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Abstract

Post-training for long-horizon agentic tasks has a tension between com-
pute efficiency and generalization. While supervised fine-tuning (SFT) is
compute efficient, it often suffers from out-of-domain (OOD) degradation.
Conversely, end-to-end reinforcement learning (E2E RL) preserves OOD
capabilities, but incurs high compute costs due to many turns of on-policy
rollout. We introduce PivotRL, a novel framework that operates on existing
SFT trajectories to combine the compute efficiency of SFT with the OOD
accuracy of E2E RL. PivotRL relies on two key mechanisms: first, it executes
local, on-policy rollouts and filters for pivots: informative intermediate turns
where sampled actions exhibit high variance in outcomes; second, it utilizes
rewards for functional-equivalent actions rather than demanding strict
string matching with the SFT data demonstration. We theoretically show
that these mechanisms incentivize strong learning signals with high natural
gradient norm, while preserving policy probability ordering on actions
unrelated to training tasks. In comparison to standard SFT on identical
data, we demonstrate that PivotRL achieves +4.17% higher in-domain ac-
curacy on average across four agentic domains, and +10.04% higher OOD
accuracy in non-agentic tasks. Notably, on agentic coding tasks, PivotRL
achieves competitive accuracy with E2E RL with 4× fewer training-time
rollout turns.

1 Introduction

Long-horizon agentic tasks require many turns of Large Language Model (LLM) interaction
with an environment. This includes tasks such as conversational tool use (Schick et al., 2023;
Qin et al., 2023), agentic coding (Jimenez et al., 2024), terminal interaction (Xie et al., 2024),
and web search (Yao et al., 2022; Wei et al., 2025). These tasks have emerged as the frontier in
AI systems capable of executing complex, real-world workflows. However, post-training for
these long-horizon agentic capabilities introduces a fundamental tension between training
efficiency and generalization. While supervised fine-tuning (SFT) offers a compute-efficient
mechanism for acquiring new capabilities, it frequently struggles to generalize beyond
the training distribution and catastrophically degrades out-of-domain (OOD) performance
(Chu et al., 2025; Luo et al., 2025b). In contrast, end-to-end reinforcement learning (E2E
RL) typically yields higher in-domain accuracy while robustly retaining OOD capabilities
(Ouyang et al., 2022; Chen et al., 2025). Nevertheless, E2E RL incurs high compute overheads,
as each parameter update necessitates repeated, many turns of on-policy rollout with
environmental interactions. This dichotomy naturally raises the following question:

Can we combine the data efficiency of SFT with the generalization capabilities of E2E RL, achieving
both in-domain accuracy and OOD retention without incurring full-trajectory rollouts?
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To address this challenge, a natural attempt would be to repurpose SFT trajectory demon-
strations for RL. Specifically, one could sample on-policy rollouts conditioned on a randomly
selected intermediate turn from an SFT trajectory, assigning a positive reward only if the
generated action exactly matches the SFT data demonstration. While this mitigates the
under-utilization of SFT data which only trains on a single demonstrated completion, our
preliminary experiments reveal that it fails to improve OOD accuracy relative to standard
SFT on the same data. We empirically trace this failure to two bottlenecks. First, randomly
selected intermediate turns frequently provide negligible learning signals; under Group
Relative Policy Optimization (GRPO) (Shao et al., 2024), sampled actions at such turns
often uniformly succeed or fail, yielding a normalized advantage close to zero and thus
producing no meaningful gradient update. Second, exact string matching with SFT data
is excessively restrictive in generative action spaces, where numerous functionally equiv-
alent actions validly diverge from the singular demonstrated completion. For instance, a
tool call or search query may be perfectly appropriate despite not perfectly matching the
demonstration.

Motivated by these insights, we introduce PivotRL, a novel framework for long-horizon
agentic RL to overcome both bottlenecks simultaneously. PivotRL executes local, on-policy
rollouts and filters for pivots: informative assistant turns where sampled actions exhibit
mixed outcomes (i.e., both successes and failures). Consequently, training requires only
brief, partial rollouts from these pivot states rather than exhaustive full trajectories. To
effectively score these rollouts, we leverage domain-appropriate verifiers to assign rewards
for functionally equivalent actions rather than strictly penalizing deviations from SFT data
demonstrations (Shao et al., 2024; Rohatgi et al., 2025).

We substantiate our methodology with a lightweight theoretical analysis on our core design
choices. First, we prove that the Fisher norm of the natural gradient of the statewise reward
objective scales with the reward standard deviation. Consequently, the GRPO update
along the KL path scales directly with this standard deviation, validating our strategy of
filtering for reward-diverse pivots to maximize the local in-domain learning signals. Second,
we show that functional reward-based RL shifts probability mass toward actions that
are functionally equivalent to the expert demonstration, while preserving the conditional
distributions on all other actions. This maintains the reference policy’s relative ordering of
task-unrelated actions, thereby mitigating out-of-domain (OOD) degradation.

Empirically, we first show that under identical training data—the same prompts and expert
trajectories—PivotRL yields larger in-domain improvements than SFT while exhibiting
substantially less OOD regression. When training in the conversational tool use, agentic
coding, terminal tool use and search domain, PivotRL achieves an average in-domain
accuracy improvement of +14.111over the base model, which significantly improves the
+9.94 points attained by SFT. Crucially, PivotRL does not introduce OOD regressions (+0.21
change), whereas SFT suffers a severe regression of −9.48 in non-agentic domains including
math, science QA and competitive coding. Second, we provide a direct comparison with
E2E RL on SWE-Bench, a rigorous standard for evaluating long-horizon agentic capabilities
with well-established E2E RL baselines (Jimenez et al., 2024; Wang et al., 2025b). On this
benchmark, we demonstrate that PivotRL attains competitive accuracy with E2E RL, but
only with a 4× fewer training-time rollout turns.

2 Preliminaries and motivating observations

Turn-level agentic training. Let τ be an interaction trajectory collected in agentic tasks.
Decomposing τ at assistant decision boundaries gives τ = (s0, a∗0 , . . . , sT , a∗T), where st is the
full interaction history from the beginning of trajectory τi up to, but not including, the t-th
assistant action, and a∗t is the demonstrated assistant completion at that state. In turn-level
agentic training, an action is the full assistant completion at a model-call boundary, instead
of an individual token. The standard negative log-likelihood loss for SFT is given by

Lsft(θ) = −Eτ∼Dsft,(st ,a∗t )∼τ [log πθ(a∗t | st)].

