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ABSTRACT

Decoupled PPO has been a successful reinforcement learning (RL) algorithm
to deal with the high data staleness under the asynchronous RL setting. De-
coupled loss used in decoupled PPO improves coupled-loss style of algorithms’
(e.g., standard PPO, GRPO) learning stability by introducing a proximal pol-
icy to decouple the off-policy correction (importance weight) from the policy
update constraint (trust region). However, the proximal policy requires an ex-
tra forward pass through the model at each training step, creating a compu-
tational overhead for large language models training. We observe that since
the proximal policy only serves as a trust region anchor between the behav-
ior and target policies, we can approximate it through simple interpolation
without explicit computation. We call this approach A-3PO (APproximated
Proximal Policy Optimization). A-3PO eliminates this overhead, accelerating
training by 1.8x speedup while maintaining comparable performance. Code
& off-the-shelf example are contributed to the open-source RL training sys-
tem AReal at: https://github.com/inclusionAI/AReal./blob/
v1.0.0.rcl/docs/algorithms/prox_approx.md

1 INTRODUCTION

Reinforcement learning (RL) has become a central approach to improve the reasoning capabilities of
large language models (LLMs) Shao et al.|(2024)); Yang et al.[(2025); Zheng et al.| (2025); |Yu et al.
(2025); |[Ouyang et al.| (2022), with extensive surveys covering RL from human feedback methods
and workflows Kaufmann et al.|(2025)); Dong et al.|(2024));[Wang et al.|(2024) and various alternative
approaches including Al feedback Lee et al| (2024) and safety considerations |Dai et al.| (2024)).
Among RL algorithms, Proximal Policy Optimization (PPO) [Schulman et al.| (2017) has emerged
as the dominant method due to its stable trust-region constraints, building upon earlier trust region
methods like TRPO |Schulman et al.|(2015). However, standard PPO performs rollout-then-training
loop, i.e., the training stage must wait until the rollout stage collects predefined number of episodes,
limiting throughput (measured by the number of environment steps per unit of time) and under-
utilizes computational resources.

To improve the throughput and computational resources utilization, asynchronous RL [Fu et al.
(2025)); Wang et al.| (2025); |Sheng et al. (2024); [Feng et al.| (2025); Noukhovitch et al. (2025);
Wu et al.| (2025); [Espeholt et al.| (2018); |Lan et al.| (2025)); Duan et al.| (2024); |Cohen et al.| (2025))
treats rollout and training as two independent engines, which can be executed in parallel. Neverthe-
less, the target policy on the training engine can be several updates ahead of the behavior policy on
the rollout engine. Such staleness (off-policyness) caused by asynchronous RL setting could lead
to severe learning instability in standard PPO. To mitigate this, decoupled PPO Hilton et al.| (2022)
improves the learning stability by introducing a proximal policy that decouples the off-policy cor-
rection (importance weight) from the policy update constraint (trust region). Decoupled loss em-
pirically demonstrates improved learning stability in Atari games when high off-policyness exists.

*The first and second authors have equal contribution.
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Apart from Atari games, AReaL Fu et al.|(2025)), an LLM post training framework, demonstrated su-
perior learning stability of decoupled loss on LLM reasoning tasks under high off-policyness setting.
Thanks to asynchronous RL setup, AReaL. also achieved up to 2.77 x training speedup. However,
the proximal policy in decoupled loss requires an extra forward pass through the neural network at
each training step, which is expensive for autoregressive LLMs. This overhead limits the potential
speedups from asynchronous training.

This raises a natural question: do we really need to compute the proximal policy explicitly?
Looking at the objective from first principles, the proximal policy simply serves as a trust
region anchor: it does not need to be computed from the network, but it just needs to lie
somewhere between the behavior and target policies to prevent extreme importance weights.
This insight leads to our solution: instead of computing the proximal policy through a forward
pass, we approximate it by interpolating between the behavior policy and the target policy in log-
probability space. Our staleness-aware interpolation weighs fresher data more heavily, maintaining
the stabilizing effect of decoupled loss while eliminating the computational overhead.

Our contributions are threefold:

1. A staleness-aware proximal probability interpolation method that eliminates the computa-
tion cost of proximal policies in decoupled loss while retaining PPO’s trust-region structure.

