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Abstract

Reinforcement learning from human feedback (RLHF [1, 2]) has become the
standard post-training technique for endowing large language models (LLMs)
with helpful, harmless, and intent-consistent behavior. In practice, however, its
adoption is hampered by prohibitive memory consumption during the phase of
the policy-model update, especially when training on long-form generation tasks.
In this paper, we propose MetroRLHF, a memory-efficient, on-policy RLHF ap-
proach that exploits the inference-time computations to reduce the training-time
memory budget and to skip unnecessary work. By re-using the inference-phase
materialized K,V context, the inter-token dependencies are freely removed that
normally force the entire sequence to train in parallel. Building upon fine-grained
subsequence streaming, RLHF can train the productive tokens in an effective
manner. This yields a training pipeline that matches the exact behavior of conven-
tional full-sequence RLHF while using less memory and incurring no arithmetic
recomputation. Experiments on the Qwen-3 models demonstrate that MetroRLHF
rescheduled algorithm reduces peak training memory usage to 1

3.8 ∼ 1
5.9 , enabling

not only memory-effective but also semantic-reliable fine-tuning for LLM.

1 Introduction

LLMs have demonstrated remarkable capabilities across a wide range of natural language processing
(NLP) tasks. To better align these models with desired human preferences, RLHF has emerged as the
prevailing paradigm for post-training, and it is widely used in modern systems such as ChatGPT [3],
DeepSeek [4], and Gemini [5]. Despite its effectiveness, RLHF is substantially expensive.

Generally, the RLHF pipeline consists of three phases: 1. inference phase (for experience resampling)
→ 2. rewarding phase (scope-specific scoring for the experience) → 3. training phase (updating the
policy model). Among these, the training phase consumes a huge amount of memory. While the
memory required during inference [6, 7, 8] is typically on the order of the model-parameter size, the
training-phase memory footprint grows additionally with the length of the entire trajectory sequence
L. In scenarios such as multi-turn dialogues or long-form generation (e.g., Long Chain-of-Thought)
[9], L can easily reach tens or even hundreds of thousands of tokens, causing the memory demand to
spike dramatically. Under such conditions, practitioners are compelled to make difficult trade-offs
(e.g., truncating the trajectory [10, 11, 12, 13], resampling sparsification [14], or gradient checkpoint
[15]). Heavily relying on various trade-offs may reduce the effective context available to the learner
and increase the risk of degrading sampling quality and performance, unless multiple GPUs are
introduced to mitigate memory consumption [16, 17, 18, 19], though this is uneconomical.

In this work, we introduce MetroRLHF to address the stated challenge: it eliminates the training-
phase memory blow-up at low cost while preserving the exact computational semantics of the
full-trajectory training, and further enables reliable, fine-grained, and adaptive scheduling in RLHF.
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2 Memory dependency and observation for RLHF post-training

Unlike inference where tokens are generated auto-regressively one at a time and past hidden states
are discarded immediately, the training phase must traverse and back-propagate through “the entire
sequence in a single pass” to avoid recomputation. This difficulty occurs only during training.

Specifically, when a full training sequence Seq = (s0, . . . , sL−1) is processed, the training scheduler
must respect 3 constraints: (a). Forward-pass context propagation: unless all tokens are computed
simultaneously, token si (the “effect”) must be computed after token sj (the “cause”) with j < i
to avoid increased context computation complexity. (b). Backward-pass causality feedback: the
gradient of token sj (the “cause”) depends reversely on token si (the “effect”). (c). Inherent mutual
dependencies between forward-pass and backward-pass: activation states have to be produced first
by the forward pass, and the backward pass must be completed before those states are released from
memory. Combining (a) ∼ (c) yields a closed loop of dependencies, as depicted in Eq. 1.

FW(s0)
(a)−−→ FW(s1)

(a)−−→ FW(s2)
(a)−−→ . . .

(a)−−→ FW(sL−1)

⇆ (c) ⇆ (c) ⇆ (c) . . . ⇆ (c)

BW(s0) ←−−
(b)

BW(s1) ←−−
(b)

BW(s2) ←−−
(b)

. . . ←−−
(b)

FW(sL−1)

(1)

Notably in on-policy RLHF, both inference phase and training phase operate on exactly the same
resampled sequence, while the former phase already materializes a K,V cache that stores the
LLM context, and can be reused during the training phase to decouple inter-token dependencies by
eliminating all edges (a) in Eq. 1, thereby turning the memory dependency into a “directed linked list”.
Guided by the new topology, we reschedule the RLHF training phase by streaming subsequences
from shigh to slow, which unties the training under constrained memories.