1Throughout this paper, performance scores and differences are reported in percentage points.
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Let π0 denote the reference policy, E2E RL samples rollouts from πold and optimizes the
GRPO (Shao et al., 2024) objective given by:

JGRPO(θ) = E s∼Dπold
ai∼πold(·|s)

[
1
G

G

∑
i=1

min
(
wi(θ)Âi, clip(wi(θ), 1− ϵ, 1 + ϵ)Âi

)
− DKL

]

where DKL = βKL(πθ(· | s) ∥ π0(· | s)) is the KL regularization, wi(θ) = πθ(ai |s)
πold(ai |s)

is the
importance sampling weight, Dπold denotes the distribution of states st from the on-policy
rollout trajectories, and

Âi =
ri − 1

G ∑G
j=1 rj

std({rj}G
j=1) + ϵstd

. (1)

represents the advantage normalized across the group of G sampled end-to-end rollouts.

Local RL from expert trajectories. To circumvent the computational overhead associated
with full end-to-end trajectory generation, we consider a local RL paradigm. In this setting,
instead of unrolling full interactions from the initial environment state until termination, we
condition the policy on intermediate expert states st derived directly from the SFT dataset
and then conduct targeted, turn-level rollouts from these states. Given expert trajectory
dataset Dsft = {τi}N

i=1, the simplest attempt to adapt it for local RL goes as follows: first
sample a state st, then sample actions from πθ(· | st) and reward the action only when it
exactly matches the demonstrated continuation:

rstrict(s, a) = 1[a = a∗(s)]. (2)
This formulation represents the most direct translation of SFT demonstrations into a local
RL framework: the interaction history is rigidly anchored to the expert trace, the subsequent
action is sampled on-policy, and credit is sparsely assigned only for perfect replication of the
demonstrated completion. However, empirical evaluations in τ2-Bench reveal that this naive
local RL strategy yields merely marginal gains over standard behavior cloning on identical
data, achieving an accuracy of 57.34 compared to 58.44 for same-data SFT. Consequently,
this simplistic SFT-to-RL conversion proves inadequate for driving meaningful performance
improvements.

Motivating observations. Through our preliminary experiments, we identify two bot-
tlenecks in allocating rollout budgets and assigning local credit. First, turns with uniformly
successful or failed actions are uninformative under group-normalized RL. Indeed, if a batch of
rewards {ri}G

i=1 consists entirely of zeros or ones, then the normalized advantage in Eq. (1)
evaluates to zero. Empirically on τ2-bench and SWE-Bench, 71% of randomly sampled
turns yield a 0 learning signal, meaning they are uniformly solved or uniformly failed and
contribute nothing to the gradient. Second, exact-match local credit is too strict. In generative
action spaces, many tool calls, shell commands, or search steps are locally acceptable with-
out matching the single demonstrated string exactly. These two bottlenecks map directly
to the two ingredients of PivotRL: we first filter for pivots (informative turns that continue
to produce mixed outcomes), and then replace exact-match local credit with a verifier that
rewards locally acceptable actions.

3 PivotRL

PivotRL modifies the naive local-RL baseline from Section 2 in exactly two ways: it filters
extracted turns so that online rollout budget is spent on informative states, and it replaces
exact-match local credit with verifier-based reward. We now introduce the full training
pipeline and then give two theoretical results that help explain these choices. Section 3.1
presents the method. Section 3.2 then studies the two components separately: Proposition 3.1
and Theorem 3.2 explain why turns with very different responses provide stronger local
learning signal under group-normalized RL, while Theorem 3.3 shows that the verifier-based
reward shifts probability mass toward acceptable actions while remaining conservative
relative to the reference policy.
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3.1 Method

In turn-level training, we extract assistant turns from each trajectory τ = (s0, a∗0 , . . . , sT , a∗T)
into a pivot candidate dataset:

Dcand = {(st, a∗t )}τ∈DSFT, t=0,...,T . (3)

PivotRL performs three steps: (i) profile turns offline and retain only those likely to remain
informative, (ii) sample local on-policy rollouts at the retained turns, and (iii) optimize a
verifier-based GRPO-style objective. We summarize the full procedure in Algorithm 1. The
first step addresses the uninformative-turn bottleneck from Section 2; the second addresses
the overly strict local-credit bottleneck.

Offline turn selection. We estimate the informativeness of each extracted turn under a
frozen reference policy π0, typically the policy used to initialize PivotRL. For a turn state s,
we sample K local rollouts from π0(· | s), score them with the verifier, and compute

µ̂(s) =
1
K

K

∑
k=1

rfunc(s, a(k)), σ̂2(s) =
1
K

K

∑
k=1

(
rfunc(s, a(k))− µ̂(s)

)2. (4)

We then keep only turns with nonzero empirical reward variance and low reward mean,

Dadv =
{
(s, a∗) ∈ Dcand : σ̂2(s) > 0, µ̂(s) < λdiff

}
. (5)

The first filter removes turns that are already uniformly solved or uniformly failed under
the reference policy; the second concentrates training on mixed-outcome turns that are still
difficult. This filtered subset is thus called pivot used for PivotRL training. We write Dpivot
for the retained training set, and unless otherwise stated use Dpivot = Dadv.

Verifier-based local reward. For a retained state s (present in Dadv), let M(s) ⊆ A(s)
denote the set of locally acceptable actions under a domain-specific verifier. PivotRL assigns
reward

rfunc(s, a) = 1[a ∈ M(s)]. (6)
Relative to the strict local reward in Eq. (2), this verifier credits any action that is acceptable
at the current turn, not only the single demonstrated completion. Depending on the domain,
the verifier may be a normalized string/schema check, a task-specific equivalence rule, or a
lightweight LLM judge.

Given a retained turn set Dpivot and rollout group size G, PivotRL samples {ai}G
i=1 ∼

πθold
(· | s) at each selected state and optimizes

JPivotRL(θ) = E s∼Dpivot

{ai}G
i=1∼πθold

(·|s)

[
1
G

G

∑
i=1

min
(

wi(θ)Âi, clip(wi(θ), 1− ϵ, 1 + ϵ)Âi

)
− DKL

]
,

(7)
where DKL = βKL(πθ(· | s) ∥ π0(· | s)), wi(θ) =

πθ(ai |s)
πθold

(ai |s)
and Âi is the group-normalized

advantage from Eq. (1), computed using the local verifier rewards {rfunc(s, ai)}G
i=1. Relative

to end-to-end RL, the only online interaction during training is the short rollout needed to
score each sampled turn-level action.

3.2 Theoretical analysis for PivotRL

We next analyze the two design choices from Section 3.1. We first formalize why mixed-
outcome turns are the right states for group-normalized local RL. We then show that
verifier-based reward yields a conservative KL-regularized update: it increases total mass
on locally acceptable actions while preserving the reference ordering within and outside
that acceptable set. Throughout this subsection, we assume finite action spaces,M(s) ̸= ∅,
and π0(a | s) > 0 for all s and a.

