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Abstract

Multi-agent reinforcement learning (RL) for
human-Al interaction typically trains the agent
against a single large language model (LLM)
that simulates the user. We show that this ap-
proach systematically fails to generalize, and
we trace the failure to simulator collapse. Be-
cause the simulator LLM is mode-collapsed,
a policy trained against it overfits to narrow
strategies that exploit the simulator’s dominant
mode. Such a policy transfers poorly to unseen
simulators and real users. We formalize this
collapse and propose two complementary solu-
tions, one at inference time and one at training
time. Verbalized Sampling reduces the frozen
simulator’s mode collapse by drawing each re-
ply from a verbalized response distribution. Co-
Training updates the user simulator on the same
rollouts as the policy, so the simulator’s mode
moves as the policy improves. A population
variant picks the simulator for each rollout from
a pool of recent checkpoints. We validate both
solutions on three multi-turn benchmarks: Per-
suasion for Good, 72-bench, and CooperBench.
Verbalized Sampling improves held-out suc-
cess by up to 9% over single-simulator RL,
and Co-Training pushes gains further to 14%;
the human study shows similar gain on real
users. Both solutions preserve the policy diver-
sity that collapses under single-simulator RL.
We release SCOPE, an open-source framework
for Population Co-Training in multi-agent RL.!

1 Introduction

Reinforcement learning with verifiable rewards has
improved LLMs on single-turn tasks such as math-
ematical reasoning (DeepSeek-Al, 2025; Liu et al.,
2025d; Yu et al., 2025b), tool use (Feng et al., 2025;
Jin et al., 2025), and software engineering (Yang
et al., 2025b; Wei et al., 2025). In each, the environ-
ment verifies the policy’s answer before the update.
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Work on multi-turn human-Al interaction (Qian
et al., 2025; Zhou et al., 2025a; Wu et al., 2026)
covers customer support (Barres et al., 2025), col-
laborative coding (Khatua et al., 2026; Wang et al.,
2026b), persuasion (Wang et al., 2019), and tutor-
ing (Abdulhai et al., 2025). Training against real
users at the scale RL requires is prohibitively slow
and expensive, so prior work has turned to LLM-
based user simulators (Park et al., 2023, 2024).

A common setup prompts a single frozen LLM
to play the user (Qian et al., 2025; Yu et al., 2025a).
In multi-turn RL (Abdulhai et al., 2023), this simu-
lated user takes the place of the deterministic ver-
ifier. Its output distribution decides which states
the policy visits and which gradients the policy
receives. Policies trained this way can systemat-
ically fail to generalize. We call the underlying
failure mode simulator collapse. Many aligned
LLM simulators are mode-collapsed (Jiang et al.,
2025; GX-Chen et al., 2025; Zhang et al., 2025a).
A policy trained against one of them receives gradi-
ents dominated by that simulator’s modal behavior
and overfits to narrow strategies that exploit the
mode (MacDiarmid et al., 2025).

Our analysis in Section 3 shows that a mode-
collapsed simulator biases the policy gradient to-
ward its mode even when the gradient does not van-
ish. Repeated updates rank the policy’s trajectories
by how well they exploit that mode and concentrate
probability on a narrow exploit set. This explains
the rapid policy-entropy drop we observe in train-
ing. The resulting policy does well in distribution
but fails on unseen simulators whose responses
include behaviors the training simulator did not
produce.

We propose two solutions (Section 3.4). Ver-
balized Sampling (Zhang et al., 2025a) restores
within-simulator diversity without retraining. At
each simulator turn of a rollout, the frozen simula-
tor is asked for a verbalized response distribution
from which one response is sampled. Co-Training
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Figure 1: Single-simulator RL collapses; Verbalized Sampling and Co-Training recover. 72-bench (Qwen3-4B-
Instruct). (a) Held-out generalization: RL against a single frozen simulator peaks early, then starts collapsing. (b)
Policy entropy: the same recipe drives the policy’s entropy to near zero. (¢) Human study: both fixes lift real-user
performance over RL (Single), which drops below even the untrained baseline.

updates the user simulator alongside the policy

on the same conversations, and the two models

co-evolve (Liu et al., 2025c,a). As the policy im-

proves, the simulator’s mode at each history shifts.

A strategy that exploited an earlier mode then stops

winning against the current one. Population Co-

Training samples the simulator for each rollout

from a pool of recent checkpoints. On Cooper-

Bench the trained partner is a second coding agent.
Section 4 validates both solutions across three

settings: Persuasion for Good (Wang et al., 2019)

(adversarial dialogue), 72-bench (Barres et al.,

2025) (collaborative tool-calling), and Cooper-

Bench (Khatua et al., 2026) (collaborative software

engineering). Across all three benchmarks, Popula-

tion Co-Training reaches the highest held-out task
success and preserves policy entropy.
Our contributions are:

1. Identifying simulator collapse. We formal-
ize how a single frozen, mode-collapsed user
simulator biases the policy gradient toward its
mode. Under this bias the policy concentrates
on a narrow, simulator-specific exploit set, and
its entropy collapses (§3.2).

