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Abstract

State-of-the-art GRPO-style methods for
speech-aware large language model post-
training suffer from coarse credit assignment,
broadcasting the same terminal-reward advan-
tage to every token in a response. This ignores
useful structure within rollout batches, where
speech-conditioned completions often share
prefixes before diverging at important deci-
sions. We propose Low-rank Exploration with
Adaptive Forking (LEAF), a retrospective tree-
based RL method that recovers this structure
without online branching or additional decod-
ing. LEAF samples complete responses, selects
high-surprisal boundaries, groups responses
by shared prefixes, and assigns span-level ad-
vantages using descendant rewards. We the-
oretically justify LEAF’s span-level credit as-
signment and boundary-selection design. Em-
pirically, LEAF improves over GRPO across
speech question answering and speech trans-
lation benchmarks under the same rollout and
low-rank adaptation budget. Notably, smaller
LEAF-trained models consistently outperform
current state-of-art, full-parameter baselines.

1 Introduction

Speech-aware large language models (SALLMs)
(Arora et al., 2025) enable end-to-end spoken inter-
action across multiple tasks such as spoken ques-
tion answering (SQA), automatic speech transla-
tion (AST), and speech recognition. As these mod-
els improve, post-training becomes essential for
aligning generation with task-level objectives not
captured by next-token prediction alone. Rein-
forcement learning (RL) is a natural fit, and re-
cent GRPO-style methods (Shao et al., 2024; Yu
et al., 2025) have shown that reward-driven adapta-
tion can improve open-form speech understanding
while avoiding additional training costs by normal-
izing terminal rewards across multiple completions.

*Corresponding author.

Despite its simplicity, GRPO is limited by coarse
credit assignment: it computes a terminal reward
per response and broadcasts an identical scalar ad-
vantage to every token. While efficient, this dis-
cards where a completion becomes promising or
harmful. The issue is especially pronounced in
open-form speech post-training, where candidate
answers often share early segments and diverge
only around uncertain semantic decisions, so the
bottleneck is not reward design alone but rollout
organization and credit assignment.

Tree-structured RL offers a finer alternative: by
branching from intermediate states and using de-
scendant outcomes for process-level supervision,
it localizes credit to the decisions that matter. Di-
rectly importing online tree expansion into SALLM
post-training is costly however, since speech in-
puts are long and multimodal, decoding is batched,
and rewards are task-specific. This motivates our
central question: can we obtain the benefits of
structured exploration and process-aware credit as-
signment while retaining the simplicity of batched
GRPO-style training for SALLMs?

We answer with Low-rank Exploration with
Adaptive Forking (LEAF), a retroactive RL
method for SALLM post-training. LEAF samples
the same K complete responses as GRPO, then
reorganizes them into a sparse retrospective prefix
tree. It selects a small number of high-surprisal
token boundaries, groups completions by exact
shared prefixes at those boundaries, estimates pre-
fix values from descendant terminal rewards, and
assigns span-level advantages between retained
nodes. LEAF therefore keeps GRPO’s batched
generation pattern while replacing sequence-level
credit with structured span-level supervision de-
rived from the rollout batch itself. Finally, LEAF
is designed for parameter-efficient speech post-
training. We instantiate it with LoRA (Hu et al.,
2022), motivated by recent evidence that low-rank
adaptation can approach full-parameter RL post-
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training performance (Schulman and Lab, 2025).
This lets us test whether better credit assignment
can translate into stronger SALLM adaptation un-
der a lightweight trainable-parameter budget. To
our knowledge, LEAF is the first tree-based RL
method for speech post-training, and the first post-
training method within retrospective credit assign-
ment to use an uncertainty-guided mechanism for
constructing prefix-level supervision.
Contributions. We introduce LEAF, a retroactive
tree-based RL method for SALLM post-training
that extracts process-aware span advantages from
the same i.i.d. rollout groups used by GRPO.
We provide theoretical support for LEAF’s de-
sign, showing that span-level prefix advantages
are valid credit signals, that the fork budget con-
trols a support-resolution tradeoff, and that pure
prefix matching is biased toward shallow high-
collision prefixes. Empirically, we show that
speech-understanding rollouts are highly forkable
across tasks and backbones, and that LEAF consis-
tently improves over GRPO under the same roll-
out and LoRA adaptation budget, with gains in
automatic metrics, judge scores and tail-risk behav-
ior. The implementation of LEAF is available at:
https://github.com/Grimoid/LEAF.

2 Related Work

GRPO for SALLMs. GRPO (Shao et al., 2024)
is a critic-free RL objective that normalizes ter-
minal rewards within a group of sampled comple-
tions. Recent work applies GRPO to SALLMs for
open-form speech understanding, including SQA
and AST (Elmakies et al., 2026), as well as to
automatic speech recognition (Shivakumar et al.,
2025) and text-to-speech (Liu et al., 2026). These
works show that reward-driven post-training is ef-
fective for speech, but retain GRPO’s flat credit as-
signment: one terminal-reward advantage is broad-
cast to all tokens in a response. LEAF keeps the
same group-based rollout interface, but replaces
sequence-level credit with span-level credit derived
from shared prefixes.
Fine-grained and tree-structured credit. Several
recent methods seek denser credit than trajectory-
level rewards in LLM RL. VinePPO estimates in-
termediate values by sampling continuations from
partial states (Kazemnejad et al., 2025), SPO as-
signs advantages at the segment level (Guo et al.,
2025), and high-entropy analyses suggest that a
few uncertain tokens often drive downstream de-

cisions (Wang et al., 2025). Tree-based methods
obtain process-level supervision by organizing roll-
outs into branching structures (LI et al., 2026; Yang
et al., 2025; Ji et al., 2026; Hou et al., 2025). LEAF
is closest to TreeRL and TEMPO/P2T (Hou et al.,
2025; Tran et al., 2025), which estimate prefix-level
credit from a fixed group of sampled completions,
but it differs in setting, construction, and credit as-
signment: it performs no additional decoding, tar-
gets speech rather than text LLMs, and forks only
at a sparse set of high-surprisal locations rather
than building the full prefix tree by exact token
matching. We formalize in Section 4 why such
collision-only matching is problematic.

3 Method

LEAF departs from the dominant execution model
in tree-structured RL, which expands a search tree
iteratively at inference time. Instead, it exploits
structure already present in the batch of i.i.d. traces
collected during training: candidate responses that
share prefixes are organized retrospectively into a
prefix tree, with no additional rollouts. This tree
replaces GRPO’s advantage computation. Rather
than assigning a single scalar advantage to ev-
ery token in a response, LEAF assigns piecewise-
constant advantages over token spans, localizing
credit to where completions diverge (Figure 1).

3.1 Preliminaries: GRPO

Let x be a speech-conditioned input, πold the
rollout policy, πθ the optimized policy, and πref
a fixed reference policy. GRPO samples K re-
sponses y(1), . . . , y(K) ∼ πold(· | x) and as-
signs terminal rewards ri = r(x, y(i)). It forms
the group-relative advantage AGRPO

i = (ri −
r̄)/σr, where r̄ and σr are the sample mean and
standard deviation, and broadcasts this scalar to
every generated token in response i. For to-
ken a

(i)
t generated from state s

(i)
t = (x, y

(i)
<t),

define ρi,t(θ) = πθ(a
(i)
t |s

(i)
t )/πold(a

(i)
t |s

(i)
t ).

Given token-level advantages Ai,t, let ℓi,t(θ) =
min{ρi,tAi,t, clipϵ(ρi,t)Ai,t}. The clipped KL-
regularized loss is L(θ) = −Ei,t[ℓi,t(θ)] +

β Ei,t

[
K̂Li,t

]
, where K̂Li,t estimates the token-

level divergence from πref and clipϵ(ρ) truncates ρ
to the range [1− ϵ, 1 + ϵ]. GRPO is recovered by
setting Ai,t = AGRPO

i for all t.
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Figure 1: Overview of LEAF. From the same K completed responses, LEAF records token surprisals and greedily
selects a small set of globally applied boundaries P using a separation rule. At each selected boundary p, responses
are grouped by exact token-prefix equality, forming a tree over the selected boundaries. Non-singleton prefix groups
become retained nodes whose values are averages of descendant terminal rewards, while singleton groups are not
retained as advantage nodes. The retained nodes on each response path partition the response into spans, and LEAF
assigns one advantage to each span.