4



Published as a conference paper at COLM 2026

Algorithm 1 PivotRL

1: Require: expert trajectories Dsft, reference policy π0, initial policy πθ , verifier V, rollout
group size G, difficulty threshold λdiff

2: Extract turns Dcand = {(st, a∗t )} from Dsft
3: Profile each s ∈ Dcand with Eq. (4)
4: Set Dpivot ← Dadv
5: for k = 1, . . . , Ktrain do
6: Sample minibatch {sb}B

b=1 ∼ Dpivot
7: for each sb do
8: Sample {ab,i}G

i=1 ∼ πθold
(· | sb)

9: Execute the short rollout needed to score each ab,i
10: rb,i ← rfunc(sb, ab,i) for i = 1, . . . , G

11: Compute Âb,i ←
rb,i − 1

G ∑G
j=1 rb,j

std({rb,j}G
j=1) + ϵstd

12: end for
13: Update θ using the objective in Eq. (7)
14: end for

Proposition 3.1 (Only mixed-outcome turns produce nonzero group-normalized updates).
Let s be a fixed state and let {ri}G

i=1 be the binary rewards of a rollout group at s. If all rewards are
identical, then the normalized advantages in Eq. (1) are zero for every i. Equivalently, only rollout
groups with positive reward variance can contribute a nonzero group-normalized update.

Proposition 3.1 is the direct reason to filter turns before RL: if a turn is uniformly easy or
uniformly impossible under local sampling, then spending rollout budget on that turn does
not change the policy under group-normalized training.

For any distribution π over A(s), define Tπ = {v : A(s)→ R : Ea∼π [v(a)] = 0},
⟨u, v⟩F,π = Ea∼π [u(a)v(a)], and let ∇nat Js(π) ∈ Tπ denote the natural gradient of Js under
this Fisher geometry.
Theorem 3.2 (Reward variance determines the local GRPO signal). Consider the statewise
expected reward objective

Js(π) = Ea∼π [r(s, a)],

and the KL path πs,β(a) = π0(a|s)er(s,a)/β

∑b∈A(s) π0(b|s)er(s,b)/β . Define the population GRPO score

γs,β := −Ea∼πs,β

 r(s, a)−Ea′∼πs,β
[r(s, a′)]√

Vara′∼πs,β
(r(s, a′))

∂β log πs,β(a)

 . (8)

Then we have

γs,β =
1
β2

∥∥∇nat Js(πs,β)
∥∥

F,πs,β
=

√
Vara∼πs,β(r(s, a))

β2 . (9)

In particular, at fixed β, states with larger reward variance induce a larger natural-gradient norm
and a larger population GRPO score.

Interpretation. Theorem 3.2 is a population, pathwise statement about the idealized KL-
regularized statewise update πs,β ∝ π0er(s,·)/β. It shows that, for group-normalized local
RL, reward variance is not just a heuristic diagnostic: it is exactly the scale of the local
natural-gradient signal along the KL path. For binary verifier rewards, larger variance
means a more mixed success/failure turn, which is precisely why PivotRL filters toward
mixed-outcome turns.
Theorem 3.3 (Functional reward shifts mass toward acceptable actions with minimal KL
change). Fix β > 0 and consider the regularized objective

Lfunc,β(π) = Es∼d

[
−Ea∼π(·|s)[rfunc(s, a)] + β KL

(
π(· | s) ∥π0(· | s)

)]
, (10)
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where rfunc(s, a) = 1[a ∈ M(s)] and d is a fixed state distribution. For each state s, define

ρ(s) = π0(M(s) | s) and qβ(s) = ρ(s)e1/β

(1−ρ(s))+ρ(s)e1/β . Then Lfunc,β has a unique minimizer π∗β
such that, for each state s (d-almost surely),

π∗β(M(s) | s) = qβ(s) ≥ ρ(s), (11)

with strict inequality whenever 0 < ρ(s) < 1. Moreover, among all distributions satisfying Eq. (11),
π∗β(· | s) is the unique minimizer of

KL
(
π(· | s) ∥π0(· | s)

)
,

and it preserves the reference ordering within bothM(s) and its complementM(s)c:

π∗β(a | s)

π∗β(b | s)
=

π0(a | s)
π0(b | s)

for a, b ∈ M(s),
π∗β(a | s)

π∗β(b | s)
=

π0(a | s)
π0(b | s)

for a, b ∈ M(s)c. (12)

Interpretation. Theorem 3.3 isolates the effect of the functional reward, establishing that
the minimizer policy of functional reward-based RL is the KL-projection of the reference
policy onto the set of policies with a higher probability mass qβ(s) on acceptable actions.
From Eq. (12), functional reward-based RL preserves the conditional distribution on both (i)
the set of acceptable actions and (ii) its complement. Since the action space of assistant turns
is exponentially large, any given action is generally relevant to only a single task. Under this
assumption, the complement of acceptable actions corresponds to the set of task-unrelated
actions, and consequently, the relative ranking among task-unrelated actions is preserved,
explaining PivotRL’s strong retention of OOD performance.
Remark 3.4 (Soft and imperfect verifiers). The binary acceptable-set model in Theorem 3.3 is a
special case of a more general score-valued verifier. Proposition B.1 shows that for any verifier score
r(s, a) ∈ [0, 1], the statewise natural-gradient norm equals the standard deviation of r(s, a), and the
exact KL-regularized optimizer smoothly favors actions with higher verifier scores. In particular,
actions with equal verifier scores preserve their reference-policy probability ratio, while the relative
odds of actions with different scores change according to their score difference. Proposition B.2
further shows that if an implemented verifier r̂ uniformly approximates an ideal verifier r within
∆(s) at state s, then their exact KL-regularized statewise optimizers differ in total variation by at
most tanh(∆(s)/(2β)). These propositions support the same qualitative mechanism under fuzzy
or imperfect verifier scores, although they concern exact statewise policy-space optima and do not
account for finite-sample estimation, function approximation, or optimization error.
Remark 3.5 (Synergy between pivot selection and functional RL). The same functional reward
rfunc is used both to profile candidate states and to compute the group-normalized advantages. The
condition σ̂2(s) > 0 retains states whose profiled rollouts receive different rewards and can therefore
produce a nonzero group-normalized update, while the condition µ̂(s) < λdiff concentrates the
rollout budget on states that are not already reliably solved. Once a state is selected, the functional
reward determines which sampled actions receive positive reinforcement. Our theory shows that
reward variance determines the statewise natural-gradient magnitude, while the corresponding
KL-regularized update exponentially shifts probability mass toward higher-scored actions. Thus,
offline filtering determines where local RL is likely to provide an informative signal, whereas the
verifier reward determines what the resulting update reinforces.

4 Experiments

PivotRL achieves larger in-domain gains than same-data SFT while nearly eliminating OOD
degradation, as shown in Section 4.1. On SWE-Bench, where end-to-end RL (E2E RL) is
the standard training paradigm, PivotRL attains comparable accuracy without multi-turn
environment rollouts, as shown in Section 4.2. An ablation confirms that both pivot filtering
and functional reward are necessary for the full gains, as shown in Section 4.3.