3 Rescheduling algorithm

3.1 Decomposing attention to enable semantically identical subsequence training

Area-① Area-③

Area-② Area-④

Figure 1: Decomposition of causal-based attention into separated subsequence training stages

Figure 1 visualizes the L × L causal attention [20] matrix, where the vertical and horizontal axes
enumerate the query and K,V positions respectively. To enable subsequence training, we perform a
single training stage that computes attention over a subsequence sL−T , . . . , sL−1 of length T . During
this stage, the attention outputs receive contributions from both Area-2 and Area-4, whereas Area-3
contributes neither attention outputs nor productive gradients. In Area-2, all key-value entries lie in
the indices s0, . . . , sL−T−1, which can be loaded in one batch from the K,V cache. Together with
the T × T sub-grids in Area-4, they form an eventual attention computation with a “right-angled
trapezoid” pattern. Crucially in the backward pass, the “effect-to-cause” feedback from this training
stage generates not only local gradients but also cross-block gradients. All cross-block gradients
produced by training stages that solve high-dimensional indices sx+1, . . . , sL−1 are accumulated and
subsequently constitute the final local gradient for sx. Therefore, we maintain a history-gradient
accumulator that successively adds the cross-block gradient from one training stage to the next.

Building on the decomposed structure, we present the Stream-able Attention Layer in Figure 2, which
consists of “Instance FW” to compute position-corrected local attention and “Stream-able BW” that
propagates local gradients vertically while accumulating cross-block gradients horizontally.
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Figure 2: “Instant FW (left)” & “Stream-able BW (right)” for Stream-able Attention Layer.

3.2 Omitting unproductive loss with “zero-rewarding shortcut”

“Zero-rewarding shortcut” is built on top of the fine-grained sequence streaming for the possible
elimination of a block-wise training stage. According to the post-training standard, the rewarding loss
in RLHF is incurred only for the answer tokens (those identified by maskA(si)), while the question
tokens do not contribute to the loss. This yields two consequences for a block-wise training stage at
the fine-grained level: (a) the local loss contributes no gradient to either the intra-block or cross-block
updates if the entire span lies within a question region, so its computation can be omitted; (b) the
cross-block loss can contribute gradients with respect to the local context, which must be retained.
If neither of the two conditions is satisfied, this fine-grained training stage can be omitted entirely.
Therefore, we establish the block-wise training algorithm 1, which processes the sequence in reversed
order while appropriately maintaining both local gradients and cross-block gradients.

Algorithm 1 Memory-effective training of on-policy RLHF

Require: Model parameters θ, reward function R(·), block size T , prompt Q, attention window size W
Ensure: Updated model θ′

1: Seq0..k−1, C0..k−1 ← ResamplingAsync(θ,Q) ▷ resampling k experiences with KV cache as C
2: adv0..k−1 ← R(Seq0..k−1) ▷ REINFORCE advantages by reward function
3: grads_final← 0

4: for x← 0 to k − 1 do
5: Lctx ← +∞
6: ∇C ← zeros_like(Cx) ▷ initialize history-gradient accumulator

7: for i← ⌈len(Seqx) / T ⌉ − 1 downto 0 do ▷ block-wise training stages (train mode)
8: seq_local← Seqx[i× T : (i+ 1)× T ]
9: if masksA(seq_local).any() or (i+ 1)× T > Lctx then

10: C_history ← Cx[0 : (i+ 1)× T ]
11: shift← i× T ▷ RoPE correction
12: logits← FW(seq_local;C_history, shift) ▷ “instant forward”
13: loss← compute_rl_loss(logits, advx) · masksA(seq_local)
14: ∇C_local← ∇C[i× T : (i+ 1)× T ]
15: grads, ∇C_history ← BW(loss;∇C_local) ▷ “stream-able backward”
16: ∇C[0 : i× T ].add_(∇C_history) ▷ shift cross-block grads to∇C for future stages
17: grads_final.add_(grads) ▷ merge current-stage grads to grads_final
18: Lctx ← shift−W
19: end if
20: end for
21: end for

22: θ′ ← Optimizer(θ, grads_final).step() ▷ policy model update with θ′
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4 Experiments
All experiments were conducted using a single AMD MI300x GPU [21] (192 GB device memory)
paired with a 48-core Intel Xeon Platinum 8480C CPU. The software stack comprised ROCm 6.3.0
and PyTorch 2.7.0. We use the open-source Qwen-3 models [22, 23] (Apache-2.0) for performance
evaluation. Both parameters and the optimizer RMSprop are bfloat16 precision, and LoRA [24]
adapters are applied with a rank of 4. For the W = 1024 (attention window size) configuration,
each of the input (question) and output (answer) token sequences is half of the total context length,
depicting a text translation scenario, while W set to +∞ corresponds to full attention. Notably, the
memory consumption of the K,V cache is included in all MetroRLHF evaluations.

