent-GRPO; additional related work on ex-
plicit and latent reasoning appears in Appendix A.

2.1 Latent Reasoning

Standard LLMs generate explicit Chains of
Thought (CoT) via an autoregressive process,
where each discrete token y; is sampled from the
vocabulary distribution P(y;|x,y<¢). To allevi-
ate the computational redundancy of discrete se-
quences, latent reasoning replaces intermediate
explicit tokens with continuous vector represen-
tations, termed latent tokens.

At generation step ¢, instead of sampling a dis-
crete token, the model computes a probability dis-
tribution over the vocabulary. To maintain compu-
tational tractability and filter long-tail noise, this
distribution is typically truncated to the top- K can-

didates. Let Vt(K) denote the set of the top-K to-

kens at step ¢, and let p; ; denote the normalized

probability of the ¢-th token in Vt(K). The latent
token s; is defined as the expectation of the corre-
sponding top-K embeddings (Zhang et al., 2025;
Zhuang et al., 2025):

K
$t= Y Pri€i, M
i=1

where e;; € R? is the embedding vector of the i-th

token in Vt(K). This construction maps a truncated
vocabulary distribution into a continuous latent ac-
tion in the embedding space.

2.2 Reinforcement Learning via Soft-GRPO

To further optimize reasoning capabilities with-
out extensive supervised data, GRPO (Shao
et al.,, 2024) is widely adopted. For a given
query x, GRPO samples a group of G outputs
{01,02,...,0c}, computes rule-based rewards
{R1, Ra, ..., R}, and calculates normalized ad-
vantage A; = (R; — ug)/og for each output.

Adapting GRPO to the latent-token paradigm
requires redefining the probability density to ac-
count for a mixed generation trajectory: a contin-
uous latent reasoning segment s1.7;, followed by
a discrete explicit answer segment y1.7,,,. Soft-
GRPO (Zheng and Lee, 2025) models these two
phases separately.

For the latent segment (¢t < Tjy), Soft-GRPO
injects Gumbel noise &; (Jang et al., 2017) into the

top-K components to simulate the stochasticity of
explicit sampling and encourage exploration. Let
gai = log pt; + & denote the Gumbel-perturbed
score of the ¢-th component. During rollout, these
perturbed scores are converted into noisy top-K
mixture weights through a temperature-scaled soft-
max:
eXP(g{e,z’/Tg)

K )
Zu:l eXp (gzlf,u/Tg)

K
St = E Ot j€t 4,
i=1

where 74 is the Gumbel temperature. Thus, the
injected noise affects the forward latent token
through the auxiliary perturbed-score representa-
tion. Based on the same perturbations, Soft-GRPO
defines the density of each latent token, which we
refer to as the Gumbel-perturbation density, as:

Qi =

)

(@)

K
log ma(se) = > (— (94 — log pu)
i=1 (3)

— exp(— (g}, — logpi.)))-

For the explicit segment (t > Tiy), the model
reverts to standard autoregressive generation. The
probability of generating the discrete token y; is
given by the standard categorical distribution over
the vocabulary V:

log mo(ys) =log P(y: | ®, s1:ms Y<t)- (4

Consequently, the policy ratio r;(6) utilized in
the proximal policy update is piecewise defined,
seamlessly bridging the continuous and discrete
spaces:

mo(S)t | @, 8j,<t)

) t S ﬂat:
Told ()t | &, j,<t)
Y | x,
rje(0) = 841Ny > Y, <t
) > Tlat-
Yt | x,
Tlold
Sj,1: Ty > Y, <t
(5

Based on the Gumbel-perturbation density for
latent tokens and the standard categorical density
for explicit tokens, Soft-GRPO optimizes a clipped
surrogate objective (Schulman et al., 2017) with a
step-wise Kullback—Leibler (KL) penalty to con-
strain policy drift. Let

Ly =T + 14, ©)
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denote the total length of the j-th trajectory, and let

DU = Dicr,(mo(- | Bje) || mrer (- | Bi)), (D

denote the KL divergence at step ¢ under the condi-
tioning context A, ;. The Soft-GRPO objective is
then given by

G Lj

é Z Li Z (min (7[7',t(9)-4jv

j=1 "7 t=1

J(0) = Epop(x)

(8)
clip(r;¢(60), 1 — €ctip, 1+ Echp)Aj> - BDE{)> ,

where €5, denotes the PPO clipping parameter.

This objective has a gradient-level source of
Exploration-Optimization Misalignment. For the
standard two-sided Gumbel density, the local up-
date direction of a latent component is proportional
to A; (1 — exp(—A;)), where A; = gl — log pi ()
is the perturbation margin. Thus, even when
flj > 0, a negative margin A; < 0 pushes the
corresponding component probability downward.
Conversely, for a negative-advantage trajectory, a
negative margin may push the component proba-
bility upward. A detailed derivation is provided in
Appendix D.

While Soft-GRPO provides a mathematical
bridge from GRPO to mixed latent-discrete tra-
jectories, its unconstrained Gumbel-based explo-
ration introduces substantial stability challenges in
latent reasoning, which motivate the design of our
method.