3.2 Retrospective Tree Credit Assignment

Conceptually, LEAF asks whether shared partial
prefixes in the rollout batch predict better or worse
final outcomes. It selects at most B token bound-
aries, groups responses by exact prefix equality
at each boundary, retains non-singleton groups as
prefix nodes, and assigns advantages to the spans
induced by the retained nodes. The only generation
cost is the original K responses; B controls the
resolution of credit assignment, not the rollout.

LEAF replaces only the advantage estimator Ai,t.
The estimator is based on the process supervision of
Hou et al. (2025), which assigns intermediate credit
using descendant leaf values, but differs in how
the tree is obtained and extends to continuous re-
wards. The estimator is characterized in Section 4.
Rather than branching from intermediate prefixes
and decoding new continuations, LEAF samples
the same K complete responses used by GRPO and
constructs a prefix tree retrospectively from shared
prefixes within the sampled batch. Thus, the rollout
budget remains exactly K responses.

Let response i be y(i) = (a
(i)
0 , a

(i)
1 , . . . , a

(i)
Hi−1),

where Hi is its length. For a token boundary p, de-
fine the length-p prefix y

(i)
<p = (a

(i)
0 , . . . , a

(i)
p−1). A

selected boundary p is applied to all K responses:
responses are grouped together if and only if their
token prefixes y(i)<p are exactly identical. Therefore,
a selected boundary can produce zero, one, or mul-
tiple retained prefix nodes, depending on how many
repeated prefix groups appear in the batch. LEAF

replaces the advantage estimation as follows.

Step 1: Responses and surprisals. We sample
K complete responses from πold and compute their
terminal rewards r1, . . . , rK . During generation,
for each i ∈ [K], we record the token surprisal
zi,t = − log πold(a

(i)
t | x, y

(i)
<t), for 0 ≤ t < Hi.

Surprisal is used only to decide where to inspect,
without affecting the rollout distribution.

Step 2: Fork boundaries. We use high-surprisal
token positions to choose prefix boundaries. Let
ℓmin = mini∈[K]Hi and ∆ = max{2, ⌊ℓmin/(B+
1)⌋}. The shortest length ℓmin restricts candidates
to token boundaries that are present in every sam-
pled response, so that the same boundary p can be
applied to all K responses when forming exact pre-
fix groups. The separation parameter ∆ prevents
the fork budget from being spent on several nearby
high-surprisal tokens from the same local uncer-
tainty region, encouraging the selected boundaries
to cover distinct parts of the response. We form the
candidate list C = {(zi,t, i, t) : i ∈ [K], 1 ≤ t <
ℓmin}, and sort C in descending order of zi,t. We
initialize P = ∅ and scan this sorted list greedily.
When considering a candidate triple (zi,t, i, t), we
propose the boundary p = t, corresponding to the
prefix immediately before the high-surprisal token
a
(i)
t . The boundary p is accepted if either P = ∅

or minp′∈P |p − p′| ≥ ∆. If accepted, we update
P ← P ∪ {p}. The scan stops once |P| = B or
the candidate list is exhausted. Finally, we sort the
accepted boundaries and write P = {p1, . . . , pb}
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with p1 < · · · < pb and b ≤ B. Accepting a bound-
ary p does not select a single response-specific pre-
fix, as the same boundary p is applied to all K
sampled responses, and grouping is performed by
exact equality of the token sequences y(i)<p.

Step 3: Retained prefix nodes. For each se-
lected boundary p ∈ P , we compare the length-
p token prefixes of all sampled responses. For
a token prefix u, define the descendant index set
I(p, u) = {i ∈ [K] : y

(i)
<p = u}, with n(p, u) =

|I(p, u)|. The equality y
(i)
<p = u is exact token-

prefix matching: two responses are grouped to-
gether only if their first p tokens are identical. If
n(p, u) ≥ 2, the pair v = (p, u) is retained as a
prefix node. Singleton prefixes are discarded be-
cause they do not provide a reusable prefix-level
value estimate. Let Nfork denote the set of retained
prefix nodes. For v = (p, u), write p(v) = p,
u(v) = u, I(v) = I(p, u), and n(v) = n(p, u).
We also define a virtual root node v0, corresponding
to the empty prefix before any token is generated,
with p(v0) = 0, I(v0) = [K], and n(v0) = K.
Its value is the batch-average reward V̂ (v0) = r̄.
Each retained node v receives the empirical prefix
value V̂ (v) = 1

n(v)

∑
i∈I(v) ri. Intuitively, V̂ (v)

estimates how good completions tend to be after
passing through the exact token prefix represented
by node v, while V̂ (v0) is the prompt-level average
over all sampled completions.

Step 4: Span-level advantages. For each re-
sponse i, collect all retained nodes whose prefixes
lie on the response: Ni = {v = (p, u) ∈ Nfork :

y
(i)
<p = u}. Sort them by boundary position to ob-

tain the path v
(i)
1 , . . . , v

(i)
qi , where 0 < p(v

(i)
1 ) <

· · · < p(v
(i)
qi ) < Hi, and qi is the number of re-

tained prefix nodes on response i. Set v(i)0 = v0 and
p(v

(i)
0 ) = 0. This path partitions response i into

spans between consecutive retained prefix nodes
and a final tail span. For an internal span ending at
node v

(i)
j , LEAF uses the global-plus-local advan-

tage A
(i)
j =

(
GA(v

(i)
j ) + LA(v

(i)
j )
)
/
√
n(v

(i)
j ),

where GA(v
(i)
j ) = V̂ (v

(i)
j ) − V̂ (v0) and

LA(v
(i)
j ) = V̂ (v

(i)
j ) − V̂ (v

(i)
j−1). GA measures

whether the prefix is better than the prompt-level
average, and LA measures whether the current span
moved the response to a better prefix than the pre-
vious retained prefix on the same path. The factor

1/
√
n(v

(i)
j ) is a multiplicity correction: if many

sampled responses share the same prefix, the same

token span appears many times in the batch, and
the correction prevents that duplicated span from
dominating the update solely because it is repeated.

For each j = 1, . . . , qi, every token t ∈
[p(v

(i)
j−1), p(v

(i)
j )) receives the same advantage A(i)

j .
Thus, the advantage is not constant over the whole
response; it is piecewise constant over spans be-
tween retained prefix nodes. For the final tail span,
we treat the terminal response as the leaf value. Let
v
(i)
last = v

(i)
qi if qi > 0, and v

(i)
last = v0 otherwise.

We set A(i)
tail = (ri − V̂ (v0)) + (ri − V̂ (v

(i)
last)).

Every token t ∈ [p(v
(i)
last), Hi) receives A

(i)
tail. If

response i has no retained prefix node, then the
whole response is a single tail span and this gives
2(ri− V̂ (v0)), which has the same direction as the
GRPO advantage before normalization. In practice,
the raw span advantages are normalized across the
sampled batch before entering the loss.

4 Theoretical Insights

We provide theoretical insights into three design
choices of LEAF: the span-level advantage estima-
tor, the fork budget B, and surprisal-based bound-
ary selection. Specifically, we show that the empir-
ical advantage estimator that LEAF uses preserves
the correct update direction, we characterize the
tradeoff regarding the value of B and highlight the
issues with pure prefix matching. We state concise
informal versions of the results here and defer the
formal statements and proofs to Appendix E.

Theorem 1 (Validity of span-level advantages).
For any span ending at prefix Uj , the root-relative
difference V (Uj)− V (U0) and the parent-relative
difference V (Uj)− V (Uj−1) are valid scalar ad-
vantages. Under fixed-prefix conditional sampling,
V̂ (v) is an unbiased estimate of V (v) with vari-
ance scaling as 1/n(v). Thus, shared-prefix aver-
aging denoises the value before span-level credit.