Setup. We train on four agentic domains separately—conversational tool use, software en-
gineering, terminal control, and web browsing—and evaluate each resulting model on their
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corresponding benchmarks: τ2-Bench (Barres et al., 2025), SWE-Bench Verified (Jimenez
et al., 2024), Terminal-Bench (Team, 2025c), and BrowseComp (Wei et al., 2025). All experi-
ments start from Qwen3-30B-A3B-Thinking-2507 (hereafter “Base”), use Nemo-RL (NVIDIA,
2025b) for optimization, and Nemo-Gym (NVIDIA, 2025a) for environment rollouts. For
every SFT–PivotRL comparison, the base model, prompts, and expert trajectories are iden-
tical. Domain-specific data construction, verifier design, and hyperparameters appear in
Appendix A.2.

4.1 In-domain and OOD accuracy

Benchmark Base SFT PivotRL ∆ vs SFT

τ2-Bench 44.35 58.44 63.81 +5.37
SWE-Bench Verified 19.07 37.40 32.67 -4.73
Terminal-Bench 5.42 13.75 20.00 +6.25
BrowseComp 2.50 1.50 11.30 +9.80

Table 1: In-domain results. Base denotes Qwen3-30B-A3B-Thinking-2507; SFT and PivotRL
use identical training data. PivotRL outperforms SFT on three of four benchmarks, with an
average gain of +14.11 over Base versus +9.94 for SFT.

Table 1 reports in-domain accuracy for each training domain. PivotRL improves over SFT on
τ2-Bench (+5.37), Terminal-Bench (+6.25), and BrowseComp (+9.80), achieving an average
in-domain gain of +14.11 over Base compared to +9.94 for SFT. The more important result
is OOD retention. Table 2 reports the average change on eight OOD benchmarks across the
four training runs. SFT produces an average OOD change of−9.83, with the worst case after
terminal-domain training (AIME25 drops by −64.48, MATH500 by −34.50). PivotRL stays
near Base across all benchmarks, with an average change of +0.21 and no single benchmark
dropping more than −3.12. Table 3 provides the full per-domain breakdown. In every
training domain, PivotRL (rl) preserves OOD performance while SFT (sft) causes broad
regression—most dramatically after terminal-domain training, where SFT drops AIME25
from 86.04 to 21.56.

SWE-Bench Verified is the sole same-data setting in which PivotRL trails SFT. We attribute
this gap primarily to the difficulty of constructing an informative local verifier for software
engineering. This result identifies verifier quality as an important scaling axis for PivotRL;
Appendix A.2 provides the exact verifier rules and a more detailed discussion.

4.2 Comparison to End-to-End RL on SWE-Bench

SWE-Bench is a natural comparison point because E2E RL is the standard training method
for software-engineering agents: each GitHub issue requires a multi-turn tool-using trajec-
tory, and the evaluation harness provides a binary success signal. To compare rollout cost,
we count total training-time rollout turns: for PivotRL, each training sample is a single-turn
rollout, so the total equals the number of training samples; for E2E RL, we sum the turns
across all training trajectories.

All methods start from Base and are evaluated with the OpenHands harness (Wang et al.,
2025b). Figure 1 plots accuracy against cumulative rollout turns and cumulative rollout
time. To reach the same accuracy, PivotRL requires ∼4× fewer training-time rollout turns
and ∼5.5× less wall-clock time on the same number of compute nodes.

4.3 Ablation study

We present ablation results in Table 4. To isolate the contribution of each PivotRL component,
we remove one at a time on τ2-Bench. Removing filtering reduces accuracy from 63.81 to
59.68; removing functional reward yields 57.34. Pivots concentrate rollouts on states with
nonzero advantage signal (Proposition 3.1), and functional reward ensures that correct but
textually different actions receive credit.
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OOD Benchmark Base ∆ SFT ∆ PivotRL

IFBench 52.04 -11.46 +0.82
AIME25 86.04 -19.72 -1.20
MATH500 98.05 -8.51 +0.35
LiveCodeBench 66.52 -7.76 -0.17
Scicode 36.83 -11.39 +1.90
MMLU-Pro 80.84 -2.99 +0.31
MMLU-ProX 78.58 -7.16 +0.12
WMT24++ 36.97 -9.61 -0.49

Average 66.62 -9.83 +0.21

Table 2: OOD performance change (∆) relative to Base, averaged across the four training
runs in Table 1. SFT degrades by −9.83 on average; PivotRL maintains near-zero change
(+0.21).

Benchmark Base τ2 SWE

sft rl sft rl

Peak In-Domain – 58.44 (+14.09) 63.81 (+19.46) 37.40 (+18.33) 32.67 (+13.60)

IFBench 52.04 44.42 (-7.62) 53.29 (+1.25) 38.80 (-13.24) 54.79 (+2.75)
AIME25 86.04 76.25 (-9.79) 85.63 (-0.41) 82.29 (-3.75) 85.00 (-1.04)
MATH500 98.05 98.00 (-0.05) 98.35 (+0.30) 98.30 (+0.25) 98.65 (+0.60)
LiveCodeBench 66.52 64.98 (-1.54) 66.96 (+0.44) 57.27 (-9.25) 66.96 (+0.44)
Scicode 36.83 31.95 (-4.88) 38.68 (+1.85) 24.85 (-11.98) 39.87 (+3.04)
MMLU-Pro 80.84 79.81 (-1.03) 81.31 (+0.47) 78.90 (-1.94) 81.13 (+0.29)
MMLU-ProX 78.58 74.31 (-4.27) 78.92 (+0.34) 75.58 (-3.00) 78.81 (+0.23)
WMT24++ 36.97 34.25 (-2.72) 36.54 (-0.43) 35.69 (-1.28) 36.66 (-0.31)

Benchmark Base Terminal BrowseComp

sft rl sft rl

Peak In-Domain – 13.75 (+8.33) 20.00 (+14.58) 1.50 (-1.00) 11.30 (+8.80)

IFBench 52.04 24.77 (-27.27) 49.47 (-2.57) 54.35 (+2.31) 53.89 (+1.85)
AIME25 86.04 21.56 (-64.48) 82.92 (-3.12) 85.21 (-0.83) 85.83 (-0.21)
MATH500 98.05 63.55 (-34.50) 98.00 (-0.05) 98.30 (+0.25) 98.40 (+0.35)
LiveCodeBench 66.52 45.15 (-21.37) 64.54 (-1.98) 67.62 (+1.10) 66.96 (+0.44)
Scicode 36.83 9.39 (-27.44) 39.13 (+2.30) 35.58 (-1.25) 37.28 (+0.45)
MMLU-Pro 80.84 71.57 (-9.27) 80.85 (+0.01) 81.13 (+0.29) 81.31 (+0.47)
MMLU-ProX 78.58 59.13 (-19.45) 78.49 (-0.09) 76.68 (-1.90) 78.60 (+0.02)
WMT24++ 36.97 6.31 (-30.66) 36.48 (-0.49) 33.18 (-3.79) 36.26 (-0.71)

Table 3: Per-domain OOD breakdown across four single-domain training runs. Each cell
shows score followed by ∆ relative to Base. PivotRL (rl) consistently preserves OOD
performance, whereas SFT (sft) causes broad regression—particularly after terminal-domain
training.