3 Methodology: Latent-GRPO

To systematically overcome the fundamental bot-
tlenecks of continuous latent reasoning—namely
the absence of intrinsic manifolds, exploration-
optimization misalignment, and latent mixture
non-closure—we propose Latent-GRPO. Build-
ing upon the mathematical foundation of Soft-
GRPO, our framework introduces three carefully
designed strategies: (1) Invalid Sample Advantage
Masking to establish exploration guardrails, (2)
One-sided Noise Sampling to correct optimization
directions, and (3) Optimal Correct Path First To-
ken Selection to avoid harmful mode averaging.
The overall training procedure is summarized in
Algorithm 1.

3.1 Invalid Sample Advantage Masking for
Bounded Exploration

As observed in Soft-GRPO, latent RL alone cannot
reliably induce latent reasoning capabilities in an

explicit model from scratch. Latent-GRPO there-
fore starts from a Latent-SFT-initialized policy to
provide a valid latent reasoning manifold before
RL exploration. However, even with such initial-
ization, unconstrained Gumbel exploration can still
push rollout trajectories off this manifold, often
causing chaotic, non-terminating generation. If
these invalid trajectories are included in standard
GRPO advantage normalization, they contaminate
the group statistics and corrupt the normalized ad-
vantages of valid samples. To prevent this, we
introduce Invalid Sample Advantage Masking
before group-wise normalization.

For a group of GG sampled trajectories, let L;
denote the total length of the j-th trajectory, and let
Lp,ax be the predefined maximum response length.
Since rollouts are truncated at Ly, we treat a tra-
jectory as valid only if it terminates before reaching
this limit, i.e., it emits an EOS/stop token within
the allowed budget. We define the subset of valid
trajectories as

gvalid = {.7 | Lj < Lmax } (9)

The group baseline is computed only over this valid
subset:

1
R = R j )
a |Galid| Z !

J€Gvalia

1
OR = > (Rj — ur)*.
’gvalid‘ €Gvatia

The valid-sample normalized advantage is then de-
fined as

(10)

Rj—pir
A}/alid _ OR
0, if j & Gualia-

) 1f€gva
J alid (11)

For numerical stability, if |Gyaiiq| = 0 or og = 0,
we set fl}’ahd = 0 for all j. By excluding trajec-
tories that fail to terminate before the maximum
response length from the group statistics and explic-
itly assigning them zero advantage, Invalid Sample
Advantage Masking prevents off-manifold rollouts
from interfering with the optimization of valid tra-
jectories, thereby keeping exploration within the
effective latent reasoning region.

3.2 One-sided Noise Sampling for Aligned
Optimization

The standard Gumbel-perturbation density in Soft-
GRPO injects unconstrained noise &;, yielding the
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perturbed target g, = logp; + &. Since §; can
be negative, g; may fall below the original predic-
tion log p;. This creates Exploration-Optimization
Misalignment described in Section 1: for positive-
advantage trajectories, the probability mass of the
sampled latent components may be reduced when it
should be increased, while for negative-advantage
trajectories, it may be increased when it should be
reduced.

To correct this optimization-direction mismatch,
we propose One-sided Noise Sampling, which
constructs a strictly positive perturbation margin
for each latent component. Specifically, we first
sample i.i.d. standard Gumbel noise and then apply
a per-dimension clipped-and-shifted transforma-

tion:
§Z+ = clip(§;, —a,b) + a + 0,

& "% Gumbel(0, 1),

where @ > 0 and b > 0 are the lower and upper
clipping magnitudes, respectively, and § > O is a
small positive offset. In our implementation, we
use ¢ = 1.5 and b = 3.0, corresponding to the com-
mon Gumbel clipping range [—1.5,3.0]. We use
this transformation as a target-margin construction
rather than requiring the transformed perturbation
to remain Gumbel-distributed. Since the transfor-
mation is applied independently to each dimension,
it avoids coupling the top-K components while
guaranteeing & € [6,a + b + §] for all i. More-
over, the uniform shift a + ¢ does not change the
normalized top-K weights because softmax is in-
variant to adding the same constant to all perturbed
scores; it only moves the perturbation margins into
the positive range. The resulting one-sided target
is then written as

(12)

g; =logpi(boa) + &, (13)

which satisfies g7 > logp;(f.q) at the begin-
ning of optimization. The rollout latent token is
then constructed by the same temperature-scaled
softmax in Eq. (2), with g} replacing g;. How-
ever, PPO-style training performs multiple update
epochs on the same rollout data, so the updated pre-
diction log p;(#) may eventually exceed this fixed
target. Once the target is crossed, the original one-
sided assumption is violated because the effective
perturbation margin becomes negative:

Ai(0) = g; — logpi(0).

When A;(6) < 0, optimization is no longer guided
by a positive perturbation margin. To preserve the

(14)

intended one-sided behavior throughout repeated
PPO updates, we apply a conditional Straight-
Through Estimator (STE) (Bengio et al., 2013) to
obtain a corrected one-sided margin A;(6); the
formal definition is provided in Appendix C. Con-
cretely, the STE keeps the same forward value but
negates the backward gradient, effectively treating
the crossed target as a reflected positive-margin
case. Using this one-sided margin, we define the
one-sided Gumbel-margin surrogate log-likelihood
as

log 7 (s1) = i(—&(e) - exp(_&(e))). (15)

=1

Because the conditional STE modifies the back-
ward pass, W; should be interpreted as a surrogate
latent likelihood used for policy optimization rather
than a mathematically exact probability density.
Once the fixed one-sided target is exceeded, the
gradient is flipped so that optimization continues to
follow the intended one-sided direction throughout
repeated policy updates.