Theorem 2 (Fork budget tradeoff). The fork budget
B increases the number of selected boundaries at
which prefix values may be estimated. With rollout
budget K, at most B⌊K/2⌋ non-root prefix nodes
can be retained. Increasing B gives finer credit
assignment but can create more low-support value
estimates. With K = 8 each boundary can retain
at most four nodes; using B = 2 keeps the worst-
case number of non-root prefix values at 8 while
still allowing internal span-level credit.

Theorem 3 (Pure prefix matching is shallow-bi-
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ased). Prefix-collision mass is monotone non-
increasing with boundary depth, so a selector that
maximizes collisions alone selects from the earliest
high-collision plateau. Thus, pure prefix matching
can spend the fork budget on shallow boilerplate
prefixes. LEAF separates the two roles: surprisal
selects where to inspect, while exact prefix match-
ing decides which prefixes at that boundary have
enough support to retain.

5 Experimental Setup

Datasets. We evaluate LEAF on four speech-
language benchmarks covering short-form SQA,
long-form SQA, and AST. For short-form SQA,
we use Part I of LibriSQA (Zhao et al., 2025), an
open-ended QA benchmark over LibriSpeech au-
dio (Panayotov et al., 2015). For long-form SQA,
we use two LongAudio-derived settings (Ghosh
et al., 2025): DailyTalk (Lee et al., 2023), af-
ter removing multiple-choice examples, and a Eu-
roparl/VoxPopuli split (Koehn, 2005; Wang et al.,
2021a), which we refer to as LongAudio. We re-
strict both long-form settings to audio segments of
at most 40 seconds. For AST, we use CoVoST2
English-to-German (Wang et al., 2021b). We use
dataset-provided instructions when available and
only adapt input formatting to each SALLM; split
details are in Appendix B.2.
Baselines and backbones. We compare LEAF
with the state-of-the-art (SOTA) GRPO speech-RL
baseline of Elmakies et al. (2026). To our knowl-
edge, this method represents the current SOTA on
two of our datasets. For the LongAudio and Dai-
lyTalk splits, we are not aware of an established
task-specific baseline, and hence, we use GRPO
as the strongest applicable reference method. The
reported results in Elmakies et al. (2026) use full-
parameter tuning; our controlled LEAF-vs.-GRPO
experiments use LoRA for both methods to iso-
late the RL objective under the same trainable-
parameter budget. When direct comparison to
their reported numbers is possible, we include it;
otherwise, we use our LoRA GRPO implementa-
tion. For rollouts, we match their reported budget
with K = 8 responses per prompt. LEAF uses
the same rollout budget with fork budget B = 2;
all other optimization and decoding hyperparam-
eters are matched between LEAF and GRPO and
reported in Appendix B.1. We evaluate Granite
Speech 3.3 2B/8B (Saon et al., 2025), Granite-4.0-
1B-Speech (Team, 2026), and Qwen2-Audio-7B

(Chu et al., 2024). Although Qwen is older than
the SOTA Granite-4.0, we include it to evaluate
whether LEAF generalizes across model families.
Evaluation metrics. To ensure fair comparison
with Elmakies et al. (2026), we report BLEU,
ROUGE-1/2/L, METEOR, and BERTScore-F1 us-
ing temperature 0.9 and top-p = 0.9 decoding.
To complement automatic metrics, we use M-
Prometheus-14B (Pombal et al., 2025) for rubric-
grounded Likert-5 scoring and GEMBA-style DA-
100 (Kocmi and Federmann, 2023) with Qwen2.5-
14B-Instruct (Qwen et al., 2025) for continuous
per-item scores. DA-100 scores are averaged over
N = 5 judgments at T = 0.7 and used for tail-risk
analysis. We also perform matched A/B compar-
isons between LEAF and GRPO. For QA tasks,
we use JudgeLM-13B (Zhu et al., 2025), while for
CoVoST2 we use M-Prometheus-14B. Each pair is
judged in both candidate orders, with ties allowed.
The pairwise judges are decoded greedily.
Statistical analysis. We report 95% confidence
intervals for judge means and CVaR@α using
1000 non-parametric bootstrap resamples. Tail risk
is measured by CVaR@α, the mean score over
the worst α fraction of examples (Rockafellar and
Uryasev, 2000). Because Likert-5 CVaR@10 satu-
rates at the minimum score whenever at least 10%
of examples receive score 1, we use the continuous
DA-100 scores for the main tail-risk analysis.

6 When Does LEAF Work?

Before presenting the main results, we ask whether
LEAF has the raw structure it needs to operate.
It relies on an empirical property of i.i.d. rollout
groups: sampled responses must share exact pre-
fixes often enough, and at sufficiently deep token
positions, for the induced virtual forks to provide
useful credit-assignment signal. We call this prop-
erty forkability. To define it, consider K rollouts
for a fixed prompt. For a selected boundary t, group
responses by exact equality of their length-t pre-
fixes. A fork-fire occurs at t if at least one prefix
group has size at least two. A fork-fire is usable if at
least one such non-singleton group has non-trivial
reward variation, maxi,j∈G |ri − rj | > 0 for some
retained prefix group G. Thus, usable fork-fires
correspond to shared prefixes whose descendant
responses lead to distinguishable outcomes, rather
than merely duplicate completions.

Open-form speech understanding is a natural
regime for forkability: conditioned on the same
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audio, sampled responses can share substantial pre-
fixes while diverging around localized acoustic or
semantic decisions. If those alternative continua-
tions produce different rewards, the resulting roll-
out structure provides precisely the intermediate
signal that LEAF exploits. The converse also clari-
fies when LEAF should offer little advantage over
GRPO. In very short-output tasks, such as direct
multiple-choice prediction, responses may diverge
before informative internal forks can form, leaving
little opportunity for finer credit assignment. Forka-
bility is not inherently specific to speech, however;
we view it as a task- and policy-dependent condi-
tion that may also arise in other modalities. Estab-
lishing when it holds in settings such as long-form
LLM reasoning is outside the scope of this work.

We measure forkability across four datasets and
three backbones, a 3×4 design with≈ 78,915 fork
attempts. The usable fork-fire rate is ≥ 72.9% in
every one of the twelve cases, while pooled rates
differ by only 1.4 pp across backbones. In contrast,
rates vary substantially across tasks, suggesting
that forkability in our setting is primarily driven by
task structure rather than backbone choice.

Direct measurement. We run LEAF from each
of the twelve cells and run it on a held-out valida-
tion+test split of 3000−3400 examples per cell. Ta-
ble 1 reports the pooled rates with 95% per-position
bootstrap CIs. The pooled-by-backbone rates differ
by 1.4 pp., recovering backbone-invariance. The
pooled-by-task rates span 19.2 pp and follow task
difficulty (easier QA tasks fork more reliably than
translation and long-form QA). Across all twelve
cells, rf never drops below 72.9%; the per-cell
breakdown (Tab. 10) is in the appendix. Figure 2
plots usable rate vs. token position; for each task,
the three backbone curves overlap within their 95%
CIs at every position, giving an analogue of the
pooled claim.

Forks branch in distinct outcomes, and reach
the response. A high rate alone is not enough:
fires must produce non-singleton groups with dis-
criminating rewards, and must occur deep enough
into the response to discriminate body tokens rather
than just the opening. Per-cell statistics in the ap-
pendix (Tab. 11, 12) confirm both: mean group
sizes lie in 4.0–6.2 of the K = 8 budget, within-
group BLEU spread is strictly positive in every cell,
and the 90%-cumulative depth P90 ranges from 14
to 39 token positions across cells. Forks reach
into the body, particularly on long-form QA where
P90≥35 across all three backbones.

Table 1: Usable fork-fire rate rf , pooled by backbone
(top) and by task (middle). Confidence intervals are
per-position non-parametric bootstrap (nboot = 5000);
positions are the unit of resampling because rollouts
within an example are correlated through the sampler.