The evaluation results from Table 1 show that MetroRLHF achieves a drastic reduction in memory
usage compared with full-sequence training, while different block sizes T affect the expected trade-off
between peak memory consumption and training throughput, since the overhead for small block sizes
mainly stems from more frequent gradient accumulation under limited memory. “Zero-rewarding
shortcut” enabled at W = 1024, where the attention complexity has been inherently reduced, yields
an average computational saving of Ctx + min(2 T, Ctx)

2 Ctx compared with not using the shortcut.

Qwen3 Family (BFloat16) FullSeq MetroRLHF MetroRLHF MetroRLHF MetroRLHF MetroRLHF
RMSProp, kSamples=8, LoRank=4, MI300 × 1 (baseline) T = 1K T = 2K T = 4K T = 8K T = 16K

PM (Qwen3-0.6B, Ctx=32K, W= + ∞) 72.3 12.2 14.7 19.5 29.1 48.4

TC (Qwen3-0.6B, Ctx=32K, W= + ∞) 2.48 4.82 3.43 2.83 2.57 2.51

PM (Qwen3-8B, Ctx=32K, W= + ∞) OoM 37.2 43.7 57.5 85.4 141.1

TC (Qwen3-8B, Ctx=32K, W= + ∞) OoM 9.96 8.91 8.25 7.81 7.84

PM (Qwen3-32B, Ctx=32K, W= + ∞) OoM 106.4 126.5 167.2 OoM OoM

TC (Qwen3-32B, Ctx=32K, W= + ∞) OoM 33.05 30.23 27.79 OoM OoM

PM (Qwen3-32B, Ctx=64K, W= + ∞) OoM 122.9 142.8 183.5 OoM OoM

TC (Qwen3-32B, Ctx=64K, W= + ∞) OoM 96.68 89.02 82.78 OoM OoM

PM (Qwen3-32B, Ctx=64K, W=1024) OoM 122.9 142.8 183.5 OoM OoM

TC (Qwen3-32B, Ctx=64K, W=1024) OoM 23.26 18.94 18.01 OoM OoM

Table 1: Single-device performance for Qwen3 at various model and context scales. In the table,
T indicates the subsequence length scheduled to train per stage, PM represents the peak training
memory usage (GiB), and TC denotes the total training time (sec) required to process a full sequence.

5 Conclusion
MetroRLHF1 demonstrates that the computation already performed during RLHF inference can be
turned into a memory-saving asset for the later training phase. By materializing the inference-phase
K,V context, it freely removes the inter-token causal constraints. Therefore, RLHF training phase
can be carried out on memory-affordable subsequences while preserving the semantics of the full-
sequence training and further allow fine-grained “zero-reward shortcut”. Moreover, MetroRLHF can
also be seamlessly complementary with weight-focused optimization techniques to further reduce
memory footprint, such as mixed precision, QLoRA [25]. This synergy paves the way for adapting to a
wide range of resource-constrained environments while delivering reliable and efficient post-training.

MetroRLHF offers memory-effective training of RLHF with several important limitations:

1. Zero recomputation for on-policy RLHF. The fine-grain sequence streaming that MetroRLHF
enables relies on the context materialized in RLHF inference phase. In pre-training or supervised
fine-tuning (SFT), such a pre-existing cache is unavailable, which incurs recomputation overhead.

2. Requires an auto-regressive LLM. The “token dependency loop” is eliminated upon the causal
(unidirectional) attention pattern that is used in most LLMs. Architectures that employ non-causal
attention still preserve inter-token dependencies after the inference phase of RLHF, and these
dependencies cannot be stripped away without compromising computational semantics.

3. Cuts down activation memory only. MetroRLHF targets the instant sequence-memory reduction,
but it does not shrink the weight memory required by model parameters and optimizers.
1Details of MetroRLHF: https://github.com/MetroRLHF/MetroRLHF
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