2. Empirical evaluation across two model scales (1.5B and 8B parameters) demonstrates that
our method achieves up to 1.8x speedup in training time while maintaining comparable
task performance and superior training stability compared to both the standard decoupled
PPO and synchronous training baselines, with particular advantages at larger scales.

3. Open-source implementation, providing an efficient large-scale asynchronous RL-based
LLM post training algorithm.

2 PRELIMINARY

2.1 FRrROM COUPLED L0OSS TO DECOUPLED LOSS

Among coupled-loss RL algorithms, the standard Proximal Policy Optimization (PPO) [Schulman
et al.| (2017) has become one of the most dominant methods, thanks to its stable trust-region con-
straints that prevent destructive policy updates. In standard PPO, the clipped objective is:

L a(0) = By [min (74(6) Ay, clip(r(6), 1 — &1+ )4y )|, (1

coupled

where 7,(0) = Tolarlst) g the importance weight and Ay is the advantage estimate. Here, the old
Tola(at|st)

policy moq serves two purposes simultaneously: it provides importance sampling weights [Papini
et al.| (2024); De Asis et al.|(2023)) to correct for off-policy data, and it defines the trust region that
constrains how far the new policy can deviate.

However, this coupled role becomes problematic in asynchronous RL settings, where the behavior
policy used for data collection may be several updates behind the current policy. When training
on stale data, using the behavior policy as the trust region anchor pulls the current policy towards
outdated, potentially lower-quality policies, leading to learning instability.

Decoupled loss [Hilton et al.| (2022)) addresses this issue with a key insight: these two roles of g
can and should be separated. For importance sampling, we must use the actual behavior policy
Tpehav that generated the data. But for trust region control, we can use some recent policy mpox as
the proximal anchor. The decoupled clipped objective becomes:
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2

By using a more recent policy mprox as trust region anchor, the trust region now constrains updates
around a higher-quality policy, while still correctly accounting for the off-policy nature of the data
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through myehay. This decoupling is crucial for asynchronous RL systems like AReaL. [Fu et al|(2025),
which achieves significant training speedup by completely separating generation and training phases.

2.2 THE PRICE OF DECOUPLED LOSS

While decoupled loss improves stability, it comes with a computational price. At the start of each
training step, we must perform a forward pass through the model to compute 7. This proximal
policy is then frozen (detached from gradient updates) and used as the trust region anchor for all
subsequent mini-batch updates within that training step. This overhead becomes significant for
large language models where a single forward pass can take 10 seconds or longer, depending on the
input size, model size, and hardware specification. The timing is demonstrated in Fig. [T}

3 METHODOLOGY: A-3PO

In our proposed method, the objective function is still Eq. [2] but the proximal policy is interpolated
between the behavior policy and target policy at log scale, weighted by the staleness-aware coeffi-
cient, as defined in Eq. [3] The more the target policy is ahead of the behavior policy (high staleness),
the closer the approximated proximal policy is to the target policy:

IOg Tprox — Q¢ IOg Thehay + (1 - a) log 9, (3)

Input arguments (a|s) are omitted for brevity. The main reason to perform interpolation in
log-probability space rather than probability space is that it maintains numerical stability: log-
probabilities avoid underflow issues that arise when dealing with very small probability values com-
mon in large action spaces. Practically, the inference engine, e.g., SGLang |Zheng et al.| (2024)) and
vLLM Kwon et al.| (2023)), provides token log-probabilities by default.

Here, « is a staleness-aware coefficient depending on the staleness d (the training step difference
between target and behavior policies). v(7) denotes the training step of policy 7:

0, d=o,
d=v(mg) — v(Mpehay), = “4)
(9) (bh) é’ a> 1.

When d = 0, it recovers the standard PPO where the target policy equals the behavior policy, hence
the approximated proximal policy is exactly the behavior policy.

When d > 1, the coefficient &« monotonically decreases as the staleness d increases, approximating
the proximal policy more with the target policy, and give less weights to the behavior policy.

3.1 THEORETICAL STABILITY ANALYSIS
3.1.1 SANDWICH PROPERTY

Thanks to the interpolation, mpyox (a|s) is bounded:
min{myenay(als), mo(al$)} < Tprox(als) < max{mpenav(als), mo(als)}. (5)

This property guarantees that 70« Serves as a valid trust-region anchor under policy staleness.