Usable fork-fire rate rf (%, [95% CI])

Pooled by backbone (across 4 tasks)
Granite 3.3-2B 84.6[80.6,88.0]
Granite 3.3-8B 84.6[80.8,87.6]
Granite 4.0-1B 86.0[82.4,88.9]

Pooled by task (across 3 backbones)
LibriSQA 93.2[90.9,94.7]
DailyTalk 91.6[88.1,94.1]
CoVoST2 81.1[75.9,85.1]
LongAudio 74.0[70.1,77.6]

All 12 cells 85.1[82.9,86.9]
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Figure 2: Usable fork-fire rate vs. token position, one
panel per task, three backbones overlaid. Shaded bands
are pointwise 95% CIs; positions with fewer than 15
attempts are dropped to suppress small-n noise; x-axis
is clipped to position 40. Backbones overlap within their
CIs in every panel, supporting backbone-invariance.

7 Results

We organize the results around two comparisons.
First, we compare LEAF against the published
speech-RL state of the art on LibriSQA, where
the evaluation setup is closely reproducible. Sec-
ond, we compare LEAF against our own LoRA
GRPO baseline across all datasets, which controls
for prompts, decoding, rollout budget, trainable-
parameter budget, and evaluation pipeline.

7.1 Comparison Against the State-of-the-art

Table 2 includes the published full-parameter
GRPO results of Elmakies et al. (2026) on
LibriSQA. Despite using only LoRA adapters,
LEAF improves over their full-parameter GRPO
numbers on the matched Granite Speech back-
bones. On Granite 3.3 2B, LEAF improves
over full-parameter GRPO while training only
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Table 2: End-to-end results across datasets, backbones, and training methods. Each row is the best-val BLEU
checkpoint. M-Prometheus Likert is a 1–5 rubric-grounded judge; GEMBA-DA is a 0–100 continuous score.

Dataset Backbone Method BLEU R-1 R-2 R-L MTR BS-F1 Toks Likert1-5 [CI] DA0-100 [CI]

LibriSQA

Granite 3 2B

base 28.02 56.80 40.35 51.39 53.02 91.18 22.3 2.65 [2.59, 2.71] 70.52 [69.27, 71.71]

+Full GRPO 44.90 68.56 53.35 64.88 68.48 94.45 — — —
+LoRA GRPO 40.73 67.25 52.33 63.76 66.78 94.01 19.7 3.20 [3.15, 3.26] 84.89 [84.00, 85.72]

+LEAF 45.82 68.84 54.19 65.60 68.53 94.64 18.5 3.34 [3.29, 3.39] 86.64 [85.83, 87.38]

Granite 3 8B
base 24.62 54.33 38.34 48.43 53.29 90.87 26.1 2.28 [2.22, 2.33] 64.57 [63.26, 65.81]

+Full GRPO 46.40 69.57 57.49 66.16 69.61 94.76 — — —
+LEAF 47.33 69.65 57.69 66.42 69.71 94.80 18.6 3.41 [3.35, 3.46] 87.67 [86.95, 88.45]

Granite 4.0 1B base 27.78 56.43 40.00 51.00 52.97 91.13 22.5 2.62 [2.56, 2.68] 69.99 [68.71, 71.18]

+LEAF 44.61 67.65 52.60 64.11 67.37 94.36 18.6 3.21 [3.15, 3.27] 84.38 [83.44, 85.30]

Qwen2-Audio
base 12.93 38.14 24.99 34.59 40.12 88.19 45.0 2.09 [2.03, 2.15] 55.74 [54.23, 57.25]

+LoRA GRPO 40.95 66.42 51.59 63.05 66.89 94.06 20.1 3.32 [3.27, 3.38] 83.62 [82.63, 84.48]

+LEAF 45.85 68.94 54.32 65.59 68.65 94.64 18.8 3.43 [3.37, 3.48] 85.78 [84.94, 86.58]

DailyTalk Granite 3 2B
base 2.00 15.52 4.79 12.27 22.94 84.04 71.8 1.30 [1.28, 1.33] 44.04 [43.13, 44.96]

+LoRA GRPO 17.56 46.91 27.97 43.35 43.70 91.63 19.1 2.56 [2.52, 2.60] 62.62 [61.60, 63.66]

+LEAF 22.61 51.98 31.14 48.14 48.46 92.49 15.3 2.86 [2.82, 2.90] 68.99 [68.11, 69.88]

LongAudio Granite 3 2B
base 8.46 31.01 13.91 23.67 34.76 86.70 70.1 2.01 [1.94, 2.07] 66.61 [65.21, 67.96]

+LoRA GRPO 22.44 49.60 31.77 43.56 45.59 90.83 40.5 2.43 [2.37, 2.49] 67.11 [65.79, 68.46]

+LEAF 31.12 56.24 37.56 50.27 50.62 92.63 30.2 2.93 [2.88, 2.97] 70.21 [69.14, 71.30]

CoVoST2

Granite 3 2B
base 11.45 23.34 12.88 22.16 25.44 79.78 15.5 1.08 [1.07, 1.08] 45.07 [44.69, 45.47]

+LoRA GRPO 27.77 55.68 33.76 52.59 53.28 85.43 22.1 1.92 [1.90, 1.94] 64.94 [64.47, 65.38]

+LEAF 30.57 59.20 37.21 56.04 56.14 86.28 21.5 2.13 [2.11, 2.16] 69.09 [68.64, 69.54]

Granite 3 8B
base 16.66 30.55 18.30 28.93 31.98 81.16 17.1 1.14 [1.14, 1.15] 49.32 [48.94, 49.72]

+LoRA GRPO 31.95 59.79 38.01 56.48 57.41 86.70 22.3 2.25 [2.23, 2.27] 73.05 [72.64, 73.47]

+LEAF 33.87 61.58 40.09 58.31 59.11 87.20 21.9 2.42 [2.40, 2.45] 75.01 [74.59, 75.43]

Granite 4.0 1B base 11.80 23.67 13.15 22.51 25.91 79.91 15.5 1.07 [1.07, 1.08] 44.78 [44.42, 45.15]

+LEAF 31.12 59.04 37.12 55.84 56.74 86.44 21.9 2.14 [2.11, 2.16] 68.39 [67.92, 68.83]

133.7M parameters instead of 3.01B, a 22.5×
reduction in trainable parameters. On Gran-
ite 3.3 8B, LEAF trains 218.9M parameters in-
stead of 8.65B, a 39.5× reduction, while again
improving the reported LibriSQA performance.
The smaller Granite-4.0-1B-Speech model trained
with LEAF uses only 102.2M trainable parameters
and approaches the published full-parameter Gran-
ite 3.3 2B GRPO result, further suggesting that
improved credit assignment can compensate for a
substantially smaller trainable-parameter budget.

We restrict cross-paper comparison to LibriSQA.
For CoVoST2, the frozen-base Granite 3.3 2B/8B
results reported by Elmakies et al. (2026) are sub-
stantially higher than the frozen-base performance
obtained under our prompts and input formatting.
This mismatch suggests that the CoVoST2 setups
differ in prompt template or input formatting, not
only in the RL algorithm. Thereupon, we treat
our LoRA GRPO implementation as the controlled
CoVoST2 baseline and do not include the published
CoVoST2 numbers, and we provide all prompts
that were used in our experiments in the Appendix.

7.2 Controlled Comparison Against GRPO

Table 2 gives the controlled comparison between
LEAF and LoRA GRPO across all datasets and

backbones. LEAF improves over LoRA GRPO in
every matched setting, with BLEU gains ranging
from +1.92 to +8.68. The largest gains occur on
the long-form QA settings, where broadcasting a
single terminal-reward advantage across the entire
response is most likely to dilute span-level signals.

The judge-based metrics show the same trend.
LEAF improves GEMBA-DA in every matched
cell, with gains ranging from +1.75 to +6.37, and
likewise improves Likert scores throughout. Thus,
the gains are not limited to n-gram overlap met-
rics, but persist under both rubric-grounded and
continuous LLM-as-judge evaluation.
Tail-risk. Table 3 shows that LEAF improves
worst-case behavior in addition to average quality.
Across the matched QA settings, LEAF improves
CVaR@10 in every case, with gains ranging from
+4.94 to +10.25. On CoVoST2, LEAF likewise
improves CVaR@25 and reduces the fraction of
examples scoring below 50 for both Granite back-
bones. These results suggest that LEAF reduces
severe failures, consistent with localizing negative
credit to harmful spans rather than broadcasting it
across the entire response.
Pairwise preference. Table 4 reports direct
A/B comparisons between LEAF and GRPO on
matched examples. LEAF achieves a positive net
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Table 3: Tail-risk analysis on GEMBA-DA-100 continuous scores. CVaR@α is the mean of the worst α fraction of
items; higher is better, except frac< 50 where lower is better. Bootstrap 95% CIs use 1000 resamples.