2. Two solutions at different points in the train-
ing loop. Verbalized Sampling restores the per-
turn diversity of a frozen simulator. Co-Training
jointly updates the policy and a trainable user
simulator on the same rollouts, so the partner
adapts as the policy improves (§3.4). We re-
lease SCOPE, an open-source framework that
supports multi-model rotation, self-play, and
dual-model Co-Training through one pluggable
interface.

3. Empirical validation across three multi-agent
RL settings. On Persuasion for Good, 72-bench,

and CooperBench, single-simulator RL drops
back toward the untrained baseline. Both Ver-
balized Sampling and Co-Training close most
of the held-out gap, and Population Co-Training
yields the strongest held-out task success rate
(§4). We additionally run a human study on
72-bench and Persuasion for Good, where Co-
Training improves task outcome and both meth-
ods improve P4G dialogue naturalness over
single-simulator RL (Appendix D).

2 Background

Multi-agent RL as a POMDP. We model multi-
turn dialogue as a two-player partially observable
Markov decision process (POMDP) whose state
is the shared conversation history. Persuasion
for Good and 72-bench are partially observable
stochastic games (POSGs), in which the user simu-
lator has private observations (goal, persona) and
only the agent receives task reward. In Cooper-
Bench, a decentralized POMDP (Dec-POMDP),
two cooperating coding agents share a task-success
reward. One shared-history POMDP covers all
three. The theory in §3.2 needs only the joint trajec-
tory distribution, which is invariant to how private
observations are partitioned. At turn ¢ the state is
Sy = (oo,ag,ag,...,ot_l,affl,affl). After the
agent samples an utterance a] ~ mg(- | s¢), the
user simulator samples a response af’ ~ (- |
st,af). A trajectory T = (so,ag,ag, ...,s7) has
terminal reward R(7), and the agent maximizes
J(0;9¢) = Ern(ny,6,) [R(7)]. The state-visitation
distribution d’(s) = >, Pr(s; = s | w9, ¢y)
depends on both the agent and the simulator. The
simulator therefore affects the reward of each trajec-
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tory and also which histories the policy learns from.
When the simulator is fixed we write J4(0) =

J(0;9)).

Policy update. We apply REIN-
FORCE (Williams, 1992) to full multi-turn
trajectories with group-relative reward normaliza-
tion. For each task we sample ( trajectories, score
each by its terminal reward R(7"), and assign the
z-scored advantage A" = (R(7") — R)/oR to
every agent token in trajectory n. If all trajectories
in a group receive the same reward, orp = 0 and
the group contributes no update. When o > 0 but
the simulator keeps responding the same way at
the histories visited during training, the remaining
contrast mostly ranks agent samples by how well
they exploit that simulator. The gradient is then
nonzero but biased (Section 3).

3 Simulator Collapse

Aligned LLMs favor typical responses under di-
rect prompting (Jiang et al., 2025; Zhang et al.,
2025a,b; GX-Chen et al., 2025). User-simulation
studies find LLM simulators overly cooperative
and stylistically uniform (Naous et al., 2025; Zhou
et al., 2026; Mehri et al., 2026).

Collapse on the policy’s training rollouts brings
the policy gradient close to the gradient against a
deterministic mode-user simulator (§3.2). Group-
relative updates then move policy mass onto the
narrow strategy that wins against the mode, and
policy entropy drops. §3.3 tests both predictions.
Co-Training (§3.4) counters collapse by training
the simulator so that its mode shifts.

3.1 Definition and Hypothesis

Mode collapse. At a simulator turn, the user re-
sponse is sampled from ¢y, (- | s¢, af ). We call the
most likely response at that turn the simulator’s
mode:

ag(s,a”) € argmaxy(a” | s,a"), (1)
a

and write € (s, a™) = 1—¢y(aj(s, a”) | s,a™) for
the probability that the simulator deviates from its
mode. Aligned LLMs concentrate strongly on the
mode, an effect often called mode collapse (Jiang
et al., 2025; Zhang et al., 2025a,b; GX-Chen et al.,
2025). Small €, means the simulator keeps emit-
ting its mode.

Definition 3.1 (Simulator collapse on the training
rollouts). For a policy 7y and a threshold ¢* &€

[0, 1], we say the simulator is €*-collapsed on the
rollouts ifE(st,af)w(w0,¢>¢)[€¢>(3t7 a?)] < €*atthe
simulator turns visited by rollouts from (79, ¢y;).

The definition refers only to the histories the cur-
rent policy visits during training. We state €, over
exact token sequences. All results also hold after a
measurable coarsening onto behavior classes (Re-
mark A.1). The threshold €¢* enters Theorem 3.2,
whose bound is tight when €5 (0) < ¢*H. As
an empirical proxy we track the fraction of zero-
variance batches, which rises above 85% during
single-simulator training (Figure 19). The proxy is
one-sided. Small €4 implies small reward variance
(Lemma A.3), but sparse rewards also produce zero
variance.

Hypothesis. A mode-collapsed simulator re-
duces multi-agent RL to training against one fixed
user. The RL policy learns the strategy that wins
against the simulator’s mode. When other models
or real users deviate from the mode, the strategy
fails.