Figures 2 and 3 show the training dynamics behind these gains. Under random sampling,
per-batch reward variance collapses quickly, indicating that most sampled pivots no longer
generate a useful advantage signal. The pivot sets preserve higher reward variance deeper
into training and optimize to higher validation accuracy.

5 Related works

Agentic language models interleave natural language with grounded actions for complex
environment interactions across tools, code, and web navigation (Yao et al., 2023; Schick
et al., 2023; Xu et al., 2023; Qin et al., 2023; Shridhar et al., 2021; Wang et al., 2022; Jimenez
et al., 2024; Wang et al., 2025b; Pan et al., 2025; Yao et al., 2022; Wei et al., 2025; Ma et al., 2024;
Wang et al., 2024). Offline supervised fine-tuning (SFT) frequently suffers from catastrophic
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Figure 1: SWE-Bench accuracy vs. (a) cumulative training-time rollout turns and (b) cu-
mulative training-time rollout wall-clock time, using the same number of compute nodes.
PivotRL reaches comparable accuracy to E2E RL with ∼4× fewer rollout turns and ∼5.5×
less wall-clock time.

Configuration τ2-Bench

Full PivotRL (Dadv + functional reward) 63.81
− Pivot filtering (Dcand + functional reward) 59.68
− Functional reward (Dcand + strict reward) 57.34

Same-data SFT 58.44
Base 44.35

Table 4: Ablation on τ2-Bench. Both pivot filtering and functional reward are necessary;
removing either degrades accuracy.

forgetting and degraded generalization (Luo et al., 2025b; Li et al., 2024; Imanov, 2026;
Kirkpatrick et al., 2017; Li & Hoiem, 2016), while on-policy RL (Ouyang et al., 2022; Schulman
et al., 2017; 2015; Wang et al., 2025a; Song et al., 2024; Zhang et al., 2025) mitigates forgetting
by retaining broader capabilities (Shenfeld et al., 2025; Chen et al., 2025). RL with verifiable
rewards (RLVR) (Shao et al., 2024; Xin et al., 2024; DeepSeek-AI, 2025a; Team, 2025a) with
scalable policy optimization, hierarchical modeling, and multi-agent coordination (Ji et al.,
2025; Rohatgi et al., 2025; Xue et al., 2025; Dong et al., 2025a; Yang et al., 2025; Yu et al.,
2025; Luo et al., 2025a; Dong et al., 2025b; Su et al., 2025; Zhou et al., 2024; Prabhakar et al.,
2025; Zhou et al., 2025; Xi et al., 2025) show success in various domains, while on-policy
distillation mitigates off-policy distribution shifts (Lu & Lab, 2025; Zhao et al., 2026; Liu et al.,
2025a; Hübotter et al., 2026). To transfer offline knowledge online, prior methods combine
expert demonstrations with RL updates (Uchendu et al., 2023; Hester et al., 2018), utilize
partial trace prefixes (Setlur et al., 2026), or repurpose SFT tokens as rollout rewards (Ming
et al., 2026). Recently, COBALT (Chen et al., 2026) formulate multi-turn code generation as a
one-step recoverable MDP (Jain et al., 2025a) and optimize single-step contextual-bandit
updates from partial trajectories. Our work lies at this intersection: we target broader agentic
domains by converting supervised trajectories into turn-level verifier rewards, enabling
on-policy optimization without a separate reward model.

6 Conclusions and future work

PivotRL is a turn-level RL algorithm designed to tractably post-train LLMs for long-horizon
agentic tasks. By leveraging local on-policy rollouts and verifier-based, expert-matching
rewards, PivotRL achieves comprehensive action-space coverage and dense feedback signals.
Our empirical evaluations across diverse agentic domains demonstrate PivotRL’s superior
in-domain performance, OOD retention, and sample efficiency.

9
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Figure 2: τ2-Bench accuracy over RL train-
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Figure 3: τ2-Bench reward standard devia-
tion during RL training. Dadv sets maintain
higher reward variance and therefore more
informative local updates.

While our results establish the efficacy of this approach, they also highlight a key limitation
that presents exciting avenues for future research. The primary limitation of PivotRL is its
reliance on high-quality domain-specific verifiers for local credit. To address this limitation,
we outline two concrete directions. First, we plan to replace the programmatic verifier
with a turn-based action-value model trained from large-scale MCTS-style trajectory data.
By maintaining the expert demonstration as the top-ranked action, this approach would
provide a scalable, domain-agnostic reward signal without per-domain engineering, thus
extending PivotRL to settings where we wish to preserve the algorithm’s full efficiency
without the bottleneck of per-domain verifier engineering. Second, we plan to extend the
rollout horizon to task completion and integrate our turn-based rewards with the E2E RL’s
outcome-grounded signal. This would extend PivotRL to settings where outcome reward is
also available and unlock efficiency trade-off between local & global verifier design, further
bridging the gap between step-wise supervision and long-horizon autonomy.
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A Experiment details

This appendix provides domain-specific training procedures, terminology conventions, and
detailed ablation analyses for the experiments in Section 4.

A.1 Terminology conventions

Throughout the experiments, we call every extracted assistant turn a pivot candidate and
reserve the term pivot for the offline-filtered subset used for PivotRL training. An action is
the full assistant completion at a model-call boundary, not an individual token. Depending
on the benchmark, that completion may be a conversational tool-use turn, a coding-agent
tool call, a bash command, or a search/browsing step. Natural-language-only assistant
turns are also actions when the benchmark includes them.

In the single-domain experiments, OOD change denotes the score difference relative to the
base model on benchmarks outside the training domain.

For pivot selection, we use two subsets: random (Dcand), which uses all pivot candidates, and
low-reward-mean (Dadv), which requires both nonzero reward variance and a gap between
the demonstrated action and the reference-policy mean.

A.2 Domain-specific training details

In all four domains, pivot candidates are extracted once from the demonstration traces,
profiled offline, and filtered before RL training; training then samples only from the retained
set. We detail the domain-specific action definitions, data construction, and local verifiers
below.

τ2-Bench. We curate an SFT trajectory dataset of 281,774 trajectories across 838 do-
mains using a synthetic data-generation pipeline similar to ToolAce (Liu et al., 2025b),
Kimi-K2 (Team, 2025b), and DeepSeek-V3.2 (DeepSeek-AI, 2025b). We train on top of
Qwen3-30B-A3B-Thinking-2507. Every assistant turn in the trace is first treated as a pivot
candidate. In this domain, an action is the full assistant turn at the model-call boundary,
which may contain natural language, tool calls, or both. We then evaluate random and
low-reward-mean pivot sets as described in Section 3.1.