3.1.2 CONTRACTIVE STABILITY

The staleness-aware proximal policy defined by log-linear interpolation admits a simple closed-form

importance ratio:
mo(als) )a
r(als) = | ———— (6)
(@) = (el

This form implies that importance weights are contractively scaled as staleness increases, preventing
extreme ratios and ensuring stable trust-region updates. Moreover, raising importance weights to a
power o < 1 provably vanishes their variance, leading to more stable and fewer clipped updates in
PPO-style objectives. A unified theoretical analysis establishing bounded updates and contractive
stability is provided in Appendix
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3.2 IMPLEMENTATION

The core implementation of our staleness-aware proximal policy approximation is remarkably sim-
ple. In Listing [1| we show the key computation in PyTorch, extracted from our open-source imple-
mentation in the AReal. framework.

I def compute_prox_logp_approximation (
2 old_logp: torch.Tensor, # logﬂbehav

3 logprobs: torch.Tensor, #+ logme

4 versions: torch.Tensor, # v(Tvenav) per token

5 current_version: int, v(me)

6 ) —> torch.Tensor:

7 """Approximate proximal policy log-probabilities."""

i

H

8 # Extract version information

9 v_behave = versions.float ()

10 v_theta = float (current_version)

1

12 4 Compute staleness: d=v(mg) — v(Tpenav)

13 staleness = v_theta - v_behave

f Compute staleness-aware coefficient «
16 # a=0 when d=0, a=1/d when d>1

‘ 17 alpha = torch.where (

| 1 staleness >= 1,

19 1.0 / staleness,

20 torch.zeros_like (v_behave),

21 )

3 b Log-linear interpolation: logmprox = alogmpenay + (1 — ) logme
24 prox_-logp = alpha x old-logp + (1 - alpha) x logprobs

26 return prox_logp

Listing 1: Core implementation of staleness-aware proximal policy approximation.

The implementation highlights the efficiency of our approach: computing mpx requires only
element-wise arithmetic operations on tensors that are already available from the training loop. No
additional forward pass through the neural network is needed, making this approximation essentially
free compared to the 10-second forward pass required for explicit computation.

4 EXPERIMENTS

4.1 TRAINING DETAILS

In this work, we focus on mathematical reasoning tasks to evaluate our algorithm, which can be
readily applied to other tasks. We adopt the AReaL. framework [Fu et al.|(2025) for training. We use
decoupled PPO |Hilton et al.|(2022) and vanilla GRPO Shao et al.| (2024) as our baseline algorithms
and estimate advantages using group reward normalization.

We conduct experiments with two different model-dataset configurations:

Setup 1: Qwen2.5-1.5B-Instruct on GSM8K. We train and evaluate on GSM8K [Cobbe et al.
(2021), a dataset of 8.5K grade school math problems that require 2-8 steps of multi-step reason-
ing using basic arithmetic operations. For rollout, the prompt batch size is 256 and we sample 4
responses for each prompt. We set the maximum response length as 1,024 tokens, and max tokens
per mini batch is 10,240.

Setup 2: Qwen3-8B on DAPO-Math-17k. We also use the base model Qwen3-8B |Yang et al.
(2025)) trained and evaluated on the DAPO-Math-17k dataset|Yu et al.| (2025). For rollout, the prompt
batch size is 128 and we sample 4 responses for each prompt. We set the maximum response length
as 2,048 tokens, and max tokens per mini batch is 10,240.
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Common hyperparameters. For both setups, we use the Adam optimizer [Kingma & Bal (2015)
with a constant learning rate of 8.5 x 106, For training, the number of mini batches is set to 4, i.e.,
4 gradient updates for each training step. For sampling parameters, the temperature is set to 1.0, and
top-p is set 1, and top-k is set to use all vocabularies.

4.2 RESULTS & DISCUSSION

We evaluate our A-3PO method (labeled as “loglinear”) against two baselines: the asynchronous
decoupled GRPO with proximal policy recomputing Hilton et al.| (2022)) (labeled as “recompute”)
and synchronous GRPO (labeled as “sync”). The synchronous baseline represents the standard
coupled-loss approach without asynchronous training, serving as a reference for comparing both
decoupled methods. We present results across both experimental setups that demonstrate consistent
improvements in computational efficiency and training stability.