3.2 How Simulator Collapse Affects the Policy

Mode collapse biases the policy gradient toward a
deterministic mode-user objective (Theorem 3.2).
It also removes simulator-side reward variance.
Without that variance, the z-scored advantage ranks
samples by how well they exploit the mode and ig-
nores how they fare against other user behaviors
(Lemma A.3). Policy mass then concentrates ge-
ometrically on the mode-exploit set A, (Proposi-
tion 3.3, Corollary 3.4). The resulting low-entropy
policy underperforms on real users whose behav-
iors fall outside A, (Proposition A.9). Proofs are
in Appendix A.

Gradient bias under collapse. Let M be the
dialogue POMDP induced by ¢, and let M o4e
be the modified POMDP in which every simulator
turn deterministically emits the mode a(s¢, af ),
with objective Jiode(0). Mimode depends only on
¢ and does not change with 7.

Theorem 3.2 (Simulator collapse induces mod-
e-user optimization). Assume rewards are bounded
in [0, Ryax] and the trajectory-level policy score
satisfies ||Y -, Vologma(al | s¢)|| < B (e.g., un-
der finite-length truncation and gradient clipping;
see Appendix A.2). Couple g in My and My,oqe
turn by turn (same task, same agent randomness,
maximal coupling at each simulator turn). Define
the accumulated collapse error along the rollout
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one script distribution

0 still frozen, but sampled from a verbalized

S simulator trained alongside the policy; its replies
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change across steps
)

("Hi! Can | have your order ID?"
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A "My package arrived broken."
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"Why? Just refund me." 0.30
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0.55

A SOEEC) "Hmm, not sure. Can you

look it up?"
X ["What's your order ID?" j "l don't have it on hand." 0.15
A "Why ask me? Just
A "I lost my tracking number." v [“No problem, | can look it up by J @ process the refund."
email or phone."

X ["What's your order ID?"

)@

One script for every user; entropy — 0 and real
variation breaks it.

v

shortcut works.

Varied reactions within one rollout, so no single

4 [ "Of course. I'll pull it up and }

refund you."

The partner keeps changing, so the policy has
to keep generalizing.

Figure 2: Simulator collapse and the two solutions. (a) Problem. A frozen LLM simulator covers one mode of a
broad real-user distribution. The RL policy fits that mode and gives the same narrow reply to real users outside it.
(b) Verbalized Sampling (inference time). One prompt asks the frozen simulator for several plausible user replies
with likelihoods, so a single rollout contains varied reactions (acceptance, pushback, refusal). (¢) Co-Training
(training time). The simulator is trained during RL, and the mode the policy would fit keeps moving.

as
H
eu(®) = B eslsiaf)|. 2)
t=1
Write Pg and PI?IOde for the joint trajectory distri-

butions under mg in My and My,oqe respectively.
Then DTV(Pg, Pglode) < €y (0), and
1V075(0) = VoTmoae(O)|| < 2BRmax €1 (6)-
3)
By Theorem 3.2, the gradient stays nonzero but
is biased, up to €y (f), toward the objective in
which every user emits the mode a;. The bound
covers the idealized gradient under the bounded
trajectory-score assumption. Our implemented up-
date adds group-relative normalization and gradient
clipping (Appendix B.1). For that update, the theo-
rem indicates the direction of the bias but does not
tightly bound the actual surrogate loss. The bound
is informative when ey < 1 (Appendix A.4).

Policy concentration under a persistent mode
advantage. Let Y be an agent-strategy abstrac-
tion that coarsens token sequences into a small strat-
egy set (e.g., “open with empathy,” “cite statistics”),
with distribution ¢ (y | x) at update k. A strategy y
exploits the simulator’s mode if its mode-user value
Qmode (7, y) is high. A, denotes the mode-exploit
set and A, > 0 its gap over non-exploit strategies
(Appendix A.6). We model each policy update as
a stylized KL-regularized softmax step. This step

is a sufficient mechanism for the entropy collapse
we observe, and the resulting proposition does not
apply directly to the implemented optimizer.

Proposition 3.3 (Mode advantage concentrates pol-
icy mass). Under a KL-regularized softmax policy-
gradient step on qx(y | x) with learning rate n and
bounded Q-estimation errors, the log-odds of A,

satisfy

qr (Ag|)

log = AcT)

where g, > 0 depends on 0, the gap A,, and
the simulator-collapse and estimation errors (Ap-
pendix A.6 gives exact constants).

Corollary 3.4 (Entropy concentration). lterating
Eq. 4 gives

1

1-qo(Az|2) kg,
1+ qO(OAxm e~ kg

ar(Az | z) > ®)

so the strategy distribution concentrates onto A,
geometrically fast in k.

Strategy concentration shows up as a drop in
the token-level entropy we measure in §3.3 only
to the extent that the exploit strategies in A, are
themselves low-entropy text (fixed scripts, formu-
laic appeals). We see this regime qualitatively in
late-training batches, where the three transcripts
sampled from one context become nearly word-for-
word the same (Appendix E.9).
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Transfer to real users. Proposition A.9 (Ap-
pendix A.8) lower-bounds the deployment regret of
the concentrated policy on real users whose behav-
iors fall outside A, as a function of the real-user
mass on these missing behaviors and the mode-
exploit gap. §3.3 tests this regime empirically.

3.3 Empirical Evidence

We examine these results empirically on Persuasion
for Good (Wang et al., 2019) and 72-bench (Bar-
res et al., 2025). For each single-simulator run we
track training reward, policy entropy, and eval re-
ward on a held-out panel @, of six simulators
spanning seen and unseen families. Setup details
are in Appendix B.4.

