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Figure 1 | Overview of TailSieve (left) and routing-with-speculation speedups on two Qwen3.5 models
(right).

Large-scale rollouts have become a core component of modern LLM systems, spanning reinforcement
learning (RL) post-training, on-policy distillation (OPD), and sampling-heavy evaluation pipelines. Unlike
online serving, which is typically optimized for request-level latency and throughput, a small number of
long-tail generations can dominate the end-to-end makespan of an entire rollout step. In practice, rollout
requests are often routed uniformly across replicas, which can place extremely long generations inside
high-concurrency decoding batches.
To address this, we present TailSieve, a partial-rollout-guided framework that jointly controls tail
routing and replica allocation for LLM rollouts. In an idealized setting with known completion lengths, we
show that makespan-optimal routing in the long-tail regime combines tail isolation with load balancing,
and that a simple top-𝑘 policy closely approximates this offline optimum. Leveraging the observation that
long-tail prompts tend to remain long-tailed across policy updates, TailSieve uses partial rollouts as a
training-free signal for identifying candidate tail groups. A hierarchical controller then jointly adapts
the number of isolated groups and the replica split between the tail and bulk pools using collected
response-work history and a measured concurrency–throughput model. TailSieve achieves up to 1.67×
routing-only speedup over uniform group routing. The resulting low-concurrency tail pool further enables
route-specialized speculative decoding with MTP or DFlash, achieving up to 2.59× speedup over uniform
routing. Selected prompts are regenerated under the current policy, preserving on-policy generation and
avoiding additional routing-induced length bias in steady state.
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1. Introduction

Large-scale rollouts have become a fundamental component of modern large language model (LLM) pipelines.
Reinforcement learning with verifiable rewards (RLVR) relies on repeatedly sampling responses and evaluating
them with objective reward signals (Guo et al., 2025), while on-policy distillation (OPD) trains a student model
on trajectories sampled from its own policy and supervised by a teacher model (Agarwal et al., 2024). Large-
scale rollout generation is also widely used for synthetic data generation and sampling-intensive evaluation,
such as pass@𝑘 and best-of-𝑁 evaluation (Wang et al., 2023; Chen et al., 2021). Across these settings, hundreds
or thousands of responses may be generated in each optimization step, making rollout generation a dominant
component of end-to-end training cost.

Unlike online serving systems, where the primary objectives are request-level latency, throughput, and
cost efficiency (Qiu et al., 2024; Liu et al., 2026c; Yuan et al., 2026; Hu et al., 2026), synchronous rollout
pipelines are governed by a different performance objective: step-level makespan. The optimization process
cannot proceed until a required set of generations is completed. Therefore, the completion time of a rollout
step is determined by the slowest unfinished requests. Since LLM response lengths exhibit strong skewness,
a small number of extremely long generations can dominate the overall execution time and stall the entire
rollout process.

The long-tail rollout problem has recently attracted increasing attention. Existing approaches mainly
improve rollout efficiency from three perspectives. First, asynchronous or partial-rollout systems (Fu et al.,
2025; Zhou et al., 2025; Qu et al., 2025; Kimi Team, 2025) reduce synchronization stalls by decoupling
generation from optimization or carrying unfinished trajectories across steps; these designs must manage policy
lag or cross-policy trajectory reuse. Second, tail-aware scheduling methods, including RollPacker (Gao et al.,
2026) and StreamRL (Zhong et al., 2026), exploit output-length skewness to rebalance generation workloads.
RollPacker improves efficiency through workload reorganization, while StreamRL relies on output-length
prediction for skewness-aware dispatching. Third, speculative rollout methods (Qin et al., 2026; Shao et al.,
2026; He et al., 2026; Xu et al., 2026; Liu et al., 2025a) accelerate decoding through prediction and verification,
improving per-request generation efficiency.

Yet even with perfect knowledge of response lengths, the optimal routing strategy remains unclear: How
should requests be distributed across replicas to minimize step-level makespan?

To answer this question, we begin by studying the offline optimal assignment, assuming that all response
lengths are known in advance. Our analysis shows that, in the long-tail regime, the optimum exhibits a
tail-isolation-with-balancing structure. It assigns a small number of extreme-tail requests to one replica, which
we call the tail replica, while routing most requests to the other, or bulk replica. A small amount of additional
traffic is assigned to the tail replica to balance the completion times of the two replicas. Thus, the optimum
balances replica completion times rather than request counts. Moreover, a simple top-𝑘 isolation policy recovers
most of the oracle gain without solving the full assignment problem (Sections 2.1 and 2.2; Figure 3).

This oracle result reveals the desired routing structure, but not how to realize it online. Response lengths are
unknown before generation, and the best routing configuration varies with both the response-work distribution
and concurrency-dependent decoding throughput. Consequently, neither a fixed isolation size nor a fixed
replica split is optimal across workloads. The key opportunity is that this evolution is gradual: prompts that
produce relatively long responses in one rollout round tend to remain relatively long in the next. Meanwhile,
the overall response-length distribution also evolves progressively as the policy is updated, allowing the routing
configuration to be tracked and adjusted online. We therefore use partial rollout to identify likely tail prompts
for the next round. Prompt groups that remain unfinished at the cutoff form a training-free, high-recall
candidate set (Section 2.3, Appendix B; Figure 4). An online hierarchical controller therefore jointly adjusts
the isolation size and replica split. Its inner loop balances pool completion times, while its outer loop balances
marginal-capacity pressure using response-work history and the measured concurrency–throughput model
(Section 2.4; Figure 5). Together, these mechanisms lead to TailSieve, a two-pool routing framework that
identifies likely tail prompts through partial rollout and adapts tail workload and replica capacity as the rollout
workload evolves.

Figure 1 illustrates the core design and headline results of TailSieve. Unlike predictor-based skewness-
aware dispatch, TailSieve requires no auxiliary length model; unlike asynchronous or partial-rollout systems,
it does not reuse unfinished trajectories across policy updates. Instead, it derives a training-free tail signal
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directly from partial rollout: groups unfinished at the cutoff become candidates for the next round and are
regenerated on low-concurrency tail replicas. An online controller jointly adapts tail workload and replica
capacity as the rollout workload evolves.

Unlike methods that drop long responses or accumulate them into separate tail-heavy rounds, TailSieve
only changes where long-tail prompts are executed. In steady state, regenerated tail responses and fresh bulk
responses remain interleaved within every update batch, and all consumed responses are sampled from scratch
under the current policy. Therefore, TailSieve preserves on-policy generation and introduces no additional
routing-induced length bias.

Our contributions are summarized as follows:

• We formulate long-tail-aware rollout routing as a step-level makespan minimization problem and char-
acterize the offline optimum in the long-tail regime. The optimum follows tail isolation with load
balancing, and a simple top-𝑘 policy closely approximates the exact oracle.

• We develop TailSieve, a partial-rollout-guided framework for joint workload and replica allocation.
Partial rollout provides a training-free prompt-level tail signal, while a hierarchical controller adjusts the
isolated workload and replica split using pool completion times, response-work history, and measured
decoding throughput. Regenerating selected prompts under the current policy preserves on-policy
generation without introducing additional routing-induced length bias in steady state.

• We co-design tail routing with route-specialized speculative decoding and evaluate the resulting system
across five Qwen models and two rollout workloads. TailSieve achieves up to 1.67× routing-only
speedup and up to 2.59× speedup with MTP or DFlash; end-to-end GRPO experiments further show that
these gains persist as the policy and rollout distribution evolve.

2. Motivating Observations

We begin with a simple question: if we knew which generations were going to be long, how should they be
routed across replicas?

2.1. Optimal Routing in Long-Tailed Rollouts: Tail Isolation with Load Balancing

To separate the routing problem from the uncertainty of length prediction, we first study an idealized long-tail
regime where a small fraction of generations is substantially longer than the bulk and the completion lengths
of all rollout requests are known. In this regime, uniform request-count balancing can place an extreme-tail
generation inside a high-concurrency batch, allowing it to dominate rollout makespan. We focus on the decode
phase and adopt an all-admit execution model.

Figure 2 summarizes the measured decode-throughput model and its implication for rollout time. The
per-request decoding throughput 𝑣(𝑏) generally decreases as the active batch size 𝑏 increases, although the
aggregate throughput 𝑏𝑣(𝑏) may still improve. Since rollout makespan is measured in time, we convert
throughput into per-token decoding time:

𝜏(𝑏) = 1
𝑣(𝑏) .

For a replica assigned 𝑛 requests, let their completion lengths be sorted in descending order:

𝐿1 ≥ 𝐿2 ≥ · · · ≥ 𝐿𝑛.

During the interval from 𝐿 𝑗+1 to 𝐿 𝑗, there are 𝑗 active requests on the replica. Therefore, the total completion
time can be formulated as

𝑇total =
𝑛∑︁
𝑗=1

𝜏( 𝑗)
(
𝐿 𝑗 − 𝐿 𝑗+1

)
, 𝐿𝑛+1 = 0.

Equivalently, the completion time can be rewritten as

𝑇total =
𝑛∑︁
𝑗=1

𝐿 𝑗 (𝜏( 𝑗) − 𝜏( 𝑗 − 1)) , 𝜏(0) = 0.
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Figure 2 | Measured decode throughput versus active batch size (a) and the resulting replica-time decomposition
(b).

For the 𝑗-th longest request, the additional cost can be formulated as its length 𝐿 𝑗, multiplied by the
additional per-token decoding time caused by increasing the active batch size from 𝑗 − 1 to 𝑗. Thus, if a request
of length 𝐿 is assigned to a replica that already contains 𝑐 longer requests, its marginal routing cost is

Δ𝑇 (𝐿, 𝑐) = 𝐿 (𝜏(𝑐 + 1) − 𝜏(𝑐)) .

We evaluate the optimal routing on sampled rollout groups with 𝑁 = 100 requests from real rollout traces
and solve this problem under our measured-throughput model exactly using a Bellman-style dynamic program
with Pareto pruning (Ehrgott, 2005), which reduces the effective search space from the naive 2100 states to
roughly 106–107 retained states in our workloads. This makes it practical to compute the exact offline optimum,
but it is still too expensive to use directly as an online routing algorithm.

The exact optimal solution in Figure 3(a) is highly imbalanced in terms of request count, but balanced in
terms of completion time. In our example, the tail lane contains only 4 responses while the bulk lane contains
96 responses, yet both replicas finish at nearly the same time. This matches the balancing condition of the
min-max objective: if one active replica finishes much earlier than another, then shifting a small amount of
workload from the slower replica to the faster one can reduce the maximum completion time. We provide a
formal proof of this balancing property in Appendix C.