3.3 Optimal Correct Path First Token
Selection for Avoiding Path Harmful
Averaging

Continuous latent reasoning faces a deterministic
continuous-action bottleneck. Although Latent-
GRPO optimizes a PPO-style objective, the latent
token fed into the next step is a single continuous
state rather than a sampled discrete branch. This
creates a unique geometric pitfall termed Latent
Mixture Non-Closure. In standard GRPO, multiple
correct trajectories in the same group can simulta-
neously receive positive training signals. This is
usually harmless for explicit reasoning because cat-
egorical sampling ultimately commits generation
to one concrete token and hence one concrete path.
In latent reasoning, however, jointly reinforcing
several correct latent paths under the same prefix
can instead induce mode averaging: the fitted latent
token may move toward a barycentric state between
several correct paths, and this averaged state need
not correspond to any valid continuation. This
is analogous to the multi-modal action-averaging
problem in deterministic continuous control, where
fitting several valid actions with one continuous
action can yield an invalid action between modes.

This problem is most severe at the first reasoning
step (¢ = 1). Since the prompt context x is identi-
cal across all trajectories, positive training signals
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from multiple correct trajectories are applied to the
same prefix-to-action mapping. Therefore, jointly
fitting multiple correct first-step paths can push the
first latent token toward a harmful averaged state
under the same prefix. For later steps (¢ > 1), the
generated prefixes have already diverged, which
substantially alleviates this mode-averaging effect.

To address this issue, we propose Optimal Cor-
rect Path First Token Selection. Let Goprect €
G denote the subset of trajectories in the group
whose final answers are verified as correct by the
task-specific reward function or verifier. When
|Georrect| > 1, we compute a trajectory-level score
for each correct path using its average per-token
surrogate log-probability under the rollout objec-
tive:

Tl(jt)

_ 1 z
;= T [Zlogﬂ';;ld(z?j,t |, 85,<t)

I Le=1

L | (16)
yj,t Z,
+ Z log 79,14 L .
X S l'T('7)7y‘7’<t
t:T‘l(aJt)Jrl It at
We then select the optimal trajectory as
j* =arg max /. 17

j egCOl‘I’CC[

This criterion selects the correct path with the high-
est average surrogate log-probability under the roll-
out objective, providing a conservative tie-breaking
rule among multiple verified correct trajectories
without inducing harmful mode averaging at the
shared initial step. Importantly, this path selec-
tion is used only to decide which first latent to-
ken remains active at ¢ = 1; later-token updates
from the other paths are preserved once their pre-
fixes diverge. We then define a time-dependent and
trajectory-dependent mask

0, ifj € Georrect \ {]*}
andt =1,
1, otherwise,

M;,; = (18)

and use it to construct the masked advantage

Ajﬂf — ijtA}/alid. (19)

As aresult, only the first latent token of the selected
optimal correct path contributes to the update at
t = 1, while all competing correct paths remain
active at subsequent steps. Thus, the method does
not collapse optimization to a single full trajectory;
it only avoids harmful mode averaging at the shared
initial state without suppressing later-stage latent
exploration.

3.4 Final Latent-GRPO Objective

Combining the three strategies above, the final
Latent-GRPO objective is defined as

1 G 1 L;
J(0) = Egnpx) {5 > . (

min (17,(8) Ay, clip(r5,(68), 1 — eaip, 1+ eaip) Ajt ) — w;gg)) :
(20)
Here, e.ip denotes the PPO clipping parameter,
Aj7t combines Invalid Sample Advantage Masking
and Optimal Correct Path First Token Selection,
and the modified PPO-style surrogate ratio is de-
fined as

+(c. . .
Ty (Sje | @, 85,<t) ¢ < W
T ' BER = ats

ﬂ-eold (Sjut ’ CC, 8]7<t)
yj,t ’ Z,
r54(0) 8. Yj,<t 4
J,4: lat t > T(])
’ lat *
( Yit |
7Teold
S. 1 ]
],1:7’1(3]2 Vi<t 21

4 Experiments

4.1 Experimental Setup

We follow the experimental setting of Latent-SFT
and divide our experiments into low- and high-
difficulty regimes. Because the full training cor-
pora of existing reasoning models are unavailable,
we start from base instruct models and train both
the explicit SFT initialization and the Latent-SFT
initialization on matched data before comparing
their RL performance. For low-difficulty tasks,
we evaluate on GSM8K-Aug (Deng et al., 2024),
GSM-Hard (Gao et al., 2023), SVAMP (Patel
et al., 2021), and MultiArith (Roy and Roth, 2015),
using LLaMA-3.2-1B-Instruct (Team, 2024) as the
base model. For high-difficulty tasks, we evaluate
on Math500 (Hendrycks et al., 2021), AIME24,
AIME25 (MAA, 2024), and GPQA (Rein et al.,
2023), using Qwen2.5-MATH-7B (Yang et al.,
2024) as the base model. Additional implementa-
tion details are provided in Appendix E.