Dataset Backbone Method N Mean [95% CI] CVaR@10 [CI] CVaR@25 [CI] frac < 50

LibriSQA

Qwen2-Audio
base 2620 55.74 [54.23, 57.25] 0.00 [0.00, 0.00] 1.25 [0.80, 1.88] 38.59%
+LoRA GRPO 2620 83.62 [82.63, 84.48] 19.06 [15.82, 23.40] 51.04 [47.74, 54.08] 10.31%
+LEAF 2620 85.78 [84.94, 86.58] 29.31 [24.82, 33.73] 58.19 [55.46, 61.01] 7.86%

Granite 3 2B
base 2620 70.52 [69.27, 71.71] 6.25 [5.18, 7.60] 22.12 [19.98, 24.25] 24.77%
+LoRA GRPO 2620 84.89 [84.00, 85.72] 24.27 [20.76, 28.27] 54.04 [50.99, 56.91] 9.62%
+LEAF 2620 86.64 [85.83, 87.38] 32.04 [28.03, 36.30] 59.56 [56.81, 62.06] 7.40%

Granite 3 8B base 2620 64.57 [63.26, 65.81] 5.15 [4.41, 6.06] 16.96 [15.34, 18.63] 31.56%
+LEAF 2620 87.67 [86.95, 88.45] 36.04 [31.61, 40.66] 62.78 [60.14, 65.49] 6.45%

Granite 4.0 1B base 2620 69.99 [68.71, 71.18] 5.85 [4.80, 7.13] 21.57 [19.42, 23.64] 25.61%
+LEAF 2620 84.38 [83.44, 85.30] 21.15 [17.60, 25.38] 52.38 [49.39, 55.18] 9.77%

DailyTalk Granite 3 2B
base 3150 44.04 [43.13, 44.96] 2.05 [1.68, 2.49] 8.23 [7.40, 9.09] 52.70%
+LoRA GRPO 3150 62.62 [61.60, 63.66] 6.92 [6.09, 7.82] 19.74 [18.31, 21.28] 30.86%
+LEAF 3150 68.99 [68.11, 69.88] 11.86 [10.38, 13.51] 30.44 [28.49, 32.51] 20.73%

LongAudio Granite 3 2B
base 1632 66.61 [65.21, 67.96] 1.26 [0.79, 2.13] 20.65 [17.08, 24.31] 21.57%
+LoRA GRPO 1632 67.11 [65.79, 68.46] 8.89 [7.15, 11.00] 26.88 [24.23, 29.82] 22.61%
+LEAF 1632 70.21 [69.14, 71.30] 16.62 [13.96, 19.47] 36.31 [33.69, 39.17] 16.91%

CoVoST2

Granite 3 2B
base 15485 45.07 [44.69, 45.47] 5.81 [5.47, 6.14] 13.18 [12.80, 13.58] 57.02%
+LoRA GRPO 15485 64.94 [64.47, 65.38] 10.65 [10.25, 11.10] 21.53 [20.93, 22.08] 31.35%
+LEAF 15485 69.09 [68.64, 69.54] 12.27 [11.77, 12.81] 25.34 [24.62, 26.11] 25.98%

Granite 3 8B
base 15485 49.32 [48.94, 49.72] 6.42 [6.05, 6.81] 14.73 [14.31, 15.17] 49.17%
+LoRA GRPO 15485 73.05 [72.64, 73.47] 14.97 [14.27, 15.67] 31.64 [30.73, 32.53] 20.89%
+LEAF 15485 75.01 [74.59, 75.43] 15.08 [13.82, 15.29] 34.02 [32.96, 35.17] 18.66%

Granite 4.0 1B base 15485 44.78 [44.42, 45.15] 7.02 [6.67, 7.40] 14.28 [13.95, 14.70] 58.22%
+LEAF 15485 68.39 [67.92, 68.83] 12.24 [11.72, 12.76] 24.70 [24.04, 25.41] 26.99%

Table 4: Pairwise A/B evaluation of LEAF vs. GRPO with position-swap consistency aggregation. Consistency,
LEAF win, GRPO win, and tie are reported as fractions of all evaluated pairs; LEAF win (decided) is computed
only among consistent non-tie pairs.

Judge Dataset Backbone N Consist. LEAF win GRPO win Tie Net adv. LEAF win (decided)

JudgeLM
LibriSQA Granite 3 2B 2620 80.0% 11.4% 3.8% 64.8% +7.6% 75.1%

Qwen2-Audio 2620 82.0% 7.8% 3.9% 70.3% +3.9% 66.6%
DailyTalk Granite 3 2B 3150 68.2% 24.0% 12.6% 31.6% +11.4% 65.5%
LongAudio Granite 3 2B 1632 57.9% 30.5% 9.3% 18.1% +21.2% 76.7%

M-Prom. CoVoST2 Granite 3 2B 15485 60.7% 39.2% 21.5% 0.0% +17.7% 64.6%
Granite 3 8B 15485 54.8% 34.4% 20.4% 0.0% +14.0% 62.8%

win advantage in every evaluated setting, rang-
ing from +3.9 to +21.2 percentage points across
JudgeLM and M-Prometheus evaluations. Thus,
the improvements in judge scores are also reflected
in direct output-level preferences for LEAF.

Length and runtime efficiency. LEAF produces
more compact outputs than GRPO, reducing pre-
dicted tokens by 6.1− 6.5% on LibriSQA, and by
19.9% and 25.4% on DailyTalk and LongAudio.
Importantly, LEAF reuses the same sampled com-
pletions as GRPO and requires no additional decod-
ing, model forward passes, process reward model,
or architectural changes, adding only vectorized
batch post-processing over at most B boundaries.
In our Granite 2B run, LEAF takes 8.36s/step com-
pared with 12.52s/step for GRPO, a 33.2% reduc-
tion consistent with its shorter generations.

8 Ablation Studies

We now examine the design choices underly-
ing LEAF and shed light into our theoretical
insights empirically. All ablations use Granite
Speech 3.3 2B trained on LibriSQA for a single
epoch, with the same hyperparameters as our other
experiments. We use a single training seed for these
controlled experiments. For the first two ablations,
we report BLEU, DA-100, and Likert scores, and
summarize performance using a normalized aver-
age (Norm. Avg.) computed as Norm. Avg. =
(BLEU+DA-100 + 25(Likert− 1))/3.

8.1 Effect of the Fork Budget
Regarding the fork budget, our design uses B = 2
as a natural operating point. With only one re-
tained boundary along a response path (B = 1),
the global and local advantages coincide. Thus, a
single boundary cannot provide a genuinely dis-
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Table 5: Fork-budget ablation on LibriSQA with Granite
Speech 3.3 2B with one training epoch. The trend in
performance is non-monotone; B = 2 performs best.

B BLEU DA-100 Likert Norm. Avg.

2 43.91 85.47 3.23 61.71
4 39.37 72.73 2.84 52.70
6 40.45 78.69 3.00 56.38
8 41.22 81.12 3.07 58.03

Table 6: Advantage-form ablation on LibriSQA with
Granite Speech 3.3 2B with one training epoch. Local
and global advantage are both valid forms with similar
performance, while their sum performs best.

Advantage BLEU DA-100 Likert Norm. Avg.

GA 43.24 84.46 3.19 60.82
LA 43.32 84.65 3.20 60.99
GA+LA 43.91 85.47 3.23 61.71

tinct parent-relative signal in addition to the root-
relative signal. A second retained boundary is the
smallest setting in which the two can differ, mak-
ing B = 2 the minimum fork budget needed to
realize LEAF’s credit decomposition. At the same
time, Theorem 2 highlights a trade-off: increasing
B improves credit-assignment resolution but can
introduce more low-support prefix-value estimates.
We therefore examine whether increasing B ≥ 2 is
beneficial.