This explains why the oracle is neither uniform routing nor pure tail-only routing. Uniform routing balances
request count but can place extreme long-tail generations inside high-concurrency batches. Pure tail-only
routing isolates the tail but can underutilize the tail replica. In the long-tail regime, the optimal strategy is
instead tail isolation with load balancing: isolate only the extreme long-tail generations, and use a small amount
of balancing traffic to keep replica completion times aligned.

2.2. Top-k Tail Isolation Closely Approximates the Long-Tail Optimum

Pareto pruning makes the exact oracle tractable but still far too expensive to place in the rollout critical path.
We therefore ask whether a much simpler online policy can recover most of the oracle benefit.

We consider a top-𝑘 tail-isolation policy. Given known completion lengths, the policy routes the 𝑘 longest
requests to a low-concurrency tail replica and routes all remaining requests to the bulk replica. It only uses a
single control variable, 𝑘, which determines how many tail requests are isolated.

Figure 3(b) compares this simple top-𝑘 policy against the optimal policy. When 𝑘 is too small, the bulk
replica remains slower because some extreme tail requests are still mixed into the high-concurrency bulk batch.
When 𝑘 is too large, the tail replica becomes slower because too many long-tailed requests are moved into
the low-concurrency lane. The best point appears near the load-balancing point, where the two replicas have
similar completion times.
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Notably, in Figure 3(b), top-𝑘 tail isolation achieves 54.84 s, recovering most of the improvement without
solving the full assignment problem. This result generalizes across 100 rollout groups of 100 trajectories each:
the best-𝑘 isolation policy stays within 4% of the exact offline optimum (Appendix A.4).

This establishes tail isolation with load balancing as the optimal routing structure in the long-tail regime.
The practical problem is therefore to determine how many candidate groups to isolate and how much replica
capacity to assign to them. Rather than attempting to reproduce the exact oracle online, TailSieve focuses
on identifying likely long-tail requests and jointly choosing the isolation size and replica allocation. The next
subsection shows that partial rollout provides an effective training-free signal, while Section 2.4 explains why
isolation size and replica capacity must be controlled jointly.

2.3. Partial Rollout Acts as a Training-Free Tail Filter

Partial rollout has recently emerged as an effective mechanism for improving rollout efficiency in LLM post-
training (Kimi Team, 2025; Zhou et al., 2025).

The original goal of partial rollout is to reduce synchronization stalls by allowing unfinished long generations
to be carried over and reused. Like RollPacker (Gao et al., 2026), we use unfinished generations as a signal for
identifying requests that are likely to fall into the long tail. However, TailSieve does not consolidate these
requests into separate tail-heavy rounds; it uses the signal to maintain a mixed tail–bulk pipeline at every
steady-state step. Figure 4 evaluates the quality of this signal.

Our cross-round use of this signal is motivated by a simple observation: long-tail prompts tend to remain
long-tailed across policy updates. Sampling randomness and policy evolution can change the exact response
length and shift the overall response-length distribution. Nevertheless, prompt identity remains a stable but
noisy cross-round signal: tail-ranking AUC stays above 0.95 across different policies, and prompt identity
explains 64.8% of response-length variation (Appendix B).

This observation does not assume that two generations of the same prompt have equal lengths, or that
the marginal response-length distribution remains stationary during training. It requires only that a prompt’s
relative tendency to appear in the long tail remains informative across adjacent policy updates. TailSieve
therefore transfers the prompt-level tail signal, rather than a previous trajectory or an absolute length estimate.

We quantify this effect by measuring the capture rate of ground-truth long-tail groups. Here, 𝜌 denotes the
cutoff percentage, or equivalently the fraction of excess candidates launched beyond the required rollout count.
At 𝜌 = 5%, 10%, and 25%, the partial-rollout filter captures 85%, 93%, and 95% of these groups, respectively.
The capture rate further increases for more extreme tail subsets, approaching 100% for the longest responses.

This makes partial rollout a natural training-free front-end for TailSieve: it provides the candidate tail set,
while TailSieve jointly determines how many candidates to isolate and how many replicas should serve the
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tail route.

2.4. Workload-Dependent Optima Motivate Hierarchical Control

Consider a tail-routing configuration (𝑞, 𝑚), where 𝑞 routing units are isolated in a tail pool served by 𝑚 of the
𝑅 replicas. The remaining 𝑁 − 𝑞 units and 𝑅 − 𝑚 replicas form the bulk pool. Its step makespan is

𝑇 (𝑞, 𝑚) =max{𝑇tail (𝑞, 𝑚), 𝑇bulk (𝑁 − 𝑞, 𝑅 − 𝑚)} .

The two control variables act differently: 𝑞 changes the workload assigned to each pool, whereas 𝑚 changes
both replica capacity and per-replica decoding concurrency. Their effects are therefore coupled.

Figure 5 evaluates this joint objective under weak-tail, measured, and strong-tail workloads, whose con-
struction is detailed in Appendix A.5. Each slice fixes a replica split and varies 𝑞. For every split, the marked
optimum 𝑞∗ (𝑚) changes with the workload. Comparing the best point across slices further shows that the
preferred replica split 𝑚∗ also changes. Thus, no fixed (𝑞, 𝑚) is optimal across workloads; uniform routing
appears as the 4:0 boundary.

Figure 5 | Joint-control landscapes showing that the optimal isolation size and replica split vary with tail
strength.

The tail-side decomposition explains why these optima move. For an isolated request 𝑖, let 𝑏base
𝑖

(𝑥) be
its active batch size at token 𝑥 under uniform routing and 𝑏tail

𝑖
(𝑥; 𝑞, 𝑚) the corresponding batch size under
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configuration (𝑞, 𝑚). With 𝜏(𝑏) denoting per-token decoding time, we use the aggregate proxy

Δ̃𝑇 tail (𝑞, 𝑚) =
∑︁
𝑖∈T𝑞

𝐿𝑖∑︁
𝑥=1

[
𝜏
(
𝑏base𝑖 (𝑥)

)
− 𝜏

(
𝑏tail𝑖 (𝑥; 𝑞, 𝑚)

)]
.

With [𝑧]+ =max(𝑧, 0), it decomposes into an early low-concurrency advantage and a late tail-concentration
penalty:

Δ̃𝑇 tail (𝑞, 𝑚) =
∑︁
𝑖∈T𝑞

𝐿𝑖∑︁
𝑥=1

[
𝜏
(
𝑏base𝑖 (𝑥)

)
− 𝜏

(
𝑏tail𝑖 (𝑥; 𝑞, 𝑚)

)]
+︸                                                  ︷︷                                                  ︸

early low-concurrency advantage

−
∑︁
𝑖∈T𝑞

𝐿𝑖∑︁
𝑥=1

[
𝜏
(
𝑏tail𝑖 (𝑥; 𝑞, 𝑚)

)
− 𝜏

(
𝑏base𝑖 (𝑥)

)]
+︸                                                  ︷︷                                                  ︸

late tail-concentration penalty

.

Together with the amount of isolated tail work𝑊tail (𝑞) =
∑

𝑖∈T𝑞 𝐿𝑖, this exposes three components: tail workload,
early low-concurrency advantage, and late concentration penalty. A workload change affects these components
differently, shifting both the marginal benefit of isolating another unit and that of assigning another tail
replica. Consequently, neither 𝑞∗ nor 𝑚∗ needs to vary monotonically with tail strength. The proxy explains this
movement rather than the exact makespan; Appendix D gives the replica-level formulation, and Figure D.1
provides a detailed decomposition of the gain regimes.

Although the optimizer moves with the workload, we find that two simple conditions characterize the
relaxed joint optimum. First, for a fixed replica split 𝑚, the isolation size 𝑞 is optimal when the two pools finish
at approximately the same time. Second, after balancing 𝑞, the replica split 𝑚 is optimal when the two pools
have comparable marginal-capacity pressure, so moving replica capacity in either direction no longer reduces
the predicted makespan. These conditions respectively yield the inner 𝑞-adjustment and outer 𝑚-adjustment;
uniform routing is the boundary solution (𝑞, 𝑚) = (0, 0). Section 3.2 describes how the controller estimates
and applies these conditions, while Appendices C.1 and C.2 provide their detailed derivations.

3. TailSieve Design

3.1. System Overview

Figure 6 illustrates the workflow of TailSieve. During warm-up, groups unfinished at the partial-rollout cutoff
become tail candidates for the next step. Joint execution regenerates these groups in the tail pool, while the
bulk pool processes fresh groups. Both are logical pools that may contain multiple replicas, and requests are
dispatched round-robin within each pool.

Each update combines all regenerated tail groups with the earliest completed bulk groups until the required
batch size is reached. Partial rollout transfers only prompt identities: no generated tokens, KV-cache state,
sampling state, or log-probabilities are reused. Every consumed response is regenerated from scratch under
the current policy.

For GRPO, one routing unit is a complete prompt group, so all responses associated with the same prompt
remain together. The hierarchical controller jointly chooses how many groups to isolate and how many replicas
to assign to the tail pool.

3.2. Hierarchical Tail-Pool Control

For a step requiring 𝑁 routing units on 𝑅 replicas, we represent the routing configuration at step 𝑡 by (𝑞𝑡, 𝑚𝑡),
where 𝑞𝑡 is the number of long-tail routing units regenerated in the tail pool and 𝑚𝑡 is the number of repli-
cas assigned to that pool. Uniform routing is the boundary configuration (𝑞, 𝑚) = (0, 0). For a candidate
configuration, the controller predicts the joint-execution makespan

𝑇𝑡 (𝑞, 𝑚) =max
{
𝑇 tail𝑡 (𝑞, 𝑚), 𝑇bulk𝑡 (𝑁 − 𝑞, 𝑅 − 𝑚)

}
.

The tail term covers the 𝑞 regenerated tail groups, whereas the bulk term covers the first 𝑁 − 𝑞 completions
from the fresh groups. TailSieve optimizes this discrete objective with a fast inner loop over 𝑞 and a slower
outer loop over 𝑚. Detailed proofs and implementation details for the inner completion-time balance and the
outer marginal-capacity controller are deferred to Appendices C.1 and C.2, respectively.
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Figure 6 | TailSieve workflow: warm-up tail identification, joint two-pool execution, and hierarchical control.