Single-simulator RL exhibits simulator collapse
in practice. We train against three frozen simula-
tors of varying modal concentration (GPT-5-mini,
Haiku-4.5, Gemini-3-Flash). Figure 3 shows the
training results. Training reward climbs in every
run, fastest for the most modal simulator. OOD eval
peaks early and turns over, but the magnitudes dif-
fer sharply: the most modal simulator (Gemini-3-
Flash) crashes below the untrained baseline, while
the least modal (GPT-5-mini, the one we use in
our main experiments) sees a gentler but still clear
decline. Policy entropy crashes toward zero across
all three runs. The failure is on the policy side: the
policy learns the narrow exploit and fails to transfer
to unseen simulators. The token-entropy pattern
is consistent with the strategy-level concentration
that Corollary 3.4 predicts, under the condition that
the exploit strategies are themselves low-entropy
(Remark A.5).

Takeaway. The failure comes from the training
environment, instead of the algorithm. Two so-
lutions follow, at different points in the training
loop. Verbalized Sampling (Zhang et al., 2025a)
is the inference-time solution: we draw from a ver-
balized response distribution at each turn during
rollout. Co-Training is the training-time solution:
we update the simulator alongside the policy, so the
mode the policy could lock onto shifts as training
proceeds. The next section develops both solutions;
their empirical comparison is in §4.2.

3.4 Verbalized Sampling and Co-Training

The analysis in §3.2 rests on two assumptions. First,
the per-turn collapse error e4(s¢,a]) stays near
zero. In that case €z (#) in Theorem 3.2 approaches
zero and VyJ, approaches Vg Jp0de. Second, the

mode-exploit set A, stays fixed during training,
which lets the log-odds of A, accumulate over
k updates until Corollary 3.4 concentrates q; on
A, at geometric rate g,. Each solution removes
one assumption. Under the reference-recovery as-
sumption (DTV(pXS,P) < 7, Proposition 3.5),
Verbalized Sampling brings the policy gradient
close to the reference-user gradient, away from
the mode-user gradient that Corollary 3.4 requires.
Co-Training moves A, at every step. The log-odds
then have no fixed target to accumulate toward.

Verbalized Sampling. A greedy query drives
€4(s) toward zero. A verbalized query returns
K candidate responses with verbalized probabili-
ties, and their distribution pzs (- | s) approximates
the simulator’s pre-RLHF reference distribution
P(- | s) (Zhang et al., 2025a). The distribution-
level prompt elicits the response distribution that
direct aligned prompting sharpens. The closeness
Dry(py®, P) < nis an empirical assumption. Ap-
pendix E.5 discusses when it holds and when it
fails. The reference P comes from the simulator’s
pretraining and differs from the real-user popula-
tion P,ey. The proposition below makes no claim
about distance to real users, which the human study
(Appendix D) tests separately.

Proposition 3.5 (Reference-gradient recovery
under Verbalized Sampling). If Drv(py>(- |
s,a™), P(- | s,a™)) < n(s,a™) at every visited
state along an H-turn rollout, then the trajec-
tory distributions and policy gradients in Mys
vs. the reference-user environment M...¢ satisfy
Drv(Plg, Ply) < iz(6) and

Vodvs(0) — Vodret(0)|| < 2BRmax iiu (0),

where g7 (0) = E [Zfil n(st,af)].

Proposition 3.5 has the same form as Theo-
rem 3.2, with the reference-user gradient in place
of the mode-user gradient. If P has non-trivial
mass away from its mode and 7 is small, VS moves
training out of the mode-oracle regime that Corol-
lary 3.4 requires. Appendix E.5 proves the bound
and discusses the limits of the reference-recovery
assumption. Its y-sharpening result shows that di-
rect aligned prompting suppresses tail behaviors
exponentially, whereas VS preserves them.

Co-Training. We update the user simulator on
its own turns of each conversation, so one roll-
out trains both sides. As its mode at each history
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Figure 3: Single-simulator RL exhibits simulator collapse. Three single-simulator REINFORCE runs, three seeds
each, =10 shading on OOD. Training reward climbs in every run (a), OOD eval peaks early and declines (b), and
policy entropy collapses (c). The decoupling between (a) and (b) is simulator collapse passing through into policy

collapse; (c) is the mechanism.

shifts during training, a strategy tuned to an ear-
lier mode stops winning. With A, no longer con-
stant, the geometric concentration of Corollary 3.4
does not apply. Appendix A.7 formalizes this with
exclusive-lead counters. The simulator’s reward
must keep it in the informative-variation regime
(Remark A.12) and prevent collapse onto a differ-
ent mode. §4.1 gives the per-task rewards, and
Appendix E.8 shows that both reward extremes
underperform. For binary rewards the curriculum
targets a success rate of =~ 0.5, where the within-
batch variance p(1 — p) peaks at o = 0.25 and
group-relative advantages have the widest spread.

4 Experiments

The theory motivates four questions. (Q1) Does
single-simulator RL collapse? (Q2) Do Verbalized
Sampling and Co-Training recover the signal at
the complementary layers they target? (Q3) Does
co-evolution also break the fixed-partner ceiling in
symmetric cooperation? (Q4) Do the LLM-panel
gains transfer to real users?