Terminal-Bench. We collect resolved trajectories from
Qwen/Qwen3-Coder-480B-A35B-Instruct and moonshotai/Kimi-K2-Instruct using the
Terminus-1 and Terminus-2 agents. Every assistant bash action is treated as a pivot
candidate, and an action in this domain is the next bash command produced at the
model-call boundary. We start from the low-reward-mean set Dadv, with an additional
command-deduplication step to improve diversity. The final dataset contains approximately
20,000 samples. The local verifier is deterministic and string-only: it asks whether the
sampled command is locally interchangeable with the demonstrated command via
output-schema validation and normalized string similarity check.

SWE-Bench Verified. We use an internal trajectory dataset generated with Open-
Hands (Wang et al., 2025b), OpenCode (Anomaly, 2026), and Codex (OpenAI, 2026)
on tasks from SWE-Gym (Pan et al., 2025) and R2E-Gym (Jain et al., 2025b), using
MiniMaxAI/MiniMax-M2.5 (MiniMax, 2026). We evaluate mean@3 with the OpenHands
harness. Every non-error tool-call action is treated as a pivot candidate, and an action in
this domain is the next assistant tool call in the coding trace. Filtering to Dadv yields a
final training set of 87,718 samples. The local verifier requires the correct tool identity and
argument schema including paths, IDs, single-token values, numbers, and booleans. This is
a deliberately coarse local signal: it checks whether the model selected the correct next kind
of operation at the pivot (e.g., search, open, edit, or run), without attempting to score tool
arguments or patch quality at every turn. Final task success is determined only by the full
SWE-Bench evaluation harness.
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Domain Gym configuration Verifier code Pivot dataset

τ2-Bench config code data
Terminal-Bench config code –
SWE-Bench config code data
BrowseComp config code –

Table 5: Released configurations, verifier implementations, and datasets.

This verifier captures meaningful information about the local action: for example, it distin-
guishes whether the agent should search, inspect a file, edit code, or execute a command,
while also checking the associated schema and exact short arguments. However, it does
not execute the resulting patch, test whether the edit resolves the issue, or semantically
evaluate alternative edit strategies at each intermediate turn. The permissive handling of
long strings reduces false negatives but also weakens the local credit signal. We therefore
view SWE-Bench as the clearest demonstration of the importance of verifier quality.

For the E2E RL comparison in Section 4.2, PivotRL trains with a batch size of 1024 (64
prompts × 16 generations) at 1 turn per sample, reaching 32.67% accuracy at step 130 with
∼133K cumulative rollout turns. The E2E RL baseline trains with a batch size of 512 (16
prompts × 32 generations) at 12–25 turns per trajectory, reaching the same 32.67% accuracy
at step ∼72 with ∼542K cumulative rollout turns. At this matched accuracy, PivotRL
requires ∼4× fewer rollout turns and ∼5.5× less wall-clock time (Figure 1). Both methods
use the same number of compute nodes.

BrowseComp. We start from a multi-hop question-answer dataset and use an online search
engine together with DeepSeek-V3.2 to generate browsing trajectories. Each search-related
assistant step at a model-call boundary is treated as a pivot candidate; in this domain, an
action is the next browsing step, such as issuing a search query, opening a result, or taking
the next evidence-gathering action. The final dataset contains 13,215 samples.

A.2.1 Released artifacts

We release the domain-specific NeMo Gym configurations, verifier implementations, and
available pivot datasets.

A.3 Detailed ablation analyses

A.3.1 Effect of turn selection strategy on τ2-Bench

We compare two pivot selection strategies on τ2-Bench:

• random pivots (Dcand): no filtering,
• low-reward-mean (Dadv): mixed-outcome pivots further filtered for a large gap

between the demonstrated action’s reward and the reference-policy mean, given by
Eq. (5).

Table 6 shows a monotonic benefit from more selective filtering: random pivots already
improve over SFT (59.68 vs. 58.44), and low-reward-mean pivots yield the best result (63.81).

A.3.2 Additional results on a larger model

To evaluate whether the gains are specific to the Qwen3-30B base model used in the con-
trolled experiments, we additionally compare SFT and PivotRL on Nemotron 3 Super
120B-A12B. Table 7 shows consistent gains for PivotRL across conversational tool use,
terminal control, and web browsing.

These results provide corroborating evidence that the empirical advantage of PivotRL
transfers beyond the main Qwen3-30B experiments.
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τ2-Airline τ2-Retail τ2-Telecom τ2-Average

gpt-oss-120b-high 55.33 58.19 67.20 60.24
gpt-oss-20b-high 43.33 50.20 52.63 48.72
Qwen3-235B-A22B-Thinking-2507 50.00 66.08 46.78 54.29

Qwen3-30B-A3B-Thinking-2507 50.00 54.39 28.65 44.35
Qwen + SFT 51.33 58.19 65.79 58.44
Qwen + Random Pivots (Dcand) 58.00 63.74 57.31 59.68
Qwen + Low-Reward-Mean Pivots (Dadv) 58.67 69.01 63.74 63.81

Table 6: Effect of pivot selection on τ2-Bench (best checkpoint over training). Random turns
improve over the base model and low-reward-mean pivots perform even stronger.

Benchmark SFT PivotRL

τ2-Bench 48.00 64.00
Terminal-Bench 23.33 34.17
BrowseComp 13.03 25.04

Table 7: Additional results on Nemotron 3 Super 120B-A12B. All entries are accuracy in
percent.

A.3.3 Sensitivity to profiling hyperparameters

We evaluate sensitivity to the difficulty threshold λdiff and the number K of profiling samples.
Table 8 reports the best average τ2-Bench accuracy over training. PivotRL outperforms the
same-data SFT baseline for every tested setting, while the main configuration achieves the
strongest result.

A.3.4 Profiling staleness and optional re-profiling

The main experiments use one-time fixed profiling under the reference policy. As training
progresses, initially informative pivots may become easier and their reward variance may
decrease. Periodic re-profiling is an optional extension that can refresh the pivot set, but it is
not included in the main fixed-profiling efficiency comparison. If used, every additional
re-profiling stage should be counted as extra inference and verifier cost; a full additional
pass requires at most K|Dcand| local single-turn generations.

In separate internal TerminalBench-2.0 experiments, performance saturated at approxi-
mately 48%, and a later re-profiling stage improved performance to approximately 51%. We
do not include this result in the main fixed-profiling efficiency claim because they induce
additional inference & verifier cost to the training phase and this tradeoff complicates our
comparison. Instead, it suggests that dynamic sampling, online hard-example mining, or
periodic re-profiling can be useful orthogonal extensions when the initial pivot set becomes
stale, provided their additional cost is reported explicitly.