Inner loop: completion-time balance. For a fixed replica split 𝑚𝑡, the inner loop adjusts 𝑞𝑡 toward equal tail-
and bulk-pool makespans. It increases 𝑞𝑡 when the bulk pool is slower and decreases 𝑞𝑡 when the tail pool is
slower. After each settled step, TailSieve estimates the two processing rates as

𝑟bulk𝑡 =
𝑁 − 𝑞𝑡

𝑇bulk𝑡

, 𝑟tail𝑡 =
𝑞𝑡

𝑇 tail𝑡

.

The measured rates are smoothed using exponential moving averages. Based on the smoothed rates, the
estimated load-balancing point is

𝑞∗𝑡+1 = 𝑁
𝑟̄tail𝑡

𝑟̄bulk𝑡 + 𝑟̄tail𝑡

,

at which the two routes are expected to finish at approximately the same time.

Outer loop: marginal-capacity balance. After the inner loop settles, the outer loop decides whether more
replicas should be assigned to the tail pool or returned to the bulk pool. It uses the observed group-level
response-work distribution together with the measured concurrency–throughput curve to estimate the marginal
capacity of each pool, i.e., how much additional workload a pool can absorb when given more replica capacity
while keeping its completion time unchanged.

Specifically, the cutoff sensitivity 𝜆 𝑗 measures how sensitive pool 𝑗 is to moving additional groups across the
tail cutoff, while the throughput elasticity 𝛾 𝑗 measures how much its completion time benefits from a change in
concurrency. Let

𝛼 =
𝑚

𝑅

denote the fraction of replicas assigned to the tail pool. We define

𝑀tail =
𝛾tail
𝛼𝜆tail

, 𝑀bulk =
𝛾bulk

(1 − 𝛼)𝜆bulk
.

Intuitively, 𝑀 𝑗 measures how much extra workload pool 𝑗 can accommodate per unit of additional replica
capacity. If

𝑀tail > 𝑀bulk,
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allocating more capacity to the tail pool is more beneficial, and the controller proposes increasing 𝑚. Conversely,
if

𝑀tail < 𝑀bulk,

the controller proposes decreasing 𝑚 and returning capacity to the bulk pool.

This marginal-capacity comparison determines the local direction of replica adjustment. Since the predicted
makespan can be non-unimodal in 𝑚, the controller additionally evaluates candidate replica splits within a
radius of two using the complete distribution–throughput model and selects the split with the lowest predicted
makespan. A transition is executed only when a feasible cutoff exists and the predicted gain exceeds the
switching threshold, with at most one physical replica moved per decision.

3.3. Avoiding Routing-Induced Length Bias

Unlike tail-batching methods that accumulate long requests into separate tail-heavy rounds, TailSieve
continuously interleaves tail and bulk responses. It neither discards long-tail prompts nor moves them into
separate policy-update rounds. At every steady-state step, the update batch combines long-tail prompts retained
from the preceding prompt pool with the complementary bulk prompts from the current pool, preserving their
expected proportion in the update batch. All retained prompts are regenerated from scratch under the current
policy.

Consequently, TailSieve changes where prompts are executed without systematically changing the prompt
composition consumed by training. The overall response-length distribution may still evolve as the policy
changes, but this policy-induced drift is distinct from routing-induced selection bias. Relative to uniform routing
under the same current policy and prompt stream, TailSieve preserves on-policy generation and does not
introduce additional systematic bias toward shorter or longer responses in steady state.

The warm-up step has no preceding tail contribution, and changing 𝑞𝑡 introduces a short composition
transition. Changing 𝑚𝑡 alone only changes execution placement and does not alter the update batch. The
controller allows request-allocation transitions to settle before applying another adjustment. Appendix E
formalizes the idealized stationary case and characterizes deviations caused by policy and selector drift.

3.4. Route-Specialized Speculative Decoding

The tail replica naturally isolates requests that are likely to produce long responses, creating a low-concurrency
stream with a long decoding horizon. This workload is well suited to speculative decoding, while route isolation
prevents speculative verification from delaying high-concurrency requests on the bulk replica. More importantly,
the two replicas need not share the same speculative policy. The high-concurrency bulk replica can use a
conservative policy with a short draft depth, whereas the low-concurrency tail replica can use a more aggressive
policy with deeper drafts to amortize drafting and verification over long responses. TailSieve therefore
supports independently enabling and configuring speculation on the bulk and tail replicas, including the
backend and draft depth. We instantiate this design with two state-of-the-art speculative decoding backends:
the model’s native multi-token prediction (MTP) head (Qwen Team, 2026) and DFlash, which uses a lightweight
block-diffusion drafter to propose multiple tokens in parallel (Chen et al., 2026).

We also explored SuffixDecoding (Oliaro et al., 2025), as partial rollout naturally provides draft sequences
from the previous step. However, we observed two practical limitations. First, the average accepted length
remains modest without additional draft pre-generation, consistent with the observations in BubbleSpec (Xu
et al., 2026). Second, suffix retrieval does not always provide usable draft tokens for every query, resulting in a
mixture of single-token decode queries and variable-length verification queries. Such ragged query lengths
prevent full-batch CUDA-graph replay; supporting them requires capturing multiple token-count-specific graphs
and consuming additional GPU memory. This system’s overhead outweighed the limited acceptance gain and
we therefore do not enable suffix decoding by default.

Following the lossless speculative decoding formulation (Leviathan et al., 2023), both backends verify draft
tokens with the target model and preserve its output distribution.
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4. Evaluation

4.1. Experimental Overview

We evaluate TailSieve on five dense and mixture-of-experts model configurations. These include Qwen3.5-
35B-A3B, Qwen3.5-4B, and Qwen3.5-2B (Qwen Team, 2026), together with Qwen3-30B-A3B-Instruct-2507
and Qwen3-4B-Instruct-2507 (Yang et al., 2025).

All experiments run on the same eight-GPU server and use vLLM as the rollout backend (Kwon et al., 2023).
Paired baseline and TailSieve runs use the same sampling configuration and required routing-unit count 𝑁.
The large-model configurations use four TP2 replicas, while the 4B and 2B configurations use eight TP1 replicas.
The total replica budget remains fixed, while TailSieve jointly adjusts the routing-unit allocation and the
number of replicas assigned to the tail and bulk pools. The step-wise experiments draw mathematical reasoning
prompts from DeepScaleR (Agentica Team, 2025) and coding prompts from the KodCode-Light-RL-10K dataset
on Hugging Face (Xu et al., 2025); the end-to-end RL experiment uses only the mathematical prompts. We
use GRPO as the RL algorithm (Shao et al., 2024). In our GRPO experiments, one routing unit is a complete
prompt group containing eight responses. We use a maximum output length of 16K tokens. Approximately
3% of responses are truncated on the math workload, compared with only 0.1% on the coding workload. The
shared hardware, sampling configuration, and prompt templates are given in Appendix A.1; the step-wise and
end-to-end protocols are detailed in Appendices A.2 and A.3, respectively.

4.2. Main Results

We evaluate TailSieve after the joint allocation (𝑞, 𝑚) has converged and the system has entered steady-state
cross-round execution. We report its average step time over the next three consecutive rollout rounds. In each
round, the tail candidates selected in the preceding round are routed to the tail pool, while the current round
produces the candidate set for the next round. The baseline uses the same prompts and sampling seeds, and its
latency is averaged over three repeated runs.

All selected requests are regenerated from scratch: no partial responses or prefix tokens are reused, and all
KV-cache state is flushed between rounds. We use a rollout batch size of 64 groups, corresponding to 𝑁 = 64
routing units and 512 requests across all replicas.

We first disable speculative decoding and compare TailSieve with representative routing and scheduling
strategies under the same requests, model configuration, and total replica budget. Table 1 summarizes both
routing-only workloads.

Table 1 | Routing-only speedup over uniform group routing.

DeepScaleR

Routing policy Qwen3.5-35B-A3B Qwen3.5-4B Qwen3.5-2B Qwen3-30B-A3B Qwen3-4B

Uniform 1.000× 1.000× 1.000× 1.000× 1.000×
Uniform Oracle* 1.123× 1.151× 1.154× 1.085× 1.225×
StreamRL-style Oracle* 1.030× 1.113× 1.136× 0.928× 1.174×
Seer-style Oracle* 1.189× 1.162× 1.169× 1.082× 1.358×
TailSieve (Fixed Replica Allocation) 1.219× 1.199× 1.144× 1.112× 1.186×
TailSieve 1.346× 1.233× 1.180× 1.112× 1.254×

KodCode-10K

Routing policy Qwen3.5-35B-A3B Qwen3.5-4B Qwen3.5-2B Qwen3-30B-A3B Qwen3-4B

Uniform 1.000× 1.000× 1.000× 1.000× 1.000×
Uniform Oracle* 1.033× 1.001× 1.106× 1.083× 1.107×
StreamRL-style Oracle* 1.167× 1.033× 1.100× 1.094× 0.992×
Seer-style Oracle* 1.282× 0.971× 1.150× 1.062× 1.406×
TailSieve (Fixed Replica Allocation) 1.560× 1.310× 1.143× 1.166× 1.179×
TailSieve 1.670× 1.403× 1.214× 1.342× 1.442×

*Methods marked assume that realized generation lengths are known before routing.
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Figure 7 | Route-specialized speculative decoding (a) and hierarchical-controller convergence (b) on Qwen3.5-
35B-A3B.

Table 2 | Step-wise speedup over uniform routing with fixed replica allocation using routing alone, MTP, or
DFlash.

Model DeepScaleR KodCode-10K

Routing +MTP +DFlash Routing +MTP +DFlash

Qwen3.5-35B-A3B 1.219× 2.390× 2.181× 1.560× 2.586× 2.378×
Qwen3.5-4B 1.199× 2.414× 2.091× 1.310× 1.921× 1.774×
Qwen3.5-2B 1.144× 2.161× – 1.143× 2.349× –

− indicates that no official DFlash implementation is available for Qwen3.5-2B.

Uniform routing keeps each rollout group atomic, while Uniform Oracle uses known lengths to balance the
same complete groups across replicas. The StreamRL-style and Seer-style Oracle baselines also assume that
realized generation lengths are known before dispatch; Seer-style Oracle further distributes work at request
granularity to equalize the known length load across replicas. The fixed-allocation variant ablates TailSieve’s
outer replica loop. Appendix A.2 specifies the implementation of each routing policy.