Table 5 shows that B = 2 performs best across
all three metrics and obtains the highest normalized
average. Increasing B does not monotonically im-
prove performance: although additional boundaries
permit a finer decomposition of the response, all
larger budgets remain below B = 2. This behavior
is consistent with the support–resolution tradeoff
in Theorem 2.

8.2 Effect of the Advantage Form

LEAF combines two complementary prefix-level
signals, GA and LA. Theorem 1 establishes that
both are individually valid span-level credit sig-
nals. Hence, we ablate the estimator by retain-
ing only GA, only LA, or their combination. As
shown in Table 6, GA and LA achieve very similar
performance when used independently, consistent
with Theorem 1. Their combination performs best
across all metrics, reflecting complementary infor-
mation: GA evaluates a prefix relative to the rollout
group, while LA captures its incremental change
from the preceding prefix.
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Figure 3: Cross-benchmark evaluation on three open-
ended VoiceBench subsets using M-Prometheus-14B
as the judge. Both checkpoints are trained only on
LibriSQA with Granite Speech 3.3 2B for one epoch.
LEAF outperforms GRPO in all cases.

8.3 Cross-Benchmark Generalization

We examine whether the improvements obtained
by LEAF are specific to the LibriSQA data used for
training. We evaluate the same one-epoch Granite
Speech 3.3 2B GRPO and LEAF checkpoints, on
the AlpacaEval, CommonEval, and WildVoice sub-
sets of VoiceBench (Chen et al., 2026) and we use
M-Prometheus-14B, due to its competitive judg-
ing performance (Pombal et al., 2025), to assign
1–5 quality scores to the generated responses. Fig-
ure 3 shows that LEAF improves over GRPO on
all three unseen benchmarks, and the average score
increases from 2.373 to 3.352. These results there-
fore indicate that LEAF’s gains transfer to unseen
open-ended speech settings, demonstrating that its
finer span-level credit assignment improves more
general speech-conditioned response behavior.

9 Conclusion

In this work, we introduced LEAF, a retrospective
tree-based RL method for SALLM post-training.
LEAF reuses the same i.i.d. rollout groups col-
lected by GRPO, detects shared prefixes at high-
surprisal boundaries, and converts descendant re-
wards into span-level advantages. This yields
process-aware credit assignment without extra de-
coding, online tree search, or a separate process
reward model. Across speech QA and trans-
lation tasks, LEAF consistently improves over
LoRA GRPO under the same rollout and trainable-
parameter budget, while also improving tail behav-
ior, pairwise preferences, and length and runtime
efficiency. Importantly, on LibriSQA, LEAF fur-
ther improves over SOTA full-parameter GRPO
while training only LoRA adapters. Future work
includes richer reward models, multilingual speech
tasks, and adaptive boundary selection.
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Limitations

We note several limitations. First, LEAF’s ef-
fectiveness is regime-dependent: its mechanism
requires that i.i.d. rollouts share prefixes often
enough to populate non-trivial fork groups, and
the absolute fork rate depends on the policy. We
therefore state our claims comparatively (backbone-
invariance, task-monotonicity) and as a lower
bound (rf ≥ 72.9% in every cell) rather than as
an exact rate. Second, our reward signal is BLEU
score, following prior speech-RL work; smoother
rewards may yield further gains we do not mea-
sure. Third, hardware constraints limited us to three
NVIDIA A40 GPUs (48 GB) with a single training
seed per (model, method) and thus do not character-
ize training-seed variance. Moreover, our ablations
also used a single seed, and therefore interpret them
primarily as evidence for the qualitative behavior
of the proposed design choices. Finally, all speech
inputs are English, so our findings may not transfer
to non-English source speech or other modalities.

Potential Risks and Societal Impact

LEAF is a post-training method rather than a
deployed speech system, but improving speech
understanding can amplify risks associated with
downstream SALLM use. First, model errors
can misrepresent the content or intent of source
audio and propagate into user-facing decisions;
our benchmark improvements should therefore not
be interpreted as establishing reliability in high-
stakes settings. Second, we evaluate only En-
glish source speech and do not study performance
across accents, dialects, demographic groups, or
non-English languages. Consequently, downstream
systems may exhibit uneven error rates for under-
represented speakers. Third, stronger speech under-
standing is inherently dual-use: large-scale analysis
of recorded speech could facilitate unwanted mon-
itoring or surveillance and may expose sensitive
information contained in speech. Finally, multi-
modal speech training carries non-trivial compute
and energy costs. LEAF does not require addi-
tional rollouts or online tree expansion beyond the
fixed GRPO rollout batch, limiting its incremental
generation cost relative to GRPO, but training and
evaluating the underlying SALLMs remains com-
putationally expensive. Deployment-oriented work
should therefore evaluate privacy, demographic ro-
bustness, and application-specific safety before use
in consequential settings.

AI Usage

AI-based assistants were used for limited editing,
wording suggestions, and debugging assistance dur-
ing experiment development and manuscript prepa-
ration. All technical content, experimental design,
analysis, and conclusions were verified and final-
ized by the authors.
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A Hardware details

All experiments were run using three NVIDIA A40
GPUs (48 GB).

B Experimental Details

B.1 Training Parameters

Table 7: Shared RL training hyperparameters. Unless
otherwise stated, the same settings are used for LEAF
and GRPO.

Hyperparameter Value

LoRA rank / alpha / dropout 64 / 128 / 0.05
Optimizer Adam
Learning rate 5× 10−6

KL coefficient 0.02
Rollout budget K 8 responses per prompt
LEAF fork budget B 2
Rollout batch size 6
Training batch size 6
Micro-batch size 1
Max prompt length 256 tokens
Max response length 200 tokens
Sampling temperature 1.0
Top-p 0.9
Reward Sentence BLEU

B.2 Dataset Specifics
To create the LibriSQA and the CoVoST2 datasets
we follow the process shared in the original works
(Wang et al., 2021b; Zhao et al., 2025). In order to
create the DailyTalk dataset, we use the prompts
and data given in LongAudio (Ghosh et al., 2025)
and integrate it accordingly with the original data
(Lee et al., 2023), while retaining only examples
with audio durations of at most 40 seconds.

Table 8: Dataset splits used in this work.

Dataset Train Validation Test

LibriSQA 85,045 21,196 2,620
DailyTalk 21,891 2,806 3,150
LongAudio 13,374 1,743 1,632
CoVoST2 288,069 15,471 15,485

B.3 Prompt templates
We list the prompt templates used for each dataset.
The literal placeholder <|audio|> is rewritten at
tokenization time to the backbone-specific audio
token: a single audio token for Granite Speech
and <|audio_bos|><|AUDIO|><|audio_eos|>
for Qwen2-Audio.

LibriSQA. We use the dataset-provided question
field and wrap it with one of the following tem-
plates:

• Listen to the audio <|audio|>
and answer the following question:
{question}
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Table 9: Number of RL training epochs. All other RL
hyperparameters are shared as in Table 7.

Model family Dataset setting Epochs

Granite Speech 3.3 2B / 8B CoVoST2, LibriSQA 2
Granite Speech 3.3 2B DailyTalk, LongAudio 6
Granite-4.0-1B-Speech LibriSQA 2
Granite-4.0-1B-Speech CoVoST2 1
Qwen2-Audio All evaluated datasets 1

• <|audio|> Please answer this question
about the spoken passage: {question}

• You will hear speech in <|audio|>.
Answer: {question}

CoVoST2 English-to-German. We use
translation-instruction templates such as:

• <|audio|> Listen to the speech and
translate it into German.

• Translate the audio <|audio|> from
English to German.

• You will hear English speech in
<|audio|>. Provide the German
translation.

DailyTalk and LongAudio. For the LongAudio-
derived datasets, prompts are inherited from the
dataset preparation pipeline. They follow two struc-
tural variants:

• <|audio|>\n{question}

• {question}\n<|audio|>

where {question} is the dataset-provided open-
ended question.