B Omitted proofs

B.1 Proof of Theorem 3.2

Proof. Fix s and β > 0. Write for simplicity

π = πs,β, q = Ea∼π [r(s, a)], σ2 = Vara∼π(r(s, a)).

We first compute the natural gradient of Js at π. Let v ∈ Tπ , and consider the exponential
perturbation

πt(a) =
π(a)etv(a)

∑b∈A(s) π(b)etv(b)
.
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Ablation Setting Accuracy (%)

Difficulty threshold SFT baseline 58.44
λdiff 40% 61.89

60% (main) 63.81
80% 60.56

Profiling samples SFT baseline 58.44
K 4 61.93

8 62.07
16 (main) 63.81

Table 8: Sensitivity to the pivot-selection threshold and profiling sample count. Accuracy is
the best average τ2-Bench performance over training.

For any v ∈ Tπ , we have

d
dt

∣∣∣∣
t=0

log πt(a) = v(a)− ∑
b∈A(s)

π(b)v(b) = v(a).

Thus

DJs(π)[v] =
d
dt

∣∣∣∣
t=0

Ea∼πt [r(s, a)]

=
d
dt

∣∣∣∣
t=0

∑
a∈A(s)

πt(a)r(s, a)

= ∑
a∈A(s)

π(a)r(s, a)v(a)

= ∑
a∈A(s)

π(a)
(
r(s, a)− q

)
v(a)

= ⟨r(s, ·)− q, v⟩F,π .

Since this holds for every v ∈ Tπ , the Riesz representative is

∇nat Js(π) = r(s, ·)− q.

We then have ∥∥∇nat Js(π)
∥∥2

F,π = Ea∼π

[
(r(s, a)− q)2]

= Vara∼π(r(s, a))

= σ2 (13)

Next, we compute the β-derivative of the exponential-tilted path. Define

Zs(β) = ∑
b∈A(s)

π0(b | s)er(s,b)/β.

Then

log πs,β(a) = log π0(a | s) +
r(s, a)

β
− log Zs(β).

Differentiating with respect to β gives

∂β log πs,β(a) = − r(s, a)
β2 − Z′s(β)

Zs(β)
.

19



Published as a conference paper at COLM 2026

Now

Z′s(β) = ∑
b∈A(s)

π0(b | s)er(s,b)/β

(
− r(s, b)

β2

)
= − 1

β2 ∑
b∈A(s)

π0(b | s)er(s,b)/βr(s, b)

= − Zs(β)

β2 Eb∼πs,β
[r(s, b)]

= − q
β2 Zs(β).

Therefore

∂β log πs,β(a) = − 1
β2

(
r(s, a)− q

)
= − 1

β2∇
nat Js(πs,β)(a).

If σ = 0, then r(s, a) = q for π-almost every a, so

∇nat Js(π) = 0, and
1
β2

∥∥∇nat Js(π)
∥∥

F,π = 0.

Now assume σ > 0. Then

γs,β = −Ea∼π

[
r(s, a)− q

σ
∂β log π(a)

]
= −Ea∼π

[
r(s, a)− q

σ

(
− 1

β2 (r(s, a)− q)
)]

=
1

β2σ
Ea∼π

[
(r(s, a)− q)2]

=
σ

β2 .

Combining this with Eq. (13), we have

γs,β =
1
β2

∥∥∇nat Js(πs,β)
∥∥

F,πs,β
=

σ

β2 .

This proves the theorem.

B.2 Proof of Theorem 3.3

Proof. Since

Lfunc,β(π) = Es∼d[ℓs(π)]

has no coupling across states, it suffices to solve the pointwise minimization problem for
each fixed state s. The claim for the population objective then follows immediately d-almost
surely.

Fix a state s, and write M =M(s), ρ = π0(M | s), π0(a) = π0(a | s).

We first handle the boundary cases. If ρ = 0, then M = ∅ because π0(a) > 0 for every
a ∈ A(s). Hence rfunc(s, a) ≡ 0, so ℓs(π) = β KL(π∥π0), which is uniquely minimized at
π = π0. If ρ = 1, then M = A(s), so rfunc(s, a) ≡ 1, and ℓs(π) = −1 + β KL(π∥π0), which
is again uniquely minimized at π = π0.
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It remains to consider the nondegenerate case 0 < ρ < 1. Let p be any distribution on A(s),
and let

q = p(M) = ∑
a∈M

p(a).

For q ∈ (0, 1), define the conditional distributions

p+(a) =
p(a)

q
, a ∈ M, p−(a) =

p(a)
1− q

, a /∈ M,

and similarly

π0,+(a) =
π0(a)

ρ
, a ∈ M, π0,−(a) =

π0(a)
1− ρ

, a /∈ M.

Using the chain rule for KL divergence, we obtain

KL(p∥π0) = ∑
a∈M

p(a) log
p(a)

π0(a)
+ ∑

a/∈M
p(a) log

p(a)
π0(a)

= q KL(p+∥π0,+) + (1− q)KL(p−∥π0,−) + q log
q
ρ
+ (1− q) log

1− q
1− ρ

.

Since Ea∼p[rfunc(s, a)] = q, the pointwise objective becomes

ℓs(p) = −q + β

[
q KL(p+∥π0,+) + (1− q)KL(p−∥π0,−) + q log

q
ρ
+ (1− q) log

1− q
1− ρ

]
.

For fixed q, the last two terms are constants, while the first two KL terms are nonnegative
and vanish if and only if

p+ = π0,+, p− = π0,−.

Hence, for fixed q, the unique minimizer is

p̄q(a) =


q
ρ

π0(a), a ∈ M,

1− q
1− ρ

π0(a), a /∈ M.

Substituting p = p̄q eliminates the conditional KL terms and yields the scalar problem

ϕs(q) = − q + β

[
q log

q
ρ
+ (1− q) log

1− q
1− ρ

]
, q ∈ [0, 1],

with the usual convention 0 log 0 = 0.

For q ∈ (0, 1),

ϕ′s(q) = − 1 + β log
q(1− ρ)

(1− q)ρ
,

ϕ′′s (q) = β

(
1
q
+

1
1− q

)
> 0.

Therefore ϕs is strictly convex on (0, 1) and has at most one stationary point there. Solving

ϕ′s(q) = 0 gives q = ρe1/β

(1−ρ)+ρe1/β . Hence the unique minimizer of ℓs is π⋆
β(· | s) = p̄qβ(s),

namely

π⋆
β(a | s) =


qβ(s)
ρ(s)

π0(a | s), a ∈ M(s),

1− qβ(s)
1− ρ(s)

π0(a | s), a /∈ M(s).
(14)
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Among all distributions with total acceptable mass qβ(s), the unique KL minimizer is
precisely the block-rescaled distribution above.