We next combine TailSieve routing with speculative decoding. MTP uses 3 speculative tokens, while
DFlash uses a block size of 4. The routing-with-speculation results form the second part of our main compari-
son; Section 4.3 further isolates the effect of route-specific speculation, and Section 4.6 examines decoding
concurrency.

4.3. Route-Specialized Speculative Decoding

We further study how route specialization affects speculative decoding on Qwen3.5-35B-A3B, as shown in
Figure 7(a). For both MTP and DFlash, we compare the two systems under the same total speculation budget.
Let 𝑑base denote the method-specific proposal depth used on each baseline replica. The baseline uses the
symmetric configuration (𝑑base, 𝑑base), whereas TailSieve may choose route-specific depths satisfying

𝑑bulk + 𝑑tail = 2𝑑base.

For example, a baseline configuration of MTP-4/MTP-4 is compared with MTP-3 on the high-concurrency bulk
route and MTP-5 on the low-concurrency tail route. This matched-budget comparison allows TailSieve to shift
proposal depth from the less favorable bulk workload to the tail workload, where more aggressive speculation
remains beneficial. The two methods use the same requests and sampling seeds.
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Figure 8 | Thirty-step GRPO results for Qwen3.5-2B (top) and Qwen3.5-4B (bottom): generation time, reward,
and mean response length.

Across the evaluated budgets, route-specialized speculation consistently outperforms uniform routing. Tail
isolation also shifts the best speculation budget upward: the uniform baseline stops benefiting from additional
speculation earlier, whereas the isolated tail route remains effective with a more aggressive budget. Thus, tail
isolation both increases the gain from speculative decoding and extends its useful budget range.

4.4. Convergence from Different Initial Allocations

We evaluate both levels of the hierarchical controller while holding the request stream and all other parameters
fixed. For the inner loop, we hold the replica split fixed and initialize the isolation size from the minimum
(𝑞0 = 1), our empirical default, and the maximum (𝑞0 = 0.5𝑁). Figure 7(b) shows that all three trajectories
converge to 𝑞 = 4, whether they approach it from above or below. For the outer loop, we initialize the
replica allocation from uniform (𝑚0 = 0) and a tail-heavy split (𝑚0 = 3); both trajectories converge to 𝑚 = 2,
corresponding to a 2:2 bulk–tail split. Thus, both controller levels converge to the same allocation from
substantially different initial states.

4.5. End-to-End Rollout Generation during RL Training

Step-wise acceleration is useful only if it persists as the policy evolves. We therefore integrate TailSieve
into GRPO training and compare it with uniform routing under the same initialization, prompt order, number
of policy updates, and sampling configuration. Our end-to-end metric is the wall-clock time of the complete
rollout generation stage at each training step, including routing and controller execution. We exclude the
unchanged optimizer phase, which is outside the scope of rollout routing. Appendix A.3 provides the batch
construction, optimizer settings, and random seed.

Figure 8 shows that the generation-time improvement persists as the policy evolves on both models. On
Qwen3.5-2B, averaged over steps 1–30, routing-only TailSieve reduces generation time from 119.34 s to
82.49 s, a 30.9% reduction and 1.45× speedup. Combining routing with MTP reduces it further to 46.61 s, a
60.9% reduction and 2.56× speedup. Qwen3.5-4B exhibits substantial step-to-step variation in mean response
length as the prompt batch changes. TailSieve tracks these workload shifts and continues to reduce generation
time, while MTP provides a larger and more consistent reduction. Despite the natural evolution of response
length during training, the reward and mean-response-length curves remain comparable across the three runs
on both models. Thus, the observed acceleration does not come with a systematic shift in either training reward
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Table 3 | Downstream accuracy of base and RL-trained checkpoints; parentheses report percentage-point
changes from the corresponding base model.

Model Method
GSM8K
pass@1

MATH-500
pass@1

AIME24
pass@10

AIME25
pass@10

Qwen3.5-2B

Base model 9.40% 13.40% 30.00% 30.00%
Baseline 75.97% (+66.57) 76.20% (+62.80) 50.00% (+20.00) 43.33% (+13.33)
TailSieve (Routing-only) 76.57% (+67.17) 74.60% (+61.20) 53.33% (+23.33) 36.67% (+6.67)
TailSieve (MTP) 76.42% (+67.02) 74.40% (+61.00) 53.33% (+23.33) 53.33% (+23.33)

Qwen3.5-4B

Base model 89.61% 84.40% 90.00% 80.00%
Baseline 89.16% (−0.45) 88.80% (+4.40) 90.00% (+0.00) 86.67% (+6.67)
TailSieve (Routing-only) 89.46% (−0.15) 87.40% (+3.00) 93.33% (+3.33) 80.00% (+0.00)
TailSieve (MTP) 89.61% (+0.00) 86.60% (+2.20) 90.00% (+0.00) 83.33% (+3.33)

Table 4 | Routing-only speedup over uniform routing as rollout concurrency increases.

Model DeepScaleR KodCode-10K

N=64 N=128 N=256 N=64 N=128 N=256

Qwen3.5-35B-A3B 1.346× 1.199× 1.122× 1.670× 1.214× 1.142×
Qwen3.5-4B 1.233× 1.225× 1.191× 1.403× 1.453× 1.240×
Qwen3.5-2B 1.180× 1.129× 1.177× 1.214× 1.108× 1.101×
Qwen3-30B-A3B-Instruct-2507 1.112× 1.023× 1.121× 1.342× 1.163× 1.091×
Qwen3-4B-Instruct-2507 1.254× 1.215× 1.306× 1.442× 1.367× 1.248×

or average response length.

Table 3 shows that the final checkpoints from both TailSieve variants retain broadly comparable down-
stream accuracy to the baseline across all four benchmarks. We evaluate checkpoint quality on GSM8K and
MATH-500 (Cobbe et al., 2021; Lightman et al., 2024), and the 2024 and 2025 AIME problem sets (Mathemat-
ical Association of America, 2026), reporting pass@1 for the former and pass@10 for the latter.

4.6. Scaling with Concurrency

To isolate the effect of decoding concurrency from speculative decoding, we disable speculation and vary the
number of rollout groups. At each concurrency level, the baseline and routing configurations use the same
randomly sampled requests, sampling seeds, and generation settings. Table 4 shows the resulting wall-clock
speedups. Here, 𝑁 denotes the number of GRPO prompt groups, with eight responses per group.

5. Related Work

5.1. Long-Tail RL Rollouts and Partial Rollout

Long responses create synchronization bubbles in LLM RL. AReaL relaxes this barrier by decoupling rollout
generation from training (Fu et al., 2025). Kimi k1.5 reuses segments of previous trajectories (Kimi Team,
2025), while APRIL and CoPRIS overprovision rollouts and carry unfinished trajectories into later steps, with
CoPRIS correcting cross-policy reuse through importance sampling (Zhou et al., 2025; Qu et al., 2025).
RollPacker instead consolidates tail prompts into a small number of long rounds (Gao et al., 2026).

TailSieve uses unfinished requests differently. Their cutoff-time status serves only as a training-free tail
signal: generated prefixes are not reused, and every consumed response is regenerated from the original prompt
under the current policy. Rather than moving tails into separate tail-heavy rounds, TailSieve preserves a
mixed tail–bulk update stream and targets replica-level makespan within synchronous rollout.

5.2. Length-Aware Scheduling and Routing

Serving schedulers use proxy models, uncertainty-aware distributions, or entropy-guided representations to
predict response lengths (Qiu et al., 2024; Zheng et al., 2026; Xie et al., 2026). In RL systems, StreamRL
uses a learned output-length ranker for skewness-aware dispatching (Zhong et al., 2026), while Seer exploits
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similarities among responses to the same prompt through online context learning and divided rollout (Qin
et al., 2026).

TailSieve does not estimate exact completion lengths. It uses partial rollout as a high-recall tail filter, keeps
each policy-update group atomic, and jointly adjusts how many candidates to isolate and how many replicas to
assign to the tail pool. Its hierarchical controller uses measured tail–bulk completion times, response-work
history, and batch-dependent decoding throughput, removing the need for an auxiliary length predictor while
adapting both workload placement and replica capacity.

5.3. Speculative Rollout Decoding

Speculative rollout methods reduce generation cost using adaptive drafts, history from nearby rollouts, idle-
compute pre-generation, or improved multi-token prediction (Shao et al., 2026; He et al., 2026; Liu et al.,
2025a; Xu et al., 2026; Li et al., 2026). These techniques accelerate token generation, whereas TailSieve
shapes the concurrency at which generation runs. The two dimensions are complementary: tail isolation
creates a low-concurrency, long-horizon route on which deeper MTP or DFlash speculation can be applied
without imposing the same policy on the high-concurrency bulk route.

6. Conclusion

We presented TailSieve, a partial-rollout-guided framework that jointly allocates tail workload and replica
capacity to reduce long-tail stalls in synchronous LLM rollouts. Starting from an offline makespan formulation,
we showed that optimal routing in the long-tail regime combines tail isolation with load balancing, and that a
simple top-𝑘 policy closely approximates the oracle. TailSieve turns cutoff-time partial rollouts into a training-
free tail signal, while a hierarchical controller adjusts both the isolated workload and replica split using pool
completion times, response-work history, and measured decoding throughput. It keeps policy-update groups
intact and regenerates every consumed response under the current policy, preserving on-policy generation
without introducing additional routing-induced length bias in steady state.

Across the evaluated models and workloads, TailSieve achieves up to 1.67× routing-only speedup over
uniform group routing and up to 2.59× speedup when combined with route-specialized MTP or DFlash. End-
to-end GRPO experiments further show that the controller can track an evolving rollout distribution while
maintaining comparable training quality. The gains are strongest when long-tail requests determine the baseline
makespan and isolation provides a decoding concurrency advantage. These results establish joint tail-workload
and replica allocation as a practical complement to speculative decoding for synchronous LLM rollouts.
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Appendix

A. Additional Evaluation Details

A.1. Common Experimental Setup

All experiments run on one node with eight NVIDIA H100 GPUs, and rollout generation uses vLLM as the back-
end (Kwon et al., 2023). Our vLLM checkout is based on the Model Runner V2 (MRV2) DFlash implementation
in PR #44586, which provides full CUDA-graph support for DFlash. The evaluated configurations use four TP2
replicas for the two large models and eight TP1 replicas for the 4B and 2B models. The total replica budget is
fixed; TailSieve’s outer loop may reassign replicas between the tail and bulk pools at step boundaries. The
step-wise routing and MTP experiments use mathematical prompts from DeepScaleR (Agentica Team, 2025)
and bounded-reasoning coding prompts from KodCode/KodCode-Light-RL-10K (Xu et al., 2025). The
end-to-end RL experiment uses only the mathematical prompts. Paired baseline and TailSieve runs use the
same ordered prompt stream and sampling seeds.