4.2.1 COMPUTATIONAL EFFICIENCY

Our staleness-aware approximation method dramatically reduces the computational cost of proxi-
mal policy evaluation. Fig.|l|shows the wall-clock time required to compute log probabilities of the
proximal policy at each training step. The loglinear approximation method achieves near-zero com-
putation time (mean: 0.0012 seconds), while the full recompute approach requires approximately
4 to 8 seconds per step depending on the setting, and the sync method does not require proximal
policy computation. This represents at least 3,000 speedup in proximal policy’s log probability
computation for decoupled methods, translating directly to reduced training time.

Qwen2.5-1.5B-Instruct on GSM8K Qwen3-8B on DAPO-Math-17k

—e— recompute 10
—=— loglinear
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Recompute Log-Prob Time (s)
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Figure 1: Log probability computation time comparison. The loglinear method achieves near-
instantaneous computation compared to the 10-second forward pass required by recomputing. Sync
does not require this computation.

As shown in Fig. [2] the loglinear method consistently achieves faster training while maintaining
comparable task performance to both baselines. For a fair comparison, the same training epochs are
used for all methods. For both setups, our A-3PO method converges to similar final task rewards,
demonstrating that our approximation maintains task performance while significantly reducing the
training time across different model scales and datasets.

To further validate the training progress and model quality, we evaluate the policies on held-out
test prompts during training. Fig. |3|shows the evaluation reward trajectories over training steps. In
Setup 1, all three methods achieve comparable final evaluation rewards (gap < 1%), demonstrating
that the loglinear approximation maintains task performance. In Setup 2, the asynchronous methods
(loglinear and recompute) significantly outperform the baseline “sync”, converging to evaluation
rewards around 0.63 compared to 0.44 for sync method. This substantial gap highlights the ben-
efits of asynchronous training with decoupled loss at larger model scales. Notably, the loglinear
method achieves this performance without the computational overhead of explicit proximal policy
computation, making it the most efficient approach overall.

4.2.2 TRAINING STABILITY ANALYSIS

Beyond computational efficiency, we analyze whether our A-3PO maintains the stabilizing proper-
ties of decoupled loss across both experimental setups. Fig. [d] shows that all three methods exhibit
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Figure 2: Training progress (average task reward vs. wall-clock time). All curves use the same
training epochs. Asynchronous training with loglinear approximation is fastest.
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Figure 3: Evaluation reward on held-out test prompts. Setup 1: all methods converge similarly.
Setup 2: asynchronous methods substantially outperform sync, demonstrating decoupled loss effec-
tiveness at larger scales.

similar entropy decay patterns. The baseline “sync” and both decoupled methods show healthy
entropy decay, indicating stable policy optimization. This demonstrates that our approximation pre-
serves healthy exploration dynamics across different model scales and datasets, comparable to both
the recompute method and the synchronous baseline.

Qwen2.5-1.5B-Instruct on GSM8K Qwen3-8B on DAPO-Math-17k
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Figure 4: Policy entropy over training steps. All methods show healthy entropy decay, indicating
stable policy optimization.

Importance weight statistics provide further evidence of stability across both setups. Fig. [5]displays
the maximum and minimum importance weights during training for the two decoupled methods
(note that the sync method uses coupled loss and does not compute separate importance weights).
Notably, the recompute approach exhibits very high importance weights, indicating that the recom-
puted proximal policy becomes unreliable at larger model scales. In contrast, the loglinear ap-
proximation consistently maintains more balanced importance sampling that avoids extreme weight
values which can destabilize training.



Published as a workshop paper at the 1st Workshop on Scaling Post-training for LLMs (SPOT),
ICLR 2026.