4.1 Setup

Tasks. Three multi-turn benchmarks: Persua-
sion for Good (P4G) (Wang et al., 2019), a per-
suader arguing for a charitable donation against a
resistant donor (reward » = min(donation/2, 1));
72-bench (Barres et al., 2025), customer-service
dialogues on retail or airline tasks with binary per-
split success; and CooperBench (Khatua et al.,
2026), two coding agents coordinating on a multi-
step task with binary success. CooperBench uses
Qwen3.5-9B and Qwen3.5-27B since smaller mod-
els cannot complete the tasks. P4G uses its

donation-based adversarial reward and Cooper-
Bench its symmetric task-success reward; on 72-
bench the simulator is trained with a SPICE-style
curriculum reward (Liu et al., 2025b) that targets
within-batch variance 02 ~ 0.25; this choice is
essential, since adversarial and cooperative simu-
lator rewards both collapse the simulator onto a
new mode and drop eval reward (Appendix E.8).
We evaluate every 16 steps and pick the best-mean-
panel-score checkpoint. P4G and 72-bench use
a 6-simulator panel (3 seen during training plus
3 unseen families); CooperBench uses symmetric
cross-play against Claude Haiku 4.5, GPT-5, and
Gemini-3-Flash.

Training. All methods share the policy update
from §2. For Co-Training, both sides update
from the same rollout, the simulator on a task-
appropriate objective. The population variant addi-
tionally samples the active simulator from a pool of
recent checkpoints (full buffer specification in Ap-
pendix B.1). The framework SCOPE implements
all paradigms. Methods differ in per-step training
compute: frozen-simulator methods (VS, Ensem-
ble, Persona-Guided) update only the agent, while
Co-Training and Population Co-Training update
both sides on the same rollout.

Baselines. Six paradigms under matched setup:
Base (untrained); RL (Single) against GPT-5-mini,
the standard recipe; Ensemble Models, cycling
K =3 frozen models from different families. Plus
a Persona-Guided simulator, which conditions a
single GPT-5-mini simulator on personas (Abdul-
hai et al., 2026). Verbalized Sampling (Zhang
et al., 2025a), sampling from the simulator’s ver-
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Table 1: User-simulator setting (P4G, 72-bench). Best held-out-panel score across training; subscript = panel-std
over six held-out simulators. P4G reward r = min(donation/2, 1); 72-bench reports per-split success rate (%).
Bold = best per model size; underline = second best. “N/A” on the P4G column for Persona-Guided: the P4G task
already conditions on personas, so the baseline does not apply.

P4G 72-bench
Model Method Reward T+ Retail T Airline 1
Base 0.216i0_03 40-4:t3.1 24-0:|:2.8
RL (Single) 0~275i0.12 46.1 +5.2 29.8i4.3
+ Persona-Guided N/A 492439 31.6430
Qwen3-4B—Instruct + Ensemble Models (K=3) 0394:!:0.04 57-1i3.4 40-1:|:3.6
+ Verbalized Sampling 04841005 555438 369435
+ Co-Training 0.438i0_05 60.5i3‘9 44-4i4.0
+ Population Co-Training 0.508.1904 622136 45.7137
Base 0.253;@_03 48.1i3_0 30.2;&2,9
RL (Single) 0.342j:0_11 52-5i6.1 35.2:|:5,9
+ Persona-Guided N/A 557431 37.4439
Qwen3—8B + Ensemble Models (K:3) 0.45010,04 62.4&3,3 43.6135
+ Verbalized Sampling 0.587 1005 60.7435 402434
+ Co-Training 0.5561005 66.1137 482433
+ Population Co-Training 0.5681905 679134 49.713¢

balized response distribution; Co-Training, pairing
the policy with a separately trained simulator; and
Population Co-Training, sampling the active sim-
ulator from a pool of recent checkpoints rather than
the latest one alone.

4.2 Simulator Collapse Reproduces; Both
Fixes Recover It

Q1: Does single-simulator RL collapse? Yes,
but the collapse is in the curve shape, not the head-
line number. Table 1 reports best held-out check-
points, and RL (Single)’s best is above Base on
every cell. The training curves in Figure 4 explain
why: the best checkpoint is a transient peak that
collapses back toward Base before training ends.
The population methods stay at or above their peak
throughout, so their best-checkpoint number is also
their steady-state behavior. The held-out panel is
LLM-based; the real-user question is addressed by
the human study (Q4).

Q2: Do the two proposed solutions recover the
signal? Both do (Table 1). Verbalized Sampling
recovers most of the held-out gap, consistent with
the mechanism in §3.4: VS keeps ¢, above zero
so the modal-gradient term no longer dominates.
Co-Training acts on the complementary layer by
moving the mode across training steps, so Corol-
lary 3.4’s concentration never has a fixed target.

Table 2: Symmetric cooperation (CooperBench).
Held-out success rate (%) against a 3-model partner
panel. Bold = best per model size; underline = second
best. *Tinker with LoRA adapters (Qwen3.5-27B only).