Both the step-wise and end-to-end RL experiments use the shared rollout sampling configuration in Table A.1.

Table A.1 | Rollout sampling configuration shared by the step-wise and end-to-end RL experiments.

Parameter Setting

Maximum prompt length 512 tokens
Maximum response length 16,384 tokens

Temperature 0.7
Top-𝑝 0.8
Top-𝑘 20

Presence penalty 1.5
Thinking mode Disabled
Stop sequence <END>

Prompt templates. The mathematical workload has no explicit system message. Its single user message is:

Mathematics — User

\boxed{...}<END>
After <END>, stop immediately. Do not write any words, punctuation, newline, or
explanation after <END>.

The bounded-reasoning code workload is used only in the step-wise routing and MTP experiments. Its
messages are:

Code — System

You are an expert Python programmer.

Code — User

Solve the coding problem below. Provide your reasoning and explanation, including
the key algorithm, its correctness, important edge cases, and its time and space
complexity. Then provide exactly one complete Python function. After the function,
write <END> and stop immediately. Do not repeat or revise the answer.

Problem:
{question}

Required function:
{function_declaration}

Specification:
{docstring}
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A.2. Step-Wise Rollout Experiments

Routing-policy implementations. Uniform group routing keeps each prompt group atomic and distributes
groups evenly by count across homogeneous replicas. All policies labeled Oracle are supplied with the realized
generation length of every request before routing. Uniform Oracle keeps prompt groups atomic and distributes
complete groups across homogeneous replicas so that the total known generation length is as even as possible,
providing a group-level upper bound for uniform routing. StreamRL-style Oracle marks the longest 20% of
requests and sends them to dedicated low-concurrency replicas, modeling its skewness-aware dispatch (Zhong
et al., 2026). Seer-style Oracle removes prompt-group atomicity and balances known generation lengths across
individual requests, following its request-level divided-rollout design (Qin et al., 2026).

The fixed-allocation TailSieve variant uses the same partial-rollout selector and inner request-allocation
loop as the full system, but holds the replica split at 2:2 for four-TP2-replica configurations and 4:4 for
eight-TP1-replica configurations. Full TailSieve additionally enables the outer replica-allocation loop.

For the step-wise comparison, the baseline latency is averaged over three repeated runs. For the controller-
based method, we first allow the allocation 𝑘 to converge and then average the wall-clock time over the next
three consecutive rounds. The unfinished-request partition identified in one round is used to initialize the
following round, but generation itself always starts from the original prompt: no generated prefix is reused, all
cross-round KV state is flushed, and the reported speedup therefore does not rely on hidden prefix computation.
Unless an experiment explicitly changes the workload, both systems receive the same requests and are compared
using these respective three-measurement averages.

The initialization study uses paired traces across all starting allocations. For the output-length and con-
currency ablations, we vary one workload property at a time while holding the request trace and total token
workload fixed. Component ablations use the same measurement protocol as the main step-wise comparison.

A.3. End-to-End Mixed-Routing RL Training

The end-to-end experiment trains Qwen3.5-2B. To maintain training stability, we follow Dr. GRPO (Liu et al.,
2025c) for advantage normalization: advantages are mean-centered within each eight-response prompt group
but are not divided by the within-group reward standard deviation. The RL warm-up runs for one step with
the same batch size as training, and its responses are routed across all replicas. Its batch is reserved from the
end of the dataloader and excluded from training, so warm-up does not alter the data consumed by either the
baseline or routing run. The reward includes a DAPO-style linear overlength penalty (Yu et al., 2025). It is
zero up to 8,192 tokens and, for a response of length 𝐿 > 8,192, reduces the reward by (𝐿 − 8,192)/8,192. This
corresponds to a reduction of 0.125 per additional 1,024 tokens and reaches 1.0 at the 16,384-token limit.
Table A.2 reports the batch construction, optimizer settings, and random seed.

Table A.2 | Batch and optimizer configuration for the end-to-end mixed-routing RL experiment.

Parameter Setting

Batch size 64 groups × 8 responses = 512 trajectories
Training TP 1

Training micro-batch size 8
PPO clip ratio 0.2

Dual-clip coefficient 3.0
KL loss/reward Disabled
Entropy coefficient 0
Learning rate 2 × 10−7

Learning-rate schedule Constant
Adam betas (0.9, 0.999)
Weight decay 0.01
Gradient clipping 1.0
Random seed 42
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A.4. Offline Routing Simulation Across Rollout Groups

We repeat the offline routing comparison on 100 sampled rollout groups. Each group contains 100 trajectories
whose lengths are sampled from real rollout traces. The simulator’s GPU decoding characteristics are calibrated
using direct measurements from Qwen3.5-35B-A3B. For a routing policy with makespan 𝑇policy, we measure its
relative optimality gap as

𝑇policy − 𝑇opt

𝑇opt
,

where 𝑇opt is the exact offline optimum computed by the dynamic program. The per-group best-𝑘 isolation
policy is within 4% of the exact optimum for all 100 groups and within 1% for 72% of them. In comparison,
fixed 10% isolation and random uniform routing produce broader, right-shifted gap distributions, as shown in
Figure A.1.

0% 5% 10% 15% 20% 25%
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40%
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80%

Figure A.1 | Optimality-gap distributions across 100 rollout groups.

A.5. Tail-Strength Workload Construction

To vary tail strength without changing request identity or ordering, we derive the weak- and strong-tail
workloads from the same measured response-length trace used by the real workload. Let 𝑀 and 𝑃90 denote the
median and 90th-percentile length of the real trace, respectively. For a target ratio 𝑟, we transform only lengths
above the median:

𝐿′𝑖 (𝑟) =
{
𝐿𝑖, 𝐿𝑖 ≤ 𝑀,

𝑀 + 𝑠𝑟 (𝐿𝑖 − 𝑀), 𝐿𝑖 > 𝑀,
𝑠𝑟 =

𝑟𝑀 − 𝑀

𝑃90 − 𝑀
.

The weak- and strong-tail workloads use 𝑟 = 1.5 and 𝑟 = 6, respectively, while the real workload directly uses
the original lengths. Because 𝑠𝑟 > 0, the transformation preserves the ordering of requests. It also leaves
the lower half and median unchanged and maps the original 𝑃90 to 𝑟𝑀, making 𝑃90/𝑃50 = 𝑟. Thus, the three
workloads differ only in the scale of the upper tail. Table A.3 summarizes their resulting length statistics.

Table A.3 | Construction and length statistics of the weak-, real-, and strong-tail workloads.

Scene Length construction 𝑃50 𝑃90 𝑃90/𝑃50 Maximum

Weak Tail Compress the upper half 1,160 1,740 1.5 3,206
Real Workload Original lengths 1,160 4,115 3.547 11,800
Strong Tail Stretch the upper half 1,160 6,960 6.0 22,094

B. Long-Tail Prompts across Policy Updates

We analyze whether long-tail behavior is driven primarily by sampling randomness, policy changes, or the
prompt. We do not assume that absolute response lengths or the marginal length distribution remain fixed
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Figure B.1 | Prompt-tail ranking stability across checkpoints and response-length variance decomposition.

during training. Instead, we ask whether prompt identity remains the dominant source of cross-request length
heterogeneity. Let 𝐿𝑖,𝑠,𝑟 denote the raw response length for prompt 𝑖, checkpoint 𝑠, and sampling repeat 𝑟. We
use 𝐼 = 64 prompts, 𝑆 checkpoints, and 𝑅 = 8 samples per prompt and checkpoint, without normalizing the
lengths.

Cross-checkpoint tail ranking. For each prompt and checkpoint, we first average its eight sampled lengths,

𝐿𝑖,𝑠 =
1
𝑅

𝑅∑︁
𝑟=1

𝐿𝑖,𝑠,𝑟 .

For a source checkpoint 𝑠, we define its tail set T𝑠 as the ⌈0.1𝐼⌉ = 7 prompts with the largest 𝐿𝑖,𝑠. At a target
checkpoint 𝑡, we use 𝐿𝑖,𝑡 as the ranking score and compute

AUC(𝑠, 𝑡) = Pr
(
𝐿𝑖,𝑡 > 𝐿 𝑗,𝑡 | 𝑖 ∈ T𝑠, 𝑗 ∉ T𝑠

)
.

Figure B.1 reports 0.957–0.985 for adjacent checkpoints and 0.952–0.985 when checkpoint 1 ranks checkpoints
through 30, well above the random baseline of 0.5.

Variance contribution. We further apply a two-factor decomposition directly to 𝐿𝑖,𝑠,𝑟:

𝑆𝑆total = 𝑆𝑆prompt + 𝑆𝑆checkpoint + 𝑆𝑆interaction + 𝑆𝑆sampling.

Using dots to denote averages over the corresponding indices, the main terms are

𝑆𝑆prompt = 𝑆𝑅
∑︁
𝑖

(𝐿𝑖.. − 𝐿...)2, 𝑆𝑆checkpoint = 𝐼𝑅
∑︁
𝑠

(𝐿.𝑠. − 𝐿...)2,

and
𝑆𝑆sampling =

∑︁
𝑖,𝑠,𝑟

(𝐿𝑖,𝑠,𝑟 − 𝐿𝑖𝑠.)2,

with the interaction given by the remaining between-cell variation. Each contribution is normalized as

𝑝 𝑓 =
𝑆𝑆 𝑓

𝑆𝑆total
× 100%.

Across tracks, prompt identity contributes 64.8% on average, compared with 26.1% from sampling and 2.2%
from checkpoints; the remaining 6.9% is prompt–checkpoint interaction.

These results do not imply that sampling randomness has no effect, that the overall response-length
distribution is stationary, or that an individual prompt can never move into or out of the tail. Instead, they
support the simpler intuition used by TailSieve: long-tail prompts tend to remain long-tailed across adjacent
policy updates because differences between prompts dominate the variation introduced by sampling and the
evaluated policy changes. Consequently, TailSieve can use an unfinished prompt group as a noisy cross-round
tail signal without requiring the regenerated trajectory to reproduce its previous response length.
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C. Optimality Conditions for Hierarchical Allocation

C.1. Inner-Loop Completion-Time Balance

We first show the balancing property under a continuous relaxation of the routing problem, where an infinitesi-
mal amount of workload can be shifted between replicas.