B.4 LLM-as-judge protocols
Prediction staging. For each dataset, backbone,
method, and checkpoint, we generate a single
stochastic prediction file using temperature 0.9,
top-p = 0.9, and maximum generation length 200.
All judge protocols consume the same staged pre-
diction files, so judges are never given access to
additional samples.

Grounded Likert-5. We use UNBABEL/M-
PROMETHEUS-14B as a rubric-grounded judge
on a 1–5 Likert scale. The judge receives the ques-
tion, reference answer, candidate prediction, and a
task-specific rubric. For QA tasks, the rubric em-
phasizes correctness, groundedness, completeness,
and hallucination. For CoVoST2, the rubric em-
phasizes accuracy, fluency, and style. Decoding is
greedy with temperature 0.

GEMBA-DA 0–100. For continuous per-item
scoring, we use a GEMBA-style direct-assessment
prompt with QWEN2.5-14B-INSTRUCT. Each
item is judged N = 5 times at temperature 0.7,
and we use the per-item mean score as the canoni-
cal DA-100 value.

Pairwise judging. For pairwise LEAF-vs.-
GRPO comparisons, we use BAAI/JUDGELM-
13B-V1.0 for QA tasks and M-Prometheus relative
grading for CoVoST2. Each pair is evaluated in
both candidate orders. A verdict is counted only
when the two swapped evaluations agree; other-
wise, the pair is marked inconsistent and excluded
from the decided-pair win rate.

C Forkability: per-cell measurements

This appendix expands Section 6 with (i) the per-
cell breakdown of the usable fork-fire rate, (ii) the
auxiliary fork-group statistics that justify treating
fires as discriminating branches rather than near-
clones, (iii) the cumulative-position depth quan-
tiles, and (iv) a backbone-organised view of the
per-position curves.

C.1 Per-cell usable fork-fire rate
Table 10 gives the 12-cell breakdown that under-
lies the pooled rows of Tab. 1. The minimum cell
rate is 72.9% (Granite-3.3-8B on LongAudio) and
the maximum is 94.6% (Granite-4.0-1B on Lib-
riSQA). Within every task the three backbone CIs
overlap; between tasks, the LibriSQA / DailyTalk /
CoVoST2 / LongAudio ordering recovers the task-
monotonicity claim.

Table 10: Per-cell usable fork-fire rate rf with 95% per-
position bootstrap CIs (nboot=5000). N is the number
of validation+test examples measured per cell.

Backbone Task N Selected Usable rf (%, 95% CI)

G. 3.3-2B LibriSQA 3400 6800 6222 91.5 (86.9–94.1)
G. 3.3-2B CoVoST2 3400 6799 5364 78.9 (70.5–85.4)
G. 3.3-2B DailyTalk 3400 6800 6364 93.6 (86.9–96.6)
G. 3.3-2B LongAudio 3000 6000 4395 73.3 (66.3–79.3)
G. 3.3-8B LibriSQA 3400 6799 6352 93.4 (89.4–95.8)
G. 3.3-8B CoVoST2 3000 6000 5055 84.3 (76.1–89.8)
G. 3.3-8B DailyTalk 3000 6000 5273 87.9 (81.4–93.1)
G. 3.3-8B LongAudio 3332 6664 4857 72.9 (66.3–78.6)
G. 4.0-1B LibriSQA 3400 6799 6429 94.6 (90.9–96.6)
G. 4.0-1B CoVoST2 3400 6790 5472 80.6 (69.7–87.3)
G. 4.0-1B DailyTalk 3400 6800 6316 92.9 (87.8–96.1)
G. 4.0-1B LongAudio 3332 6664 5042 75.7 (68.8–81.7)

C.2 Fork-group statistics
Table 11 reports the mean number of rollouts shar-
ing each fired prefix (“Group size”, maximum
K=8), the mean within-group BLEU spread (“Re-
ward spread”), the usable-count weighted mean
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position of fired forks (“MU pos”), and the num-
ber of distinct token positions hosting at least one
usable fork (“# pos”). Group sizes range 4.0–6.2
across cells and reward spread is strictly positive
in every cell (≥ 0.027), confirming that fired forks
discriminate higher- from lower-reward branches
rather than collapsing to duplicates.

Table 11: Auxiliary per-cell fork-group statistics.

Backbone Task Group size Reward spread MU pos # pos

G. 3.3-2B LibriSQA 5.40 0.062 12.4 99
G. 3.3-2B CoVoST2 4.05 0.044 11.1 97
G. 3.3-2B DailyTalk 6.18 0.030 9.1 70
G. 3.3-2B LongAudio 4.31 0.036 18.5 78
G. 3.3-8B LibriSQA 5.75 0.053 13.5 99
G. 3.3-8B CoVoST2 4.19 0.050 10.0 93
G. 3.3-8B DailyTalk 4.77 0.040 9.2 35
G. 3.3-8B LongAudio 4.25 0.034 20.2 78
G. 4.0-1B LibriSQA 5.48 0.059 9.0 78
G. 4.0-1B CoVoST2 4.73 0.057 6.9 72
G. 4.0-1B DailyTalk 5.29 0.027 8.2 53
G. 4.0-1B LongAudio 3.96 0.030 17.0 77

C.3 Depth profile of usable fork-fires

Table 12 reports cumulative-position quantiles: Pq

is the token position by which q% of the cell’s us-
able fork-fires have already occurred. The depth
profile clusters tightly across backbones within
a task, and hence, the forkable window is gov-
erned by the task’s input-output coupling, not by
the model. Short-output QA tasks concentrate
fork-fires within the first ≈ 18 tokens (DailyTalk:
P90 ≤ 18 across all three backbones), while long-
form LongAudio maintains fork activity past posi-
tion 35 (P90 = 35–39, P99 = 55–59).

Table 12: Cumulative-position quantiles of usable fork-
fires per cell. The depth profile is essentially constant
across backbones within a task.

Backbone Task P50 P90 P99 Last # pos

G. 3.3-2B LibriSQA 8 28 84 99 99
G. 3.3-2B CoVoST2 7 22 83 99 97
G. 3.3-2B DailyTalk 8 18 32 99 70
G. 3.3-2B LongAudio 17 35 55 99 78
G. 3.3-8B LibriSQA 7 33 90 99 99
G. 3.3-8B CoVoST2 6 21 76 99 93
G. 3.3-8B DailyTalk 9 17 23 53 35
G. 3.3-8B LongAudio 18 39 59 99 78
G. 4.0-1B LibriSQA 6 20 41 99 78
G. 4.0-1B CoVoST2 5 14 38 99 72
G. 4.0-1B DailyTalk 8 14 18 94 53
G. 4.0-1B LongAudio 15 37 57 97 77

C.4 Per-backbone view of the per-position
curves

Figure 4 replots Fig. 2 with the three backbones
placed in separate panels and the four tasks overlaid
in each, making the between-task separation visu-
ally direct. The four task curves order LibriSQA >

DailyTalk > CoVoST2 > LongAudio at every
position beyond the startup region, on every back-
bone, and the visual analogue of the pooled-by-task
ordering is in Tab. 1.

D Additional Experimental Results

D.1 Length Experiments

Table 13: Length efficiency: mean GPT-2 BPE token
counts of the prediction (post-hoc, universal tokenizer;
same for every row).

Dataset Backbone base GRPO LEAF

CoVoST2 Granite 3 2B 15.5 22.1 21.5
CoVoST2 Granite 3 8B 17.1 22.3 21.9

DailyTalk Granite 3 2B 71.8 19.1 15.3

LibriSQA Granite 3 2B 22.3 19.7 18.5
LibriSQA Qwen2-Audio 45.0 20.1 18.8

LongAudio Granite 3 2B 70.1 40.5 30.2

E Theoretical Proofs

This appendix gives the formal statements and
proofs for the theoretical claims in the main text.
Throughout, we fix a prompt x. Let Y ∼ πθ(· | x)
be a random completion and let R = r(x, Y ) be
its terminal reward. The observed rewards ri are
realizations of R for sampled completions y(i). We
assume R ∈ [0, Rmax] when using concentration
inequalities.