From Eq. (14), the ordering-preservation statements are immediate. If a, b ∈ M(s), then
π⋆

β(a | s)

π⋆
β(b | s)

=
π0(a | s)
π0(b | s)

.

Likewise, if a, b /∈ M(s), then
π⋆

β(a | s)

π⋆
β(b | s)

=
π0(a | s)
π0(b | s)

.

This completes the proof.

B.3 Extensions to soft and imperfect verifiers

Proposition B.1 (Extension to soft verifier scores). Assume that A(s) is finite and that π0(a |
s) > 0 for every state s and action a ∈ A(s). Let r(s, a) ∈ [0, 1] be a possibly non-binary verifier
score. For a fixed state s and a full-support distribution π over A(s), define

Js(π) = Ea∼π [r(s, a)].
The natural gradient under the Fisher geometry defined in Section 3.2 satisfies

∇nat Js(π) = r(s, ·)−Ea∼π [r(s, a)],∥∥∇nat Js(π)
∥∥2

F,π = Vara∼π(r(s, a)).

For β > 0 and a fixed state distribution d, consider the regularized objective

Lr,β(π) = Es∼d

[
−Ea∼π(·|s)[r(s, a)] + β KL (π(· | s)∥π0(· | s))

]
.

This objective has a unique minimizer π⋆
r,β, characterized d-almost surely by

π⋆
r,β(a | s) =

π0(a | s) exp(r(s, a)/β)

∑b∈A(s) π0(b | s) exp(r(s, b)/β)
.

Consequently, for every a, b ∈ A(s),
π⋆

r,β(a | s)

π⋆
r,β(b | s)

=
π0(a | s)
π0(b | s)

exp
(

r(s, a)− r(s, b)
β

)
.

When r(s, a) = rfunc(s, a), the minimizer π⋆
r,β reduces to the binary functional-reward minimizer

π⋆
β in Theorem 3.3.

Proof. Fix a state s and a full-support distribution π, and let q := Ea∼π [r(s, a)]. For v ∈ Tπ ,
consider the same exponential perturbation used in the proof of Theorem 3.2,

πt(a) =
π(a) exp(tv(a))

∑b∈A(s) π(b) exp(tv(b))
.

Because v ∈ Tπ , differentiating at t = 0 yields
d
dt

∣∣∣∣
t=0

log πt(a) = v(a).

It follows that

DJs(π)[v] =
d
dt

∣∣∣∣
t=0

Ea∼πt [r(s, a)]

= ∑
a∈A(s)

π(a)r(s, a)v(a)

= ∑
a∈A(s)

π(a)
(
r(s, a)− q

)
v(a)

= ⟨r(s, ·)− q, v⟩F,π .

22



Published as a conference paper at COLM 2026

Since this identity holds for every v ∈ Tπ , the Riesz representative is∇nat Js(π) = r(s, ·)− q.
Therefore, ∥∥∇nat Js(π)

∥∥2
F,π = Vara∼π(r(s, a)).

The objective Lr,β has no coupling across states, so it suffices to solve the pointwise minimiza-
tion problem for each fixed state s. Suppress the conditioning on s, write π0(a) = π0(a | s),
and let p be any distribution on A(s). The pointwise objective is

ℓs,r(p) = − ∑
a∈A(s)

p(a)r(s, a) + β ∑
a∈A(s)

p(a) log
p(a)

π0(a)
.

The function ℓs,r is strictly convex in p. Introducing a Lagrange multiplier λ for the con-
straint ∑a p(a) = 1, we have the first-order condition 0 = −r(s, a) + β

(
log p(a)

π0(a) + 1
)
+ λ.

Rearranging and normalizing over A(s) yields

p(a) =
π0(a) exp(r(s, a)/β)

∑b∈A(s) π0(b) exp(r(s, b)/β)
.

This distribution is feasible and has full support, and strict convexity makes it the unique
pointwise minimizer. Taking the ratio of the minimizing probabilities of a and b gives

p(a)
p(b)

=
π0(a)
π0(b)

exp
(

r(s, a)− r(s, b)
β

)
.

The characterization of π⋆
r,β follows pointwise for d-almost every state. Finally, substituting

r = rfunc recovers the two-block rescaling characterized by Theorem 3.3.

Proposition B.2 (Robustness to verifier perturbations). Under the assumptions of Proposi-
tion B.1, let r and r̂ be two verifier scores and define

∆(s) = max
a∈A(s)

|r̂(s, a)− r(s, a)| .

Let π⋆
r,β and π⋆

r̂,β denote the corresponding minimizers of Lr,β and Lr̂,β. Then, for every state s,∥∥∥π⋆
r̂,β(· | s)− π⋆

r,β(· | s)
∥∥∥

TV
≤ tanh

(
∆(s)
2β

)
,

where ∥p− q∥TV = 1
2 ∑a∈A(s) |p(a)− q(a)|. Moreover, for every a, b ∈ A(s),∣∣∣∣∣log

π⋆
r̂,β(a | s)/π⋆

r̂,β(b | s)

π⋆
r,β(a | s)/π⋆

r,β(b | s)

∣∣∣∣∣ ≤ 2∆(s)
β

.

Proof. Fix a state s and suppress the conditioning on s. Write p(a) := π⋆
r,β(a | s), p̂(a) :=

π⋆
r̂,β(a | s), δ(a) := r̂(s,a)−r(s,a)

β . By Proposition B.1, we have

p̂(a)
p(a)

=
exp(δ(a))

Eb∼p[exp(δ(b))]
.

Define the likelihood ratio h(a) = p̂(a)/p(a) and let m := mina∈A(s) h(a), M :=
maxa∈A(s) h(a). Because |δ(a)| ≤ ∆(s)/β for every action,

M
m
≤ exp

(
2∆(s)

β

)
=: κ.
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If M = m, then h(a) = 1 for every action and the total-variation bound is immediate.
Suppose that M > m. Because Ea∼p[h(a)] = 1, we have m ≤ 1 ≤ M and

∥ p̂− p∥TV = Ea∼p[(h(a)− 1)+]

≤ M− 1
M−m

Ea∼p[h(a)−m]

=
(M− 1)(1−m)

M−m

where the inequality is due to (h− 1)+ ≤ M−1
M−m (h−m) for every h ∈ [m, M].

Under the constraints m ≤ 1 ≤ M and M/m ≤ κ, the right-hand side is maximized at
m = κ−1/2 and M = κ1/2. Therefore,

∥ p̂− p∥TV ≤
√

κ − 1√
κ + 1

= tanh
(

∆(s)
2β

)
.

The pairwise-odds bound follows directly from taking absolute values and applying the
definition of ∆(s) to

log
p̂(a)/ p̂(b)
p(a)/p(b)

=
r̂(s, a)− r(s, a)− r̂(s, b) + r(s, b)

β
.
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