4.2 Main Results

Overall Comparison. We organize the main
results around two complementary comparisons.
First, we compare explicit reasoning and latent rea-
soning under matched base models and data, in
order to evaluate whether latent reasoning can pre-
serve task performance while reducing reasoning
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GSM8K-Aug GSM-Hard SVAMP

MultiArith Average

Method Pass@1 1 #L | Pass@11 #L| Pass@l1 #L| Pass@l1 #L| Pass@l11 #L| APass@1T GRPOMHL T
Explicit Reasoning
SFT 49.51 77.46 11.67 85.78 5738 4410 9223 4549 5270  63.20 - -
GRPO 62.26 111.1 14.70 130.8  60.78 69.40 94.16 6550 5798  94.20 +5.28 1.00%
Latent Reasoning (No Sampling)

Latent-SFT 47.55 22.00 10.25 2550  53.22 15.30  90.80 16.30 5046 19.78 - -
Soft-GRPO 48.34  21.60 10.30 2560  53.19 1530  91.07 1640  50.73 19.73 +0.27 4.77x
Latent-GRPO  66.29  23.80 15.83 28.00 56.50 15.80  94.65 1720 5832  21.20 +7.86 4.44x

Table 1: Main results on the low-difficulty benchmark suite using LLaMA-3.2-1B-Instruct. We report Pass@1
and reasoning length (#L) for each dataset, together with averaged performance across benchmarks. Explicit
reasoning uses the standard discrete-token CoT pattern, while latent reasoning uses the No Sampling mode. A
denotes the average Pass@1 gain over the corresponding SFT baseline, i.e., GRPO over SFT for explicit reasoning
and Soft-GRPO or Latent-GRPO over Latent-SFT for latent reasoning. GRPO/#L denotes the average-length
compression ratio relative to explicit GRPO, computed as the average reasoning length of explicit GRPO divided by

that of the current RL method; larger values indicate shorter reasoning.

is not applicable.

@ 9

indicates that the corresponding quantity

Math500 AIME24 AIME25 GPQA Average
Method Pass@1 1 #L | Pass@11 #L| Pass@l1t #L| Pass@11 #L| Pass@11t #L| APass@l11 GRPOML T
Explicit Reasoning
SFT 67.40 2662 13.39 6423 6.77 6550  32.07 3555 29091 4798 - -
GRPO 75.15 2982 16.61 7500 19.79 6815 3825 4568 3745 5466 +7.54 1.00x
Latent Reasoning (No Sampling)

Latent-SFT 64.85 1070 6.67 1651 6.61 1299  29.67 1214 26.95 1309 - -
Soft-GRPO 60.60 1133 6.20 1894 3.59 1511 27.12 1426 24.38 1491 -2.57 3.67x
Latent-GRPO  80.40 929 26.56 2548  23.23 1735  36.68 1384  41.72 1649 +14.77 3.31x

Table 2: Main results on the high-difficulty benchmark suite using Qwen2.5-Math-7B.

length. Second, within the latent-reasoning set-
ting, we further compare Latent-GRPO against
Soft-GRPO to demonstrate the effectiveness of
Latent-GRPO for latent reasoning; directly apply-
ing standard GRPO to train the Latent-SFT model
consistently leads to training collapse, so we do not
report its performance in the main tables. Across
both settings, we report Pass@ 1 together with rea-
soning length (#L).

Low-difficulty Performance. Table 1 reports the
low-difficulty results for LLaMA-3.2-1B-Instruct.
On the in-domain GSM8K-Aug benchmark, Latent-
GRPO delivers a substantial improvement over the
latent initialization, raising Pass@1 from 47.55
to 66.29, while the response length changes only
slightly from 22.00 to 23.80. It also clearly out-
performs Soft-GRPO (48.34) and even surpasses
GRPO (62.26), while remaining much shorter than
GRPO in response length (23.80 vs. 111.1). On
the OOD benchmarks, the same trend largely per-
sists: Latent-GRPO consistently improves over the
latent baselines and achieves the best performance
on GSM-Hard and MultiArith, suggesting that its
gains are not tied to a single training distribution.

Moreover, it maintains short responses on these
OOD datasets, e.g., 28.00 vs. 130.8 on GSM-Hard
and 17.20 vs. 65.50 on MultiArith when compared
with GRPO. Although Latent-GRPO is slightly
below GRPO on SVAMP (56.50 vs. 60.78), we
attribute this gap to the mismatch between the ex-
plicit and latent starting points on that dataset, since
the SFT and Latent-SFT models are not equally
strong there. Consistent with this interpretation, the
average improvement of Latent-GRPO over Latent-
SFT is 7.86 points, exceeding the 5.28-point gain
of GRPO over SFT. At the same time, it remains
4.44 < shorter than GRPO on average. Figure 3
further shows that Latent-GRPO maintains stable
training dynamics for 10K steps.

High-difficulty Performance. Table 2 reports
the results on the high-difficulty benchmark suite,
where we evaluate the same comparison proto-
col on Qwen2.5-Math-7B across more challenging
mathematical and scientific reasoning tasks. Com-
pared with the low-difficulty setting, where Latent-
GRPO improves over Latent-SFT by 7.86 points on
average, the gain here rises to 14.77 points, nearly
doubling the relative improvement. This advantage
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Figure 2: Pass@Fk performance of different models on the high-difficulty benchmarks.

is also substantially larger than the 7.54-point gain
achieved by explicit GRPO over SFT. Moreover,
Latent-GRPO surpasses explicit GRPO by 4.27
points in average Pass@1, while still remaining
3.31x shorter in reasoning length on average. Con-
sistent with this overall trend, it achieves the best
Pass@1 on all three mathematical reasoning bench-
marks: Math500, AIME24, and AIME25. Fig-
ure 4 further shows that Latent-GRPO maintains
strong performance over most of the high-difficulty
training window. The final checkpoint exhibits a
late-stage drop, which we attribute to a manifold-
boundary effect in latent RL: after many updates,
stochastic latent rollouts may reach under-trained
regions outside the Latent-SFT-induced reasoning
manifold, leading to malformed or non-terminating
generations that hit the maximum response length
(see Appendix B).