Method Qwen3.5-9B Qwen3.5-27B*
Success 1 Success 1

Base 23.745.2 478448

Cross-play (Haiku) 28.8455 543452

+ Cross-play Ensemble (K'=3) 29.8453 56.1150

+ Sclf—play 32.846.0 617155

+ Population self-play (ours) 33.6.57 62.4.53

Q3: Symmetric cooperation: cross-play hits a
ceiling; co-evolution breaks through. Beyond
the user-simulator setting (P4G, 72-bench), Cooper-
Bench tests whether the same fixed-partner vs.
co-evolving-partner mechanism extends to sym-
metric cooperation, with both sides drawn from
the same role. Table 2 reports held-out success
against a 3-model partner panel (Claude Haiku
4.5, GPT-5, Gemini-3-Flash). Frozen-partner cross-
play plateaus at a ceiling set by the partner’s ca-
pacity; only self-play and population self-play
break through, with the pool variant reaching the
same peak faster. Detailed training dynamics for
Qwen3.5-9B and Qwen3.5-27B are in Appendix
Figures 23 and 24.
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Figure 4: Both inference- and training-time solutions revive policy entropy. (a) PAG Eval Reward over training;
(b) 72-bench Retail Eval Success Rate; (¢) 72-bench Retail Policy Entropy. RL (Single) rises briefly and collapses
below the untrained baseline on both eval panels while its entropy crashes to near zero. Verbalized Sampling,
Ensemble (K =3), Co-Training, and Population Co-Training improve eval and preserve entropy.

Table 3: Q4: Human study on 72-bench and Persua-
sion for Good. We report 72-bench task outcome from
the objective evaluator, PAG donation amount, and both
tasks’ naturalness on a 1-7 Likert scale. Bold = best per
column; underline = second best per column. * p<0.05,
** p<0.01 vs RL (Single).

7-bench P4G
Method Task 1 Natural T Donation ($) T Natural 1
Base 0.4140.22 4771189 0.51+0.60 3934101
RL (Single) 0.4310.31 5.11+1.63 0.46.10.72 321+1.76
+ Verbalized Sampling  0.6310.28""  5.38411.57 0.7410.59 43341787
+ Co-Training 0.7040.43"" 5504181 0.69+0.64 4451 677"

Q4: Do the gains transfer to real users? We
run a human study on 72-bench (retail split) and
Persuasion for Good with four conditions per task:
Base, RL (Single), +Verbalized Sampling, and
+Co-Training, collecting N=40 Prolific partici-
pants per cell. Each session measures the task out-
come and a survey is distributed on rating dialogue
quality. Co-Training improves 72 task outcome
over RL (Single), and both Verbalized Sampling
and Co-Training improve P4G dialogue natural-
ness. Full design, sample sizes, and analysis plan
are in Appendix D.

5 Related Work

Mode collapse in LLMs. RLHF narrows LLM
output distributions (Jiang et al., 2025; Zhang et al.,
2025b,a; Yang et al., 2025a), and GX-Chen et al.
(2025) prove that KL-regularized RL causes mode
collapse. Related cases include reasoning collapse
in agentic RL (Wang et al., 2026a) and persona col-
lapse in role-play (Xiao et al., 2026). In simulator
collapse, the mode-collapsed LLM is the training
environment and biases the policy gradient.

LLM-based user simulation for RL. LLM sim-
ulators serve as training environments for dialogue
and agentic RL (Anthis et al., 2025; Abdulhai
et al., 2025; Qian et al., 2025; Zhao et al., 2025b;
Sun et al., 2025; Gandhi et al., 2026; Abdulhai
et al., 2026) and increasingly for evaluation (Barres
et al., 2025; Zhou et al., 2025a). Stronger assis-
tants make worse simulators (Naous et al., 2025).
Simulators also diverge from real users in prefer-
ence (Zhou et al., 2026) and behavior (Mehri et al.,
2026) and inherit homogeneous cooperative bias
from base models (Chopra et al., 2026; Suh et al.,
2026). Existing mitigations act on the simulator
through behavioral taxonomies (Shim et al., 2025),
curiosity rewards (Wan et al., 2025), finer credit
assignment (Yu et al., 2025a; Qian et al., 2025),
evolved persona generators (Chopra et al., 2026),
or inference-time methods (Yang et al., 2026), and
all optimize against a static simulator distribution.
We train against co-evolving partners and trace the
failure to a policy-side mechanism (Theorem 3.2,
Corollary 3.4).

Multi-agent RL and co-training. Single-model
self-play has driven gains in games (Silver et al.,
2016; Berner et al., 2019) and in LLM training on
text games (Liu et al., 2025a), corpus-grounded
interaction (Liu et al., 2025b), and reasoning (Zhao
et al.,, 2025a). Liao et al. (2024) report its di-
versity ceiling, which motivates dual-model co-
training (Ma et al., 2024; Feng et al., 2026; Acikgoz
et al., 2026). Short-horizon multi-turn RL covers
collaborative reasoning (Zhou et al., 2025b; Hong
et al., 2025) and social tasks (Yu et al., 2025a; Tom-
lin et al., 2025). We extend co-training to long-
horizon dialogue and sample partners from recent
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checkpoints.