Consider two active replicas 𝑎 and 𝑏, with completion times 𝑇𝑎 and 𝑇𝑏. Suppose, for contradiction, that an
optimal solution satisfies

𝑇𝑎 > 𝑇𝑏.

Let 𝛿 = 𝑇𝑎 − 𝑇𝑏 > 0. Under the continuous relaxation, we can shift an infinitesimal amount 𝜖 of workload from
the slower replica 𝑎 to the faster replica 𝑏. Let 𝑐𝑎 > 0 denote the marginal decrease in 𝑇𝑎, and let 𝑐𝑏 > 0 denote
the marginal increase in 𝑇𝑏. For sufficiently small 𝜖, the updated completion times satisfy

𝑇 ′
𝑎 = 𝑇𝑎 − 𝑐𝑎𝜖 + 𝑜(𝜖),

and
𝑇 ′
𝑏 = 𝑇𝑏 + 𝑐𝑏𝜖 + 𝑜(𝜖).

Since 𝑇𝑏 < 𝑇𝑎, we can choose 𝜖 small enough such that

𝑇 ′
𝑏 < 𝑇𝑎.

At the same time,
𝑇 ′
𝑎 < 𝑇𝑎.

Therefore,
max{𝑇 ′

𝑎, 𝑇
′
𝑏} < 𝑇𝑎 =max{𝑇𝑎, 𝑇𝑏},

which contradicts the optimality of the original solution. Thus, in the continuous relaxation, an optimal
min-max routing solution equalizes the completion times of all active replicas.

In the discrete routing problem, requests are indivisible, so exact equality of replica completion times is not
always guaranteed. Instead, the optimal solution is balanced up to the granularity of movable requests. Let 𝑆𝑟
denote the set of requests assigned to replica 𝑟, and let

𝑀 =max
𝑟

𝑇𝑟 (𝑆𝑟)

be the makespan of a discrete assignment. For any bottleneck replica 𝑎 with 𝑇𝑎 (𝑆𝑎) = 𝑀, if there exists a request
𝑞 ∈ 𝑆𝑎 and another replica 𝑏 such that moving 𝑞 from 𝑎 to 𝑏 yields

𝑇𝑎 (𝑆𝑎 \ {𝑞}) < 𝑀

and
𝑇𝑏(𝑆𝑏 ∪ {𝑞}) < 𝑀,

while all other replicas remain below 𝑀, then the new assignment has a strictly smaller makespan. This
contradicts the optimality of the original assignment. Therefore, a discrete optimal assignment may not make
all replicas finish exactly at the same time, but it admits no workload reassignment that can further reduce the
maximum completion time.

Discrete update. To avoid reacting aggressively to noisy step-time measurements, TailSieve adjusts 𝑞𝑡
using a damped momentum update toward 𝑞∗

𝑡+1. The maximum change in each adjustment is bounded, and
an update is applied only when the predicted makespan improvement is sufficiently large. After 𝑞𝑡 changes,
TailSieve holds the new value until the cross-round transition has settled—one step after an increase and two
steps after a decrease—before making another decision. This prevents overlapping transitions and frequent
oscillation.

The balancing condition also explains the responses observed in the oracle routing result. The oracle does
not balance the number of requests across replicas; instead, it assigns a small amount of additional workload
to the faster tail replica whenever doing so reduces the bottleneck completion time without making the tail
replica the new bottleneck.
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C.2. Outer-Loop Marginal-Capacity Balance

Continuous condition. Let 𝑝 be the fraction of routing units assigned to the tail pool and 𝛼 the fraction of
replicas serving it. Define

𝐴(𝑝, 𝛼) = 𝑇 tail (𝑝, 𝛼), 𝐵(𝑝, 𝛼) = 𝑇bulk (𝑝, 𝛼).
Locally, moving more traffic to the tail pool makes it slower and the bulk pool faster, whereas moving more
replicas to the tail pool has the opposite effect:

𝐴𝑝 > 0, 𝐵𝑝 < 0, 𝐴𝛼 < 0, 𝐵𝛼 > 0.

For a fixed 𝛼, the inner-loop equilibrium 𝑝∗ (𝛼) satisfies

𝐴(𝑝∗ (𝛼), 𝛼) − 𝐵(𝑝∗ (𝛼), 𝛼) = 0.

Implicit differentiation gives
𝑑𝑝∗

𝑑𝛼
= − 𝐴𝛼 − 𝐵𝛼

𝐴𝑝 − 𝐵𝑝

.

The balanced completion time seen by the outer loop is

Φ(𝛼) = 𝐴(𝑝∗ (𝛼), 𝛼) = 𝐵(𝑝∗ (𝛼), 𝛼) .

Therefore,
𝑑Φ

𝑑𝛼
= 𝐴𝛼 + 𝐴𝑝

𝑑𝑝∗

𝑑𝛼
=

𝐴𝑝𝐵𝛼 − 𝐴𝛼𝐵𝑝

𝐴𝑝 − 𝐵𝑝

.

At an interior stationary point, 𝑑Φ/𝑑𝛼 = 0, and hence

𝐴𝑝𝐵𝛼 = 𝐴𝛼𝐵𝑝, or equivalently
−𝐴𝛼

𝐴𝑝

=
𝐵𝛼

−𝐵𝑝

.

The left ratio is the additional tail traffic that can be absorbed per incremental increase in tail capacity without
changing the tail completion time. The right ratio is the traffic that must leave the bulk pool under the
corresponding capacity loss. Their equality is the marginal-capacity balance condition.

To express the condition as a replica fraction, define the per-replica concurrencies

𝑏tail =
𝑁𝑝

𝑅𝛼
, 𝑏bulk =

𝑁 (1 − 𝑝)
𝑅(1 − 𝛼) ,

the local completion-time elasticities

𝛾tail =
𝜕 ln 𝐴

𝜕 ln 𝑏tail
, 𝛾bulk =

𝜕 ln 𝐵
𝜕 ln 𝑏bulk

,

and the marginal cutoff pressures

𝜆tail =
𝜕 ln 𝐴
𝜕𝑝

, 𝜆bulk = −𝜕 ln 𝐵
𝜕𝑝

.

At the inner-loop equilibrium, where 𝐴 = 𝐵, these definitions imply

𝐴𝑝 = 𝐴𝜆tail, 𝐵𝑝 = −𝐵𝜆bulk,

and
𝐴𝛼 = − 𝐴𝛾tail

𝛼
, 𝐵𝛼 =

𝐵𝛾bulk
1 − 𝛼

.

Substitution into the marginal-capacity condition yields

𝛼𝜆tail𝛾bulk = (1 − 𝛼)𝛾tail𝜆bulk,

and therefore
𝛼∗ =

𝛾tail𝜆bulk
𝛾tail𝜆bulk + 𝛾bulk𝜆tail

.

For a homogeneous workload, the two pools have the same local elasticity and differ only through their
per-replica routing-unit counts. In that limit, 𝜆tail ≃ 𝛾/𝑝 and 𝜆bulk ≃ 𝛾/(1 − 𝑝), so the expression reduces to
𝛼∗ = 𝑝. The two pools then have equal per-replica loads and are operationally equivalent to uniform routing.
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Discrete controller. The outer loop runs only after the inner loop has settled at 𝑞𝑡. For each candidate replica
count 𝑚, the predicted group-work distribution and the measured concurrency–throughput curve determine

𝑇𝑡 (𝑞𝑡, 𝑚) =max
{
𝑇 tail𝑡 (𝑞𝑡, 𝑚), 𝑇bulk𝑡 (𝑁 − 𝑞𝑡, 𝑅 − 𝑚)

}
.

The prediction is evaluated directly on integral group and replica counts. This matters because batching
thresholds and the measured serving curve can make the objective non-unimodal, so a derivative or a closed-
form replica ratio need not identify the best nearby allocation.

The controller searches all valid splits within radius two of the current allocation,

M𝑡 = {𝑚 : 1 ≤ 𝑚 < 𝑅, |𝑚 − 𝑚𝑡 | ≤ 2} ,

and separately includes the uniform boundary configuration (0, 0). Let F𝑡 ⊆ M𝑡 be the subset that passes the
local feasibility test described below, and define

C𝑡 = {(𝑞𝑡, 𝑚) : 𝑚 ∈ F𝑡} ∪ {(0, 0)}.

The model-predictive target is
(𝑞̃𝑡, 𝑚★

𝑡 ) ∈ arg min(𝑞,𝑚) ∈C𝑡

𝑇𝑡 (𝑞, 𝑚).

Only the first unit move toward this target is applied:

𝑚𝑡+1 = 𝑚𝑡 + clip(𝑚★
𝑡 − 𝑚𝑡,−1, 1).

The inner loop then rebalances 𝑞 under the new split before the outer loop is invoked again. This receding-
horizon update explores nearby non-monotone allocations while limiting each decision to one physical replica.

Deadline feasibility. Consider increasing the tail allocation from 𝑚𝑡 to a candidate 𝑚 > 𝑚𝑡. At the current
predicted barrier deadline, let 𝐺tail (𝑚) be the additional number of groups that the enlarged tail pool can finish,
and let 𝐷bulk (𝑚) be the number of groups that the reduced bulk pool can no longer finish. The candidate is
locally feasible only if

𝐺tail (𝑚) ≥ 𝐷bulk (𝑚).

For 𝑚 < 𝑚𝑡, the same test is applied with the two pools exchanged. This condition excludes replica transfers
whose gained capacity cannot absorb the work displaced from the pool that loses a replica.

Feasibility guarantee. Under the predicted serving model, the test above is sufficient to preserve the current
barrier deadline. The pool that loses a replica retains every group it can still complete by the deadline and
releases the remaining 𝐷bulk groups. The enlarged tail pool has 𝐺tail additional group slots by the same deadline.
Because 𝐺tail ≥ 𝐷bulk, all released groups can be reassigned without extending the barrier. The reverse transfer
follows by exchanging the pool labels.

The current split remains a candidate, so the outer loop can leave the allocation unchanged. The uniform
boundary is selected when its predicted makespan is no larger than that of any feasible split; hence (𝑞, 𝑚) = (0, 0)
follows from the same joint allocation objective.

D. Exact Makespan and Tail-Side Proxy

For a routing policy 𝑝 ∈ {base, tail}, let 𝑆𝑝
𝑟 denote the set of requests assigned to replica 𝑟. The active batch size

at decoding position 𝑥 is
𝑏
𝑝
𝑟 (𝑥) =

∑︁
𝑖∈𝑆𝑝

𝑟

1{𝐿𝑖 ≥ 𝑥}.