4.3 Pass@k Performance of Latent-GRPO

Latent reasoning in the No Sampling mode is de-
terministic and therefore unsuitable for pass@#k
evaluation. To assess sampling capability, we fol-
low prior work (Wu et al., 2025) and inject Gumbel
noise into latent-token construction during infer-
ence, enabling diverse latent reasoning trajectories
from the same prompt.

Figure 2 shows that Latent-GRPO retains strong
pass@Fk capability under Gumbel sampling and
consistently outperforms explicit GRPO on the
mathematical benchmarks, with especially large
gains on AIME24 and AIME2S5 at larger k. The re-
sults also reveal a trade-off: noisy latent decoding
can reduce pass@1 on the hardest benchmarks, but
it substantially improves pass@k by increasing the
diversity of sampled latent reasoning paths.

4.4 Ablation Study

Figures 3 and 4 provide the ablation results for
the two key designs introduced in Section 3.2 and
Section 3.3, namely One-sided Noise Sampling
and First Token Selection. The most important

Pass@1 1 #L |
Dataset Full w/oMask Full w/oMask
Math500 80.40  78.10 929 1030
AIME24 26.56 23.28 2548 2822
AIME25 23.23 19.84 1735 2454
GPQA  36.68 36.17 1384 1408
Average 41.72  39.35 1649 1928

Table 3: Ablation of Invalid Sample Advantage Mask-
ing on the high-difficulty suite with Qwen2.5-Math-7B.
“w/o Mask” retains overlength trajectories in both the
group statistics and the policy update. Removing the
mask costs 2.37 average Pass@]1 points and lengthens
reasoning by 16.9%.

factor is One-sided Noise Sampling. On both the
low-difficulty GSM8K-Aug setting and the high-
difficulty Math500 setting, removing this design
causes the validation performance to drop sharply
and eventually collapse, while the response length
becomes much less controlled. This aligns with
Section 3.2: without one-sided constraints, update
directions can misalign with trajectory advantages.

By contrast, removing First Token Selection
leads to a milder but still clear degradation. On the
low-difficulty setting, the model can still achieve a
noticeable performance increase in the early stage,
showing that latent RL remains learnable without
this design, but the improvement is consistently
smaller than that of full Latent-GRPO and the train-
ing remains less stable. On the high-difficulty set-
ting, the gap becomes much more pronounced, with
severe instability appearing much earlier. This is
consistent with Section 3.3, where jointly fitting
multiple correct paths induces mode averaging at
the shared first latent token.

We further ablate the remaining design, In-
valid Sample Advantage Masking, on the high-
difficulty suite by letting overlength trajectories
enter both the group statistics and the policy up-
date. Table 3 shows that this design improves ac-
curacy and length control at the same time: re-
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Figure 3: RL training dynamics on the low-difficulty setting for LLaMA-3.2-1B-Instruct. The figure shows
validation-set performance together with the evolution of response length during training on GSM8K-Aug. Ablated

variants are plotted alongside full Latent-GRPO.
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Figure 4: RL training dynamics on the high-difficulty setting for Qwen2.5-Math-7B. The figure shows validation-set
performance on Math500 together with the evolution of response length during training on DAPO-Math-En. Ablated

variants are plotted alongside full Latent-GRPO.

moving it lowers average Pass@1 from 41.72 to
39.35 (—2.37) while inflating the average reason-
ing length from 1649 to 1928 tokens (+16.9%).
The degradation concentrates on the hardest bench-
marks, with AIME25 losing 3.39 points and grow-
ing 41.4% longer. This matches the motivation in
Section 3.1: off-manifold rollouts fail to emit a
stop token and are truncated at Ly,,y, SO response
length directly identifies them, and masking them
keeps 1 and or from depending on the stochastic
number of such failures.

Average latent responses are far below the lim-
its (21.2 vs. 128 tokens at low difficulty; 1649 vs.
4096 at high difficulty), so masking cap-reaching
samples preserves terminating trajectories without
favoring short solutions. Length filtering identi-
fies failures, whereas advantage masking excludes
them from optimization.

Overall, One-sided Noise Sampling is the pri-
mary driver of training stability, Invalid Sample

Advantage Masking is what keeps exploration
bounded and reasoning length under control, and
First Token Selection provides an additional im-
provement that is necessary for stronger and more
reliable gains.

5 Conclusion

We study RL post-training for latent reasoning
and show that direct GRPO adaptation is unsta-
ble due to off-manifold exploration, optimization
mismatch under noisy sampling, and harmful joint
fitting over multiple correct paths. We propose
Latent-GRPO with invalid-sample advantage mask-
ing, one-sided noise sampling, and optimal correct-
path first-token selection, achieving stable perfor-
mance gains and substantially shorter reasoning
chains than explicit GRPO; pass @k and ablations
confirm its sampling capability and core designs,
showing that stable RL post-training is a practical
and effective route to efficient latent reasoning.