6 Discussion, Limitations, and Future
Work

We identify simulator collapse in multi-agent RL
with LLM simulators. A mode-collapsed simulator
biases the policy gradient toward its mode. The
policy’s entropy then concentrates on a narrow ex-
ploit set, and the resulting policy transfers poorly.
Verbalized Sampling widens the frozen simula-
tor’s per-turn response distribution. Co-Training
moves the simulator’s mode during training, and
Population Co-Training adds a buffer of recent
simulator checkpoints. Both solutions are simple
because they change only the training environment.

Limitations. The frozen pool is limited to the
models we selected. Our held-out panel also con-
sists of aligned LLMs, which may share RLHF-
induced biases with the training simulators (Zhou
et al., 2026). The pre-registered human studies
test real-user transfer directly but do not exhaust
it. Co-Training depends on a task-specific simu-
lator reward that preserves variation across check-
points, and we have not mapped which alternative
rewards generalize. It also updates both models,
at roughly 2x the per-step cost of single-simulator
RL. A smaller pool or Verbalized Sampling amor-
tized across turns could reduce this cost.

Broader impact. We release SCOPE to make
population-based multi-agent RL easier to study.
The analysis in §3.2 can guide the choice of simu-
lator and simulator reward before a run.

Future work. Open directions include adaptive
pool curation, learned simulator-reward shaping,
extension to N >3 populations and mixed coopera-
tive/adversarial tasks, and cheaper schedules that
amortize simulator updates.
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A Theory: Simulator Collapse

This appendix proves the results of Section 3.2
in the order of the main text. Simulator col-
lapse turns the policy gradient into a mode-user
gradient (Appendix A.4), and the same cou-
pling removes simulator-side reward variance (Ap-
pendix A.5). Group-relative updates then con-
centrate policy mass on a mode-exploit set (Ap-
pendix A.6). The trained policy fails when held-
out users emit response types the simulator rarely
produced (Appendix A.8). The mixture-gradient
bound for Population Co-Training follows by lin-
earity (Appendix A.9). Appendix A.3 restates the
~-sharpening result of Zhang et al. (2025a), which
motivates Definition 3.1. No proof below uses it.

A.1 Notation summary

The table lists the quantities used most often in §3
and this appendix.

Symbol Meaning

al(s,a™) simulator’s mode at (s, a™)

ey(s,a™) per-turn collapse error: 1 — ¢y (aj | s,a™)

€* collapse threshold (Definition 3.1)

én () accumulated collapse error along an H-turn rollout

b, lyurn, B per-token / per-turn / trajectory score bounds; B < bl H

Y, qr(y | ) strategy abstraction; strategy distribution at update &

Ar, Ay g modal-exploit set, mode-exploit gap, geometric concentration rate

pgs. P verbalized simulator distribution; pre-RLHF reference distribution
n(s,a™), () per-turn and accumulated reference-recovery TV error (Proposition 3.5)
pym, A reference-mass on 13, modal mass, per-behavior bound on B (Proposition E.1)
b, my checkpoint buffer, mixture simulator, per-checkpoint peak mass

e accumulated collapse error under population mixing

A.2  Preliminaries

We work in the POMDP setup of Section 2. Each
trajectory 7 = (so, af, ag, ..., s7) has terminal
reward R(7) € [0, Rmax|. Write Pg(T) for the
trajectory distribution under (g, ¢) and Jy(6) =
E,.palR(r)].

Policy-gradient identity. By
FORCE (Williams, 1992),

REIN-

VoJs(0) = B, _po[ R(T) Sp(7)]
So(T) = > ver, () Vologmo(ar | he), (6)

where Z.(7) indexes the agent-decision tokens.
With trajectory length L and per-token score bound
IVologmg(as | he)|| < b, the trajectory score
satisfies ||Sp(7)|| < Lb =: B. Each turn pro-
duces at most £, agent-decision tokens. Then
L < lyynH, and the trajectory-score bound B =
Lb < bliym H grows linearly in the horizon H.
Our training runs enforce the bound by clipping the
gradient at norm 1.0 (Table 6).

Trajectory TV under maximal coupling. For
any two trajectory distributions P, () on 7 there ex-
ists a coupling v on 7" x T such that Pr(, 1), [T #
7l = Dpy(P,Q). We apply this turn by
turn. At simulator turn ¢, given a matched pre-
fix, the maximal coupling between ¢y (- | s¢, af)
and 5%(8 1,ar) disagrees with probability €, (s¢, aff)
(Definition 3.1).

Bounded-integrand TV lemma. For any
bounded vector-valued f with ||f|lcc < M and
any two probability measures P, (),

|Ep[f] - Eolf]|| < 2M Drv(P,Q). (1)

This follows from the variational form of TV ap-
plied coordinate-wise.

KL-regularized RL closed form. For the objec-
tive max, Ex[R] — B KL(7 || 7ryef), the optimum
is 75(y) o< me(y) exp(R(y)/B) (Rafailov et al.,
2023; GX-Chen et al., 2025). We use this only in
Appendix A.3 to motivate Definition 3.1.

Remark A.1 (Behavioral collapse as action-space
coarsening). In Definition 3.1, €4 is defined over
the simulator’s token-action distribution ¢y (- |
s,a™) and measures concentration around the
modal token sequence a;. A behavioral reading
coarsens this action space, for example by pro-
Jecting onto dialogue-act labels or strategy clus-
ters. For any measurable projection 11 of the action
space, the TV distance from 1l,¢y, to the corre-
sponding modal point mass is non-increasing, and
the gradient-bias bound of Theorem 3.2 still applies
to the coarsened distribution. We do not fix a spe-
cific coarsening. The transcripts in Appendix E.9
illustrate the behavioral patterns we have in mind.