Qwen2.5-1.5B-Instruct on GSM8K le17 Qwen3-8B on DAPO-Math-17k

—e— recompute —e— recompute
—=— loglinear —=— loglinear

—— sync —— sync

Maximum Importance Weight
8
H

Maximum Importance Weight

; L LA _.A A th

o 50 100 150 200 250 300 o 200 400 600 800 1000
Training Steps Training Steps

Qwen2.5-1.5B-Instruct on GSM8K Qwen3-8B on DAPO-Math-17k

—— recemp ute 1.0 —e— recompute

l 'W 4’ IM' m g’

o 50 100 150 200 250 300 o 200 400 600 800 1000
Training Steps Training Steps

s o
S 3

°

°

Minimum Importance Weight
o o
2 2

Minimum Importance Weight

°
j

°
°
°
°

Figure 5: Importance weight statistics (top: max; bottom: min). Loglinear shows more controlled
weights. Setup 2: recompute produces very high weights, indicating instability at larger scales.

Finally, Fig. [f] compares the number of clipped tokens across all three methods. The recomputing
and sync methods clip significantly more tokens than the loglinear method (A-3PO), indicating
they trigger trust region constraints more frequently. The loglinear method shows least clipping
behavior, suggesting smoother, more stable policy updates that naturally stay within trust region
bounds, indicating higher sample-efficiency.

Qwen2.5-1.5B-Instruct on GSM8K Qwen3-8B on DAPO-Math-17k
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Figure 6: Number of clipped tokens per training step. Loglinear clips the least, indicating less token
waste.

4.2.3 BENCHMARK EVALUATION

Table [T] summarizes the final evaluation rewards and total training times across all methods and
setups. In Setup 1, all three methods achieve comparable final evaluation rewards (0.791-0.797) on
GSMBSK test dataset, with loglinear completing training in 1.53 hours compared to 1.82 hours for
recompute (1.2x speedup) and 2.36 hours for sync (1.5x speedup). In Setup 2, the asynchronous
methods (recompute and loglinear) significantly outperform the sync baseline in both final reward on
DAPO-Math-17k test dataset (0.623-0.627 vs 0.443) and training time. Notably, loglinear method
completes training in 14.54 hours compared to 16.10 hours for recompute (1.1 x speedup) and 26.15
hours for sync (1.8 x speedup), while maintaining comparable performance to recompute. These
results demonstrate that our approximation method consistently delivers efficiency benefits across
model scales while maintaining or improving task performance.
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Table 1: Final evaluation reward and training time. Setup 1: Qwen2.5-1.5B-Instruct on GSM8K.
Setup 2: Qwen3-8B on DAPO-Math-17k.

Setup Method Final Eval Reward | Training Time (hours)

Setup1  Sync GRPO 0.793 2.36
Recompute 0.797 1.82
Loglinear (A-3PO) 0.791 1.53

Setup2  Sync GRPO 0.443 26.15
Recompute 0.627 16.10
Loglinear (A-3PO) 0.623 14.54

Table 2: Benchmark evaluation for Setup 2: Qwen3-8B on DAPO-Math-17k.

Method AIME24 pass@1 MATHS00 pass@1  Average
Sync GRPO 40.00 £ 9.10% 46.80 £+ 2.23% 43.40%
Recompute 66.67 + 8.75% 62.80 £ 2.16% 64.74%

Loglinear (A-3PO) 66.67 £ 8.75% 66.60 =2.11% 66.64%

Furthermore, we evaluate the trained model from Setup 2 on two challenging mathematical rea-
soning benchmarks: AIME202 and MATHSO Table 2| presents the pass@ 1 accuracy for each
method on these benchmarks. The results demonstrate that our proposed A-3PO method (loglinear)
achieves the best performance over the “recompute” and synchronous baseline.

5 CONCLUSION

Decoupled policy optimization algorithms have proven effective for handling data staleness in asyn-
chronous RL systems, but their reliance on explicit proximal policy computation creates a com-
putational bottleneck that limits their practical benefits. In this work, we addressed this limitation
through a simple yet principled observation: the proximal policy serves merely as a trust region
anchor between the behavior and target policies, and thus does not require expensive neural network
evaluation. Instead, it just needs to lie somewhere in between.