Assumption 1 (Fixed-prefix conditional sampling).
Fix a boundary p and a prefix u ∈ Vp. Condi-
tional on n(p, u) = m, the rewards of the sampled
descendants {ri : y(i)<p = u} are conditionally in-
dependent samples from the distribution of R given
Y<p = u. We write V (u) = E[R | Y<p = u].

Assumption 2 (Selected-node concentration). For
each retained node v, let Vsel(v) be its selection-
conditional value. We assume that for all ϵ > 0,

P
(
|V̂ (v)− Vsel(v)| ≥ ϵ

)
≤ 2 exp

(
−2n(v)ϵ2

R2
max

)
.

Remark 1 (Ordinary and selection-conditional pre-
fix values). Assumption 1 is the clean condition for
a fixed prefix. Since LEAF selects nodes retrospec-
tively, a selected node can also carry information
from the selection event. Assumption 2 therefore
states concentration around Vsel(v), the value in-
duced by the selected node. If selection does not dis-
tort the descendant reward law beyond condition-
ing on the retained prefix u, then Vsel(v) = V (u).
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Figure 4: Per-position usable fork-fire rate, one panel per backbone, four tasks overlaid; shaded bands are pointwise
95% CIs.

E.1 Proof of the span-advantage claim
Theorem 4 (Validity of LEAF span advantages).
For a fixed prompt x, let Y ∼ πθ(· | x), R =
r(x, Y ), and V (u) = E[R | Y<|u| = u]. Consider
a path of prefixes U0 ≺ U1 ≺ · · · ≺ Uq, with
U0 = ∅, and let Zj =

∑τj−1
t=τj−1

∇θ log πθ(At |
St) be the score of span j. Define GA(Uj) =
V (Uj)−V (U0) and LA(Uj) = V (Uj)−V (Uj−1).
Then E[GA(Uj)Zj ] = E[LA(Uj)Zj ] = E[RZj ].
Moreover, if a retained node v = (p, u) has
n(v) = m descendants, then under Assumption 1,
E[V̂ (v) | n(v) = m] = V (u) and Var(V̂ (v) |
n(v) = m) = Var(R | Y<p = u)/m.

Proof. Fix a span j and a token t ∈ [τj−1, τj).
Since Uj = Y<τj contains At and its prefix state
St, the score term is measurable with respect to Uj .
By the tower property,

E [R∇θ log πθ(At | St)]

= E [V (Uj)∇θ log πθ(At | St)] . (1)

For any random variable B that is measurable with
respect to St,

E [B∇θ log πθ(At | St)]

= E [B E [∇θ log πθ(At | St) | St]] = 0, (2)

because E[∇θ log πθ(At | St) | St] = 0. Taking
B = V (U0) in (2) and combining with (1) gives
the identity for GA(Uj). Taking B = V (Uj−1),
which is measurable with respect to St for every t ∈
[τj−1, τj), gives the identity for LA(Uj). Summing
over t = τj−1, . . . , τj − 1 proves E[GA(Uj)Zj ] =
E[LA(Uj)Zj ] = E[RZj ].

For the empirical claim, condition on n(v) = m
for a fixed prefix node v = (p, u). By Assump-
tion 1, the descendant rewards are conditionally

independent samples from R | Y<p = u. Their
mean is V (u) and their variance is Var(R | Y<p =

u). Since V̂ (v) = m−1
∑

i∈I(v) ri, the condi-
tional mean is V (u) and the conditional variance
is Var(R | Y<p = u)/m.

E.2 Proof of the fork-budget claim
Theorem 5 (Fork-budget support-resolution trade-
off). Fix rollout budget K, fork budget B ≥ 1,
and retention threshold m0 ≥ 2, with K ≥ m0.
Let N (m0)

fork be the retained non-root prefix nodes
obtained by applying at most B selected bound-
aries to the K sampled responses and keeping
only prefix groups with at least m0 descendants.
Then |N (m0)

fork | ≤ B⌊K/m0⌋. For a selected
retained node v = (p, u), define its selection-
conditional value as Vsel(v) = E[RJ | v ∈
N (m0)

fork ], where J is drawn uniformly from the
descendant set I(v). Under Assumption 2, if
nmin = min

v∈N (m0)
fork

n(v), then with probability

at least 1 − δ, max
v∈N (m0)

fork

|V̂ (v) − Vsel(v)| ≤
Rmax

√
log(2B⌊K/m0⌋/δ)/(2nmin). If selection

does not distort the descendant reward law be-
yond conditioning on the retained prefix, then
Vsel(v) = V (u).

Proof. Fix a selected boundary p. Exact prefix
matching partitions the K sampled responses into
disjoint groups. Since each retained group has size
at least m0, there are at most ⌊K/m0⌋ retained
groups at boundary p. Since at most B boundaries
are selected,

|N (m0)
fork | ≤ B

⌊
K

m0

⌋
.

If N (m0)
fork = ∅, the high-probability statement

is vacuous. Otherwise, let nmin = minv n(v) over
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retained nodes. By Assumption 2, for any retained
node v,

P
(
|V̂ (v)− Vsel(v)| ≥ ϵ

)
≤ 2 exp

(
−2n(v)ϵ2

R2
max

)
.

Since n(v) ≥ nmin, a union bound gives

P
(
max
v
|V̂ (v)− Vsel(v)| ≥ ϵ

)

≤ 2|N (m0)
fork | exp

(
−2nminϵ

2

R2
max

)

≤ 2B

⌊
K

m0

⌋
exp

(
−2nminϵ

2

R2
max

)
. (3)

Setting the last expression equal to δ and solving
for ϵ proves the stated bound. Finally, if selection
does not distort the descendant reward law beyond
the retained prefix u, then Vsel(v) = E[R | Y<p =
u] = V (u).

E.3 Proof of the prefix-matching claim
Theorem 6 (Collision-only prefix matching is shal-
low-biased). Let A = {p1 < · · · < pM} be the
admissible boundaries. For p ∈ A, define Up =
Y<p, κ(p) =

∑
u∈Vp P(Up = u)2, and η(p) =

Var(E[R | Up])/Var(R) when Var(R) > 0. Then
κ(p) is non-increasing in p. Hence any collision-
only selector pcoll ∈ argmaxp∈A κ(p) selects from
the earliest plateau {p ∈ A : κ(p) = κ(p1)}; if
κ(p1) > κ(p2), it uniquely selects p1. Moreover,
there exist p0 < p⋆ such that κ(p0) > κ(p⋆) > 0,
while η(p0) = 0 and η(p⋆) = 1.

Proof. We first prove that κ(p) is non-increasing.
The prefix partition at depth p+1 refines the prefix
partition at depth p. Fix a length-p prefix u, and
let qa = P(Up+1 = (u, a)). Then P(Up = u) =∑

a qa, and

∑

a

q2a ≤
(∑

a

qa

)2

= P(Up = u)2.

Summing over all u ∈ Vp gives κ(p+ 1) ≤ κ(p).
Thus, by induction, pa < pb implies κ(pa) ≥
κ(pb).

It follows that any maximizer of κ(p) over A =
{p1 < · · · < pM} lies in the earliest plateau {p ∈
A : κ(p) = κ(p1)}. If κ(p1) > κ(p2), then no
deeper admissible boundary can match κ(p1), so
p1 is the unique maximizer.

It remains to show that high collision need not
imply reward information. Consider two admis-
sible boundaries p0 < p⋆. Suppose all responses

share the same prefix at p0. Then Up0 is determin-
istic, so κ(p0) = 1. Since E[R | Up0 ] is constant,
η(p0) = 0.

At boundary p⋆, suppose there are two prefixes
u0, u1, each with probability 1/2, and let R =
1{Up⋆ = u1}. Then κ(p⋆) = (1/2)2 + (1/2)2 =
1/2, so κ(p0) > κ(p⋆) > 0. Also, E[R | Up⋆ =
u0] = 0 and E[R | Up⋆ = u1] = 1, so E[R |
Up⋆ ] = R. Hence Var(E[R | Up⋆ ]) = Var(R),
and η(p⋆) = 1. Therefore collision-only selection
can prefer a shallower boundary with larger colli-
sion but zero reward informativeness.
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