Under the all-admit decoding model, the completion time of replica 𝑟 is

𝑇
𝑝
𝑟 =

𝐿
𝑝
𝑟,max∑︁
𝑥=1

𝜏
(
𝑏
𝑝
𝑟 (𝑥)

)
, 𝐿

𝑝
𝑟,max =max

𝑖∈𝑆𝑝
𝑟

𝐿𝑖.
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Equivalently, the same wall-clock time can be distributed evenly among the requests active at each decoding
position:

𝑇
𝑝
𝑟 =

∑︁
𝑖∈𝑆𝑝

𝑟

𝐿𝑖∑︁
𝑥=1

𝜏
(
𝑏
𝑝
𝑟 (𝑥)

)
𝑏
𝑝
𝑟 (𝑥)

.

To see the equivalence, note that exactly 𝑏𝑝𝑟 (𝑥) requests are active at position 𝑥. Therefore,∑︁
𝑖∈𝑆𝑝

𝑟

1{𝐿𝑖 ≥ 𝑥}
𝜏
(
𝑏
𝑝
𝑟 (𝑥)

)
𝑏
𝑝
𝑟 (𝑥)

= 𝜏
(
𝑏
𝑝
𝑟 (𝑥)

)
.

Thus, the factor 1/𝑏𝑝𝑟 (𝑥) prevents the same concurrent wall-clock interval from being counted once for every
active request.

The exact rollout-step makespan is determined by the slowest replica:

𝑇
𝑝
step =max𝑟 𝑇

𝑝
𝑟 ,

and the exact gain of tail routing is

Δ𝑇step (𝑞, 𝑚) = 𝑇basestep − 𝑇 tailstep (𝑞, 𝑚).

For request 𝑖, let 𝑏𝑝
𝑖
(𝑥) denote the active batch size of the replica serving it under policy 𝑝; under tail routing,

this batch size depends on (𝑞, 𝑚). In the main text, we use the tail-side proxy

Δ̃𝑇 tail (𝑞, 𝑚) =
∑︁
𝑖∈T𝑞

𝐿𝑖∑︁
𝑥=1

[
𝜏
(
𝑏base𝑖 (𝑥)

)
− 𝜏

(
𝑏tail𝑖 (𝑥; 𝑞, 𝑚)

)]
.

Unlike the exact per-request decomposition above, this proxy does not divide each shared decoding interval by
the number of active requests. It therefore measures aggregate concurrency exposure over the isolated tail set
rather than exact wall-clock time. Moreover, the exact rollout-step objective takes the maximum completion
time across all replicas, whereas the proxy only describes the isolated tail requests.

We use this proxy only to interpret the early low-concurrency advantage and the late tail-concentration
penalty. All oracle values and reported speedups are computed using the exact replica-level makespan or
measured end-to-end execution time.

Figure D.1 illustrates four representative regimes. Routing gains weaken when the tail workload is too
small, the tail route becomes overloaded, or isolation loses its low-concurrency advantage.

D.1. Transition to Uniform Routing during RL Training

In the Qwen3.5-2B run, the joint controller selects the uniform-routing boundary after step 8 and keeps MTP
enabled. To isolate the contribution of routing before this transition, we compare TailSieve with MTP against
an All-MTP baseline that uses MTP under uniform routing over steps 1–8.

E. Analysis of Routing-Induced Length Bias

We distinguish natural policy-induced distribution drift from bias introduced by routing. The marginal response-
length distribution may change as the policy evolves; our question is whether the cross-round routing pipeline
shifts the distribution relative to generation under the same current policy and prompt stream. We first analyze
an idealized stationary setting with a fixed policy, which isolates the effect of request composition. Let

X𝑡 = {𝑋𝑡,1, . . . , 𝑋𝑡,𝑁 }

be a fresh pool of 𝑁 requests with prompt distribution 𝑃𝑋 . We require consecutive pools to have the same
marginal law, X𝑡

𝑑
= X𝑡′ , but do not require them to be independent across steps. Thus, the result also covers, for
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Figure D.1 | Gain regimes for fixed top-10% isolation under a fixed replica split.

example, a stationary ordered or without-replacement prompt stream. For a fixed policy 𝜋, let 𝑌 (𝑋;𝜋, 𝜉) denote
the response generated from request 𝑋 with fresh sampling randomness 𝜉, and let 𝐿(𝑌 ) denote its length. For
any measurable length interval 𝐴, define the prompt-conditional probability

𝑝𝐴 (𝑋) = Pr
𝜉
[𝐿(𝑌 (𝑋;𝜋, 𝜉)) ∈ 𝐴 | 𝑋]

and the population response-length distribution

𝑃𝜋(𝐴) = 𝔼𝑋∼𝑃𝑋 [𝑝𝐴 (𝑋)].

For a stable allocation, let 𝑛tail + 𝑛bulk = 𝑁. We idealize the tail selector as prompt-conditioned: applying the
same selection rule to each pool partitions it into

X𝑡 = T𝑛tail (X𝑡) ⊎ F𝑛bulk (X𝑡),

where the two sets contain 𝑛tail and 𝑛bulk requests, respectively. The selector need not identify the true longest
requests; it only needs to depend on the prompt associated with each request and remain unchanged across
identically distributed pools. This idealization captures the intuition that long-tail prompts tend to remain
long-tailed, while separating that prompt-level signal from trajectory-level sampling noise.

Let G𝜋(S) denote independent generation under 𝜋 for every request in S. For a request set S, define its
expected number of responses in 𝐴 as

𝐶𝐴 (S) =
∑︁
𝑋∈S

𝑝𝐴 (𝑋).

For a generated update batch B𝑡, define

𝑃̂B𝑡
(𝐴) = 1

𝑁

∑︁
𝑌 ∈B𝑡

1{𝐿(𝑌 ) ∈ 𝐴}.

Unless stated otherwise, expectations below are joint over the request pool, fresh generation randomness, and
any prompt-conditioned randomness used by the selector. The equality is therefore a population statement: a
realized finite batch can deviate from it through sampling variance.

For a fixed-size prompt group, the same result follows by applying this argument to each response in the
group and averaging over the group. TailSieve always routes and regenerates the complete group together.
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Stable allocation. When the two allocations remain fixed, the tail route regenerates the selected requests
from the preceding pool, while the bulk route generates the complementary requests from the current pool.
The update batch is therefore

B𝑡 = G𝜋

(
T𝑛tail (X𝑡−1)

)
⊎ G𝜋

(
F𝑛bulk (X𝑡)

)
.

Since X𝑡−1 and X𝑡 are identically distributed and use the same prompt-conditioned selector,

𝔼
[
𝑃̂B𝑡

(𝐴)
]
=
1
𝑁
𝔼
[
𝐶𝐴

(
T𝑛tail (X𝑡−1)

)
+ 𝐶𝐴

(
F𝑛bulk (X𝑡)

) ]
=
1
𝑁
𝔼
[
𝐶𝐴

(
T𝑛tail (X𝑡)

)
+ 𝐶𝐴

(
F𝑛bulk (X𝑡)

) ]
=
1
𝑁
𝔼 [𝐶𝐴 (X𝑡)] = 𝑃𝜋(𝐴).

Thus, repeated generations of the same prompt or prompt group need not have identical lengths. Under the
stated fixed-policy idealization, fresh regeneration and cross-round recombination do not introduce routing-
induced length bias: 𝑃̂B𝑡

(𝐴) is an unbiased estimator of the same-policy population 𝑃𝜋(𝐴) for every measurable
interval 𝐴. This comparison is against generation under the same policy; it does not assert that the population
distribution remains unchanged across policy updates.

Increasing the tail allocation. Suppose the load balancer increases the tail allocation by Δ > 0:

𝑛tail,+ = 𝑛tail + Δ, 𝑛bulk,+ = 𝑁 − 𝑛tail,+.

The new allocations are applied when partitioning X𝑡. After one pipeline step, the update batch takes the
canonical request-composition form

B𝑡+1 = G𝜋

(
T𝑛tail,+ (X𝑡)

)
⊎ G𝜋

(
F𝑛bulk,+ (X𝑡+1)

)
.

Applying the stable-allocation argument gives

𝔼
[
𝑃̂B𝑡+1 (𝐴)

]
= 𝑃𝜋(𝐴) .

Provided that no new allocation change is applied during settlement, the canonical prompt composition is
restored one step after increasing the tail allocation, eliminating the routing-induced deviation in this idealized
setting.

Decreasing the tail allocation. Suppose the load balancer decreases the tail allocation by Δ > 0:

𝑛tail,− = 𝑛tail − Δ, 𝑛bulk,− = 𝑁 − 𝑛tail,− .

At the time of this decision, the existing tail-request pool was constructed using the previous tail allocation 𝑛tail

and therefore contains Δ more requests than the new tail replica requires. Assuming a nested selector, the old
tail set can be decomposed as

T𝑛tail (X𝑡) = T𝑛tail,− (X𝑡) ⊎ EΔ (X𝑡),
where EΔ contains the Δ residual requests.

Since TailSieve does not drop requests, these residual requests must first be drained or reassigned to
the bulk replica. Consequently, the first transition batch after the allocation reduction does not yet have the
canonical new-allocation request composition

T𝑛tail,− (X) ⊎ F𝑛bulk,− (X′).

During this transition step, however, the next fresh pool X𝑡+1 is partitioned using the new allocations, producing

T𝑛tail,− (X𝑡+1).

After the residual requests have been drained, the following update batch is

B𝑡+2 = G𝜋

(
T𝑛tail,− (X𝑡+1)

)
⊎ G𝜋

(
F𝑛bulk,− (X𝑡+2)

)
.
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Applying the same argument gives
𝔼
[
𝑃̂B𝑡+2 (𝐴)

]
= 𝑃𝜋(𝐴) .

Provided that no new allocation change is applied during settlement, the canonical prompt composition is
restored two steps after decreasing the tail allocation, eliminating the routing-induced deviation in this idealized
setting.