53281



Limitations

This work focuses on mathematical reasoning
benchmarks, where latent reasoning can be evalu-
ated with relatively clear correctness signals. The
experiments are also limited to two model fami-
lies and a fixed latent reasoning framework, so the
generality of Latent-GRPO across broader tasks,
larger models, and alternative latent representations
remains to be further studied.

Ethical Considerations

Latent-GRPO is intended to improve the efficiency
of reasoning models, but it may inherit factual er-
rors, biases, and unsafe behaviors from the underly-
ing base models and training data. Because latent
reasoning compresses intermediate reasoning into
continuous states, it can also reduce interpretabil-
ity relative to explicit chain-of-thought outputs,
making failures harder to diagnose. These risks
are especially important in high-stakes domains,
where model outputs should be used with human
oversight, task-specific evaluation, and appropriate
deployment safeguards.
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A Additional Related Work

LLMs and Explicit Reasoning. Large language
models have rapidly become a general foundation
for a wide range of tasks (Deng et al., 2025b; Duan
et al., 2026b), including mathematical problem
solving (Chen et al., 2024), agent scenarios (Yao
et al., 2023; Xu et al., 2024; Han et al., 2026),
and other complex reasoning settings (Cao et al.,
2025; Duan et al., 2026a; Shi et al., 2026; Zhao
et al., 2026). A central driver of this progress is ex-
plicit reasoning, where the model produces discrete
chains of thought to decompose a difficult problem
into intermediate steps (Wei et al., 2022). Subse-
quent test-time scaling studies further showed that
performance can often be improved by allocating
more reasoning tokens at inference time (Muen-
nighoff et al., 2025; OpenAl, 2024). In parallel, RL
post-training has become an increasingly important
way to strengthen explicit reasoning, especially in
mathematical domains. In particular, GRPO shows
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that policy optimization over explicit reasoning
trajectories can yield strong gains with a simple
and effective group-relative objective (Shao et al.,
2024), and DeepSeek-R1 further demonstrates that
large-scale RL can incentivize strong reasoning be-
havior in LLMs (DeepSeek-Al, 2025). However,
this paradigm remains inherently verbose: better
performance is frequently obtained by generating
longer and longer reasoning traces, which intro-
duces substantial redundancy, latency, and compu-
tational cost. This limitation motivates latent rea-
soning (Yu et al., 2026; Chen et al., 2025), which
shifts the intermediate reasoning process from ex-
plicit language into continuous representations in
order to retain the benefits of reasoning while using
far fewer reasoning tokens.

Training-free Latent Reasoning. Training-free
methods modify the inference process without up-
dating model parameters. Soft Thinking constructs
each latent token as a probability-weighted mixture
of discrete token embeddings, showing that con-
tinuous concept tokens can improve reasoning to
some extent while remaining interpretable (Zhang
et al., 2025). Follow-up analysis in (Wu et al.,
2025) argues that vanilla soft thinking is still domi-
nated by the highest-probability token, which leads
to a greedy feedback loop and motivates stochas-
tic variants such as Gumbel-Softmax (Jang et al.,
2017) for stronger exploration. Parallel test-time
scaling further extends inference-time exploration
by combining stochastic latent sampling with a
latent reward model for trajectory selection in con-
tinuous space (You et al., 2025). Overall, these
methods show that inference-time stochasticity can
make latent reasoning more exploratory, but their
performance gains are generally modest and they
do not establish the strong reasoning-length advan-
tage targeted in our setting.

Training-based Latent Reasoning. Training-
based methods instead learn latent reasoning repre-
sentations directly. Coconut first showed that feed-
ing continuous hidden states back into the model
can support latent reasoning and encode multiple
alternative next steps during reasoning (Hao et al.,
2024). CODI compresses explicit CoT into latent
states via self-distillation and matches explicit CoT
on GSMS8K with substantial compression (Shen
et al., 2025). CoLaR dynamically compresses rea-
soning chains and further improves them with RL
(Tan et al., 2025). Render-of-Thought moves latent
reasoning into a visual space by rendering textual

CoT as images, improving traceability while retain-
ing compression (Wang et al., 2026). Latent-SFT
develops a unified latent reasoning framework with
latent vocabulary, latent chain construction, and
stochastic optimization, showing that latent rea-
soning can outperform explicit SFT with shorter
traces (Deng et al., 2025a). More recent work
explores RL and stochastic soft decoding more di-
rectly. Continuous CoT RL in (Butt et al., 2025)
introduces scalable reinforcement learning for con-
tinuous CoT, Multiplex Thinking performs token-
wise branch-and-merge to optimize stochastic soft
rollouts (Tang et al., 2026), and Sof T-GRPO adapts
GRPO to Gumbel-reparameterized soft thinking
(Zheng and Lee, 2025). Overall, training-based
methods establish latent reasoning as a strong al-
ternative to explicit CoT. By contrast, our work
starts directly from a Latent-SFT model and stud-
ies how to achieve stable performance gains with
only a small number of reasoning tokens, thereby
obtaining dual benefits in both task performance
and reasoning efficiency.