Our staleness-aware approximation method implements this insight by interpolating between be-
havior and target policies in log-probability space, with fresher data weighted more heavily. We
evaluated our approach across two experimental setups spanning different model scales: Qwen2.5-
1.5B-Instruct on GSMS8K and Qwen3-8B on DAPO-Math-17k. Comparing against both the explicit
recompute baseline and synchronous GRPO baseline, our results demonstrate substantial practical
benefits: up to 1.8x speedup in training time while maintaining comparable task performance across
all three methods. More importantly, our approximation exhibits improved training stability com-
pared to explicit computation, with more controlled importance weights and fewer clipped tokens.
Notably, at larger model scales (Qwen3-8B), the recompute method exhibits very high importance
weights indicating instability, while our approximation maintains stable behavior, suggesting that
simpler can indeed be better and more reliable.

Beyond computational efficiency, this work highlights a broader principle: when designing RL al-
gorithms for large-scale systems, we should question which components truly require expensive
computation and which can be approximated from first principles. Our method applies to any de-
coupled policy optimization approach, not just PPO, making asynchronous RL more practical for
training large language models and other computationally demanding domains.
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A THEORETICAL ANALYSIS

Theorem 1 (Sandwich Property and Contractive Stability of Staleness-Aware Proximal Policy Ap-
proximation). Let Thenav(-|S) be the behavior policy, my(:|s) be the target policy, and define the
staleness-aware proximal policy

0, d=0,
log Tprox(als) = alog Thenav(als) + (1 — a) logmg(als), a = {1 i>1 (7)
d’ = &
where d denotes policy staleness.
Define the importance ratios
mo(als) mo(als)
w(als) = —————, r(als) = ———. (8)
(als) Thehav (@/5) (als) Tprox (als)

Assume w(als) has finite second moment under Thenay(-|$). Then the following properties hold for
all states s and actions a.:

1. Trust-region sandwich property

min{mhenav (a|s), mo(als)} < Tprox(als) < max{mpenav(als), mo(als)}. )

2. Contractive stability
r(als) = w(als)® (10)

In particular, limg_, o r(als) = lim,—07(als) = 1.

For variance, it vanishes as the staleness increases:
lim Vargr,...., [r(als)] = 0. (11)
d— oo

Sandwich property. For any z,y > 0 and « € [0, 1],

min(z,y) < 2%' ™ < max(z,y), (12)
substituting & = Thehav (a|s) and y = Tneta(als) establishes the sandwich property of 7pyox.
QE.D. O

Contractive stability. Exponentiating the definition of 7y« yields
Tprox(als) = Thehay (a]s)“mg(als) 2. (13)

Therefore,

mo(als) [ melals) \© -
Tprox(als) <7Tbehav(as)> = w(als)®, (14)

which proves the contractive form of the update and limg_, o 7(a|s) = 1.

r(als) =

To prove the vanishing variance, first, observe the pointwise convergence. For any fixed w > 0, as
a — 0, we have w® — 1. Consequently,
lim (w® — 1)% = 0. (15)

a—0

To interchange the limit and the expectation, we apply the Dominated Convergence Theorem (DCT).
We must find an integrable random variable Y such that (w® — 1)? < Y for all a € (0,1]. We
propose the dominating function Y = (w — 1)2. We verify this bound in two cases:
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* Case 1: w > 1. Since o € (0, 1], the function f(z) = z® is concave and bounded by
the identity for x > 1. Thus, 1 < w® < w. Subtracting 1 yields 0 < w* — 1 < w — 1.
Squaring both sides, we obtain (w® — 1) < (w — 1)2.

» Case2: 0 < w < 1. Since « € (0, 1], the root brings the value closer to 1, i.e., w < w® <
1. Thus, the distance to 1 satisfies |w®* — 1| =1 — w® < 1 —w = |w — 1|. Squaring both
sides yields (w® — 1) < (w — 1)

Therefore, for all w > 0, we have (w® — 1)? < (w — 1)%.
Next, we check the integrability of the dominating function. Expanding the term, we have E[(w —
1)?] = E[w?] — 2E[w] + 1. By assumption, the second moment E[w?] is finite, which implies E[w]
is also finite. Thus, E[(w — 1)?] < oo.
Since the sequence converges pointwise to 0 and is dominated by an integrable variable, the DCT
implies:
lim E[(w® — 1)?] = E | lim (w® — 1)?| = 0. (16)
a—

a—0
This implies the variance vanishes as o — 0.

Q.ED. O
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