Fresh sampling and evolving policies. The exact result above uses a stationary policy and a selector that is a
function of the prompt. In practice, the marginal target 𝑃𝜋𝑡

may change from one policy snapshot to the next,
and the partial-rollout selector also depends on a sampled trajectory. The relevant quantity is therefore the
deviation of the routed batch from the current-policy target 𝑃𝜋𝑡

, rather than its difference from the preceding
step’s distribution. Write 𝑌𝑡 = 𝑌 (𝑋;𝜋𝑡, 𝜉𝑡) for the response generated from request 𝑋 under 𝜋𝑡. Let 𝑍𝑡 ∈ {0, 1}
indicate whether request 𝑋 is selected as a tail candidate at step 𝑡, and define

𝑠𝑡 (𝑋) = 𝔼[𝑍𝑡 | 𝑋], 𝑝𝑡,𝐴 (𝑋) = Pr[𝐿(𝑌𝑡) ∈ 𝐴 | 𝑋] .

Two quantities characterize the deviation from the ideal model:

𝜖𝑡 = 𝔼𝑋 [|𝑠𝑡 (𝑋) − 𝑠𝑡−1(𝑋) |]

measures cross-policy selector drift, while

𝜂𝑡 (𝐴) = 𝔼𝑋 [|Cov(𝑍𝑡, 1{𝐿(𝑌𝑡) ∈ 𝐴} | 𝑋) |]

measures residual trajectory dependence after conditioning on the prompt. For a stable allocation, conditional
independence between the regenerated tail response and the preceding selection gives

𝔼
[
𝑃̂B𝑡

(𝐴)
]
− 𝑃𝜋𝑡

(𝐴) = 𝔼𝑋

[
𝑝𝑡,𝐴 (𝑋)

(
𝑠𝑡−1(𝑋) − 𝑠𝑡 (𝑋)

) ]
− 𝔼𝑋 [Cov(𝑍𝑡, 1{𝐿(𝑌𝑡) ∈ 𝐴} | 𝑋)] .

The triangle inequality then yields ���𝔼[𝑃̂B𝑡
(𝐴)

]
− 𝑃𝜋𝑡

(𝐴)
��� ≤ 𝜖𝑡 + 𝜂𝑡 (𝐴).

The measurements in Appendix B support the prompt-dominance assumption underlying this approximation:
changing the prompt produces substantially more length variation than moving between adjacent policy
snapshots, while within-prompt variation remains similar across those snapshots. We evaluate the resulting
routing-induced length shift relative to uniform routing under matched policies and prompt streams.

Summary. The analysis distinguishes three regimes. A stationary policy with a prompt-conditioned selector
introduces no routing-induced bias in expectation. A stable allocation with policy or selector drift gives
the approximation bound above relative to the current-policy target. An allocation change creates a finite
composition transition, during which neither equality is claimed. For every measurable length interval 𝐴, the
exact fixed-policy special case is

𝔼[𝑃̂B𝑡
(𝐴)] = 𝑃𝜋(𝐴), under stable allocations,

𝔼[𝑃̂B𝑡+1 (𝐴)] = 𝑃𝜋(𝐴), one step after increasing the tail allocation,

𝔼[𝑃̂B𝑡+2 (𝐴)] = 𝑃𝜋(𝐴), two steps after decreasing the tail allocation.

These equalities compare each routed batch with generation under the same fixed policy and do not require
𝑃𝜋𝑡

= 𝑃𝜋𝑡+1 . The overall response-length distribution may therefore evolve during training. Allocation adjustment
may create a short composition transition, but once the allocation stabilizes, tail and bulk prompts are again
interleaved in every update batch rather than being dropped or accumulated into separate long rounds. The
practical claim is consequently the absence of an additional systematic routing-induced length bias, not temporal
invariance of the marginal response-length distribution.
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F. Detailed Related Work

Tail latency and straggler mitigation. Tail latency is a longstanding concern in distributed systems because
a small number of slow tasks can determine end-to-end completion time (Dean & Barroso, 2013). Classical
mitigations use hedged execution or task cloning to mask stragglers with redundant work (Ananthanarayanan
et al., 2013). Long generations in synchronous LLM RL are instead workload-level stragglers: their useful
responses must eventually be collected rather than raced against identical copies. TailSieve therefore reshapes
request placement and replica capacity instead of relying on full-rollout duplication.

Long-tail rollout execution in LLM RL. Existing RL systems address rollout imbalance by relaxing or
reorganizing synchronization. AReaL decouples rollout generation from training (Fu et al., 2025); Kimi k1.5
reuses trajectory segments (Kimi Team, 2025); and APRIL and CoPRIS overprovision rollouts and carry
unfinished work across steps (Zhou et al., 2025; Qu et al., 2025). RollPacker preserves synchronous training
but consolidates predicted tails into tail-heavy rounds (Gao et al., 2026). In contrast, TailSieve uses cutoff
status only as a tail signal, regenerates every consumed response under the current policy, and preserves mixed
tail–bulk updates while reducing each rollout barrier.

Length-aware routing and adaptive capacity allocation. Length-aware serving schedulers estimate comple-
tion lengths using proxy models, predictive distributions, or entropy-guided representations (Qiu et al., 2024;
Zheng et al., 2026; Xie et al., 2026). For RL rollouts, StreamRL learns a length ranker for skew-aware dispatch
(Zhong et al., 2026), while Seer exploits within-prompt response similarity through online context learning and
divided rollout (Qin et al., 2026). These systems focus on request ordering, assignment, or divided execution.
TailSieve instead treats the isolated workload 𝑞 and tail-pool replica count 𝑚 as a joint control problem, using
partial-rollout observations, response-work history, and measured concurrency–throughput behavior without
requiring exact length predictions.

Speculative decoding and draft models. Speculative decoding accelerates autoregressive generation by
using a cheap proposal mechanism and then verifying the proposed tokens with the target model (Leviathan
et al., 2023; Chen et al., 2023). Early formulations use an independent smaller draft model, while later work
improves candidate quality through blockwise prediction, tree verification, and feature-level drafting (Stern
et al., 2018; Miao et al., 2024; Li et al., 2024a,b, 2025). Self-speculative decoding, where the target model
reuses its own intermediate layers for drafting and verification, eliminating the need for a separate draft model;
this direction was initiated by Draft & Verify and later extended to on-the-fly and dynamically optimized
variants such as SWIFT and KNN-SSD (Zhang et al., 2024a; Xia et al., 2025; Song et al., 2026). Medusa-style
methods attach auxiliary decoding heads to the target model and generate multiple future-token proposals in
parallel (Cai et al., 2024). EAGLE-style methods instead reuse target hidden features and construct a draft
tree, offering a strong practical baseline for lossless LLM acceleration (Li et al., 2024a,b, 2025).

Dynamic tree construction and adaptive speculation. Tree-based speculative decoding increases the chance
of accepting multiple tokens by verifying multiple candidate paths in one target forward (Miao et al., 2024).
Static tree methods are easy to deploy but may waste budget on low-confidence branches. Adaptive speculation
methods adjust the draft length or tree topology based on confidence, acceptance history, or token probabili-
ties (Mamou et al., 2024; Zhang et al., 2024b; Brown et al., 2024; Hu et al., 2026; Shen et al., 2026a). These
methods expose a central trade-off: pruning or early stopping can reduce draft-side overhead, but it may also
remove valid continuations and lower MAT. ECHO further studies this issue in high-concurrency settings and
formulates elastic budget scheduling across requests (Hu et al., 2026).

Retrieval-based speculative decoding. Retrieval is an attractive proposal source because repeated local
patterns can be reused with little draft-model computation. Lookahead decoding, PLD, REST, Token Recy-
cling, LogitSpec, SAMD, and Ouroboros explore different retrieval or matching mechanisms for candidate
generation (Fu et al., 2024; Saxena, 2023; He et al., 2024; Luo et al., 2025; Liu et al., 2026a; Hu et al.,
2025; Zhao et al., 2024a). However, retrieval-only methods often depend on prompt-local overlap, CPU-side
structures, suffix automata, or phrase-level matching, which can limit their speedup and make integration with
high-throughput tree verification nontrivial.
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Parallel and system-level speculative decoding. A separate line of work studies how to overlap or pipeline
drafting and verification. Parallel speculative decoding reduces mutual waiting between the draft and target
model by adapting draft length or running draft and verification work concurrently (Liu et al., 2025b; Shen
et al., 2026c,b). Lookahead-style frameworks also try to break strict next-token dependency by constructing
multiple candidate branches without an external draft model (Fu et al., 2024; Zhao et al., 2024b). These
methods emphasize pipeline utilization and rollback reduction, while high-concurrency systems focus on the
interaction between speculation and batched execution.

Speculative decoding for long context. Long-context generation shifts the bottleneck toward KV-cache
traffic and attention memory bandwidth. LongSpec improves long-context lossless speculative decoding
through efficient drafting and verification (Yang et al., 2026), while SpecPV studies partial verification for
long-context self-speculative decoding (Tan et al., 2025). Other long-context systems explore sparse KV, partial
KV, hierarchical speculation, or cache compression to reduce memory pressure.

Block and diffusion drafters. Recent work also studies non-autoregressive or block-level drafters that reduce
the serial cost of proposal generation. KVShot provides the first systematic study of long-range decay in
hidden-state-based speculative drafters, explores KV-cache reuse to improve long-horizon acceptance, and
suggests block-wise paradigms as a promising direction (Liu et al., 2026b). DFlash uses a block diffusion
drafter to generate an entire token block in parallel and achieves strong speedups over autoregressive tree
drafting on several tasks (Chen et al., 2026). Nevertheless, block proposals can still suffer from mismatch
with target-model autoregressive verification, especially on harder chat or instruction-following data. Retrieval
grafting is a natural complement in this setting: confidence can be used to prune unreliable block tokens, and
retrieved continuations can fill the released budget with candidates supported by local history.

Multimodal speculative decoding. Speculative decoding for multimodal and vision-language models in-
troduces additional challenges beyond text-only LLMs. The visual prefix can be long, heterogeneous, and
expensive to encode, while the acceptance behavior depends on both visual alignment and text continuation
quality. Recent surveys and systems identify efficient inference for large vision-language models as an emerging
bottleneck (Zhang et al., 2026). SpecVLM (Ji et al., 2025) is the first to explore training-free speculative
decoding for Video-LLMs through vision-aware token pruning on the draft side. LVSpec (Ji et al., 2026) further
extends this line of work by introducing vision-aware loose verification for Video-LLMs. ParallelVLM extends
lossless acceleration to video-LLMs by considering visual-alignment-aware parallel speculative decoding (Kong
et al., 2026). These works suggest that future speculative decoding methods must account for modality-specific
proposal quality, visual-token compression, and cross-modal cache reuse.
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