B Late-stage Drop in High-difficulty
Training

The final drop of Latent-GRPO in Figure 4 differs
from the early collapse observed in ablated vari-
ants. The full Latent-GRPO model remains effec-
tive over most of training, but can eventually reach
the boundary of the Latent-SFT-induced latent rea-
soning manifold. Once Gumbel-perturbed rollouts
enter under-trained semantic regions, the decoder
may fail to produce a well-formed terminating tra-
jectory. Such samples are truncated at Ly, and
masked as invalid samples during training. The
response-length curve reports only terminating val-
idation outputs and therefore excludes these over-
long rollouts; as invalid samples become more fre-
quent near the final checkpoint, the reported length
decreases even though individual failed rollouts
would hit Ly,,x. This suggests that the late-stage
drop is a boundary over-exploration effect, rather
than a failure of the core Latent-GRPO objective.

C Conditional STE for One-sided Noise
Sampling

When repeated PPO updates cross the fixed one-
sided target and produce A;(f) < 0, we apply a
conditional STE directly to the perturbation margin.
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Specifically, we define the one-sided margin as

~ FlipGrad(A;(9)),

if AZ(H) < 0,
Ai(0) =
Ai(8),

otherwise,

(22)
where FlipGrad(x) acts as the identity in the for-
ward pass but negates the backward gradient, i.e.,

V. FlipGrad(z) = —1. (23)

In this way, the PPO ratio still uses the original
forward value, while the backward pass treats a
crossed target as if its perturbation margin were
reflected back to the positive side.

D Gradient Analysis of
Exploration-Optimization
Misalignment

We provide a gradient-level explanation for the
Exploration-Optimization Misalignment discussed
in Section 3.2. Consider one latent step and let
Vt(K) denote the top-K candidate set used to con-
struct the latent token, consistent with Section 2.1.
During rollout, the perturbed score

¢ = ¢; = log pi(Oola) + & (24)

is fixed for each ¢ € Vt(K). During optimization,
the current policy changes log p;(9), so the stan-
dard Gumbel perturbation margin is

Ai(0) = q; — log pi(0).

The latent-segment Gumbel log-density used by
Soft-GRPO can be written as

la(0) = Y [~Ai(0) — exp(—Ai(6))] . (26)

iev)

(25)

Differentiating with respect to the current log-
probability of the ¢-th component gives

0lc(0)
dlogpi(0)

In the local region where PPO clipping is inactive
and the importance ratio is close to one, the cor-
responding contribution to the GRPO update has
gradient

oN
0log pi(0)

Therefore, for a positive-advantage trajectory, a
component is reinforced only when A;(0) > 0.

=1-exp(—A4(0).  (@27)

~ Aj [L—exp(—Ay(0))].  (28)

If A;(0) < 0, the same positive-advantage trajec-
tory instead decreases log p;(6). Conversely, for
a negative-advantage trajectory, a negative mar-
gin can increase the component probability. Since
the original Gumbel perturbation is two-sided,
A (0o1q) = & can be either positive or negative at
the beginning of optimization. This is the gradient-
level origin of Exploration-Optimization Misalign-
ment.

One-sided Noise Sampling removes this sign
ambiguity. In Latent-GRPO, the target is

g; =logpi(foa) + &, & >0, (29

so at the beginning of optimization A;(01q) =
§i+ > 0. If repeated PPO updates later cross the
fixed target and produce A;(#) < 0, the conditional
STE in Appendix C flips the backward gradient
of the margin. For the one-sided surrogate log-
likelihood

0= Y [-Au0) - exn(-Ai0))]

ievd)
(30)
the effective derivative becomes
aLE(0) 1 —exp(=Ai(0)), Ai(f) =0,
Aogpi(0) | exp(—Ai(0)) — 1, Ay(6) < 0.
31

This derivative is non-negative for all A;(6) and is
strictly positive whenever A;(6) # 0. Because the
conditional STE modifies the backward pass, Ezr;
and 71';— should be understood as a surrogate latent
likelihood with a custom backward rule rather than
a mathematically exact probability density. Conse-
quently, in the unclipped local regime,

OFraten-creo i OlG(0)
dlog pi(0) T Dlogpi(0)

so the direct component-wise score with respect to
log p; () is aligned with the trajectory advantage
A; rather than with the accidental sign of a two-
sided Gumbel perturbation.

This conclusion is local to the coordinates
log p;(0) and should not be read as a guarantee
that every selected raw logit increases individually.
Under the full-softmax parameterization, let z; de-
note the raw logit of token [ and define

H= ) h.

iev ™)

(32)

20

" Dlog 0] o
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Since

dlogp;(0)

P =1li=1-p(O).  Gd
we have
8£2§(0) .
= h; (1[i = 1] — pi(0)) . 35
b = 2 mli=1-p0). 09
i€V,
Thus, forlEVt(K),
+
0l0) _y, pi(0)H, (36)
0z

whose sign is not guaranteed to be positive for ev-
ery selected component due to softmax competition.
Forl ¢ Vt(K),

o15(0)
0z

=—p(0)H <0, (37
so non-selected tokens receive an aggregate down-
ward signal when H > 0. Therefore, One-sided
Noise Sampling aligns the direct component-wise
score O, /0log p;(0) with the trajectory advan-
tage and induces an aligned aggregate learning
signal under softmax normalization, but it does
not strictly imply that every selected token logit
increases individually.

E Implementation Details

This appendix provides the detailed implementa-
tion settings used in our experiments.

Data and Evaluation Setup. In the Ilow-
difficulty setting, both the explicit SFT model and
the Latent-SFT model are trained on the GSM8K-
Aug training split. Because in-domain RL data are
unavailable, the RL stage uses an LLM-generated
dataset derived from the GSM8K-Aug training
set. In the high-difficulty setting, both models are
trained on the same subset of Open-R1 (Hugging
Face, 2025) with 4K-length reasoning chains, and
the RL stage uses DAPO-Math-En (Yu et al., 2025).

Latent-SFT. We first describe the implementa-
tion details of the Latent-SFT initialization used in
our experiments. To facilitate downstream Latent-
GRPO training, we set K = 10 in Section 2.1, so
that each latent token is constructed from the top-
10 explicit tokens. In practice, using a larger K
increases the risk of out-of-memory issues during
Latent-GRPO training.

Hyperparameter LLaMA-3.2-1B Qwen2.5-Math-7B
Train batch size 64 32

PPO mini-batch size 16 32
Rollouts 8 8

Max response length 128 4096

Table 4: Latent-GRPO hyperparameters for the two
experimental settings.

For the training setup, in Stage 1 we train 10
epochs per step with a learning rate of 5 x 1075
and a compression ratio of 2. In Stage 2, the learn-
ing rate is set to 3 x 10~ and training runs for
70 epochs. We further add the Gumbel training
objective with Gumbel noise set to 1.0 and Gumbel
temperature set to 1.0.

Latent-GRPO. We then describe the implemen-
tation details of Latent-GRPO. For each setting,
we select the best-performing Latent-SFT check-
point as the initialization model for Latent-GRPO.
The learning rate is fixed at 1 x 10~% throughout
training.

SFT. For completeness, we also summarize the
implementation details of the explicit SFT baseline.
We train the SFT models with LoRA (Hu et al.,
2022), using a uniform rank of 64 and 10 training
epochs for all settings. The learning rate is set to
5 x 1075 for LLaMA-3.2-1B-Instruct and 2 x 1075
for Qwen2.5-Math-7B.

GRPO. Finally, we summarize the implementa-
tion details of the explicit GRPO baseline. We
use version 0.7.0 of verl (Sheng et al., 2025)
and run the experiments with the official scripts.
The released Latent-GRPO implementation instead
builds on a modified verl 0.4.x codebase; ver-
sion 0.7.0 is used only for the explicit GRPO
baseline. The learning rate is uniformly set to
1 x 1076, For LLaMA-3.2-1B-Instruct, we set
max_response_length=512. For Qwen2.5-Math-
7B, we set max_response_length=8192.

All experiments are conducted on 8 A100 GPUs.

F Use of AI Assistance

Al tools were used only for language polishing,
including grammar, clarity, and fluency improve-
ments, and for reviewing parts of the code. All
scientific content, claims, experiments, analyses,
code, and final writing were reviewed and verified
by the authors.
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Algorithm 1 Latent-GRPO Training Procedure

Require: Prompt distribution P(X’); Latent-SFT initialized policy 7g; reference policy mret; group size G; top-K size;
maximum length L.x; Gumbel temperature 74; one-sided noise parameters a, b, §; PPO clipping coefficient €qip; KL
coefficient 3.

1: Initialize g from the Latent-SFT checkpoint.

2: for each RL iteration do

3 Set the rollout policy me,, < Te.

4 for each prompt z ~ P(X) do

5: Sample a group of G latent-discrete trajectories {o; }JG:l with 7g
6.

7

8

9

old*
for each trajectory o; do

for each latent step ¢ < Tlijt) do

Obtain top-K probabilities p;.+,:(fo1a) and embeddings e; ¢ ;.
Sample &;+,; ~ Gumbel(0, 1) and construct .f;ft’i = clip(§j,¢,i, —a,b) + a + .

10: Set the fixed one-sided target g;., ; = 10g pj,¢,i(0o1a) + &, ;-
11: Construct the latent token s;,; = >, softmax(g},.;/7y)i€;j,t,i» and store {g},; }1<;.
12: end for
13: Generate the explicit suffix, compute reward I;, and record total length L.
14: end for
Invalid-sample advantage masking.
15: Define Gvatia = {j | Lj < Lmax}-
16: Compute ;1 and o g only over Gyalid, and obtain A]Vva“d by valid-sample normalization.
17: If |Gatia| = 0 or o = 0, set AV = 0 for all ;.
Correct-path first-token selection.
18: Define Georrect = {J | 0; is verified as correct}.
19: If |Gcorrecd > 1, compute ¢; using the average rollout surrogate log-probability and select j* =
ArgmaxjeGeorrect EJ .
20: If |Georrect| = 1, let j* be the sole correct trajectory; otherwise set j* = 0.
21: Define the first-token selection mask M ; and the final advantage Aj,t =M, j,tA}’a“d.
22: end for

PPO-style Latent-GRPO update.
23: for each PPO epoch and minibatch do

24: for each stored latent step ¢ < Tl(a]t) do

25: Compute A;j ;. :(0) = g5+, — logpjt,:(6).

26: Apply the conditional STE from Appendix C to obtain Aj; ; ;(6).
27: Compute the surrogate latent likelihood 7 (5,0 | @, 85,<¢)-

28: end for

29: For explicit steps, use the standard categorical likelihood.

30: Compute the modified ratio r} ,(6).

31: Update 6 by maximizing the Latent-GRPO objective.

32: end for

33: end for
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