A.3 Simulator Mode Collapse via
~v-Sharpening (Motivation)

Zhang et al. (2025a) trace mode collapse in aligned
LLMs to typicality bias in RLHF. Aligned LLMs
inherit a preference for high-likelihood responses
from their reward models, and KL-regularized RL
compounds that preference exponentially. We re-
state their observation as a special case of the
closed-form optimum of KL-regularized RL.

Proposition A.2 (v-Sharpening, following Zhang
et al. 2025a). Let simulator ¢ be trained via KL-
regularized RLHF with reference ¢.ot, KL penalty
B > 0, and reward model

= Ttrue(sv y) + alog ¢ref(y | 5) + 6(5)
(3

T¢(S,y)
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for some typicality-bias weight o > 0, true-quality
term Tiue, and prompt-specific offset €(s). Then

(b*(y ‘ 3) X (bref(y ‘ 3)’y : exp(rtrue<3ay)/6)7
vi=14a/f>1. )

Proof. Substituting (8) into the closed-form
KL-regularized optimum Gg(y) o ¢ref(y |
s) exp(re(s,y)/B) (Appendix A.2),

* ec(s)/B
P*(y|s) = W@ef(y | s

X GXP(Ttrue(Sa y)/ﬁ) (10)

)1+a/,3

Absorbing the prompt-specific factor e*(*)/? into
the partition function gives (9). Empirical estimates
of the typicality bias put a ~ 0.5-0.65 (Zhang
et al., 2025a). Standard values § € [0.01,0.1] then
give v € [6,66], and at such vy the mode carries
almost all the mass of ¢*. O

GX-Chen et al. (2025) show that KL-regularized
RL concentrates on unimodal solutions even with-
out a typicality bias. Proposition A.2 covers the
case with such a bias. The proofs below use only
the measurable condition that €4 (s;, af ) is small at
the simulator turns visited during training (Defini-
tion 3.1).

A.4 Proof of Theorem 3.2

Step 1 (per-turn coupling). Couple the trajec-
tory 7 in My and 7" in Mpode as follows. Both
runs use the same task and the same agent random-
ness. At each simulator turn ¢, given a matched
prefix, sample (af, al*) from the maximal cou-
pling between ¢ (- | s¢,af ) and 5%(5“@?). Under
this coupling the two samples agree with probabil-
ity 1 — eg(s¢, af ). After the first disagreement the
prefixes differ, and the remaining simulator turns
are sampled independently.

Let D = I[r # 7']. By the union bound over
simulator turns,

H
Pr[D =1] < E[Z%(st,ag)} = &n(0).
t=1
(11
By the coupling characterization of TV,

Drv(PY, P?

mode

) < Pr[D=1] < éuy(b),

(12)
which proves the trajectory-TV bound stated in
Theorem 3.2.

Step 2 (from trajectory TV to gradient norm).
Apply (6) to both objectives:

Vo Jy(0) — VoJmode(0)
= IETNPg[R(T) 50(7')]
_ ETNPg]Ode[R(T) 59(7')] .

The integrand f(7) = R(7)Sp(T) satisfies
If (T < Bumax [96(7) < RmaxB. By the
bounded-integrand TV bound (7) with M =
Rpax B and the trajectory-TV bound from Step 1,

HV9J¢(9) — VeJmode(e)H
< 2RpaxB - DTV(Pga Pngwde)
< 2BRmax EH(Q)a

which is (3). If €4 (s, af) < € on all visited turns,
then €x7(0) < He. O

Regime where the bound is informative. With
B < b/l H substituted, the gradient bound
is at most 2b iy Rimax - H - €g(0). If the per-
turn collapse error is roughly constant in ¢, then
€H ~ €avg - H and the bound grows as O(H?) at
a fixed per-turn collapse rate. The horizon pref-
actor multiplying €7 is 30 - b yyrn Rmax for T2-
bench (H = 30) and 50 - b £;yrn Rimax for Cooper-
Bench (H = 50). At equal per-turn collapse the
CooperBench bound is looser. The bound is in-
formative when €y < 1, or equivalently when
the average per-turn deviation €z /H falls below
1/H. Figure 19 tracks this regime through the zero-
variance batch fraction, which rises from 60% to
over 85% during single-simulator training. Outside
the regime the bound loosens. Verbalized Sampling
and Co-Training both move training out of strong
collapse by keeping €4 above zero at every turn.

A.5 Variance decomposition and Lemma A.3

The law of total variance decomposes within-task
reward variance into simulator-side and agent-side
components:

Var[R,; ‘ l] = ]EE«[VarEU(Rm | x!éﬂ)} +Var£ﬁ[E£U(R.’v | Jf&r)}

sim-side

agent-side

(13)
Lemma A.3 (Collapse removes simulator-side
reward contrast). If the simulator’s trajectory
is eg(x,&r)-close in TV to the mode trajec-
tory at (x,&x), then Varg, (R, | z,&) <
R?nax 6H(xa§7r)'
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Proof. Fix x and &;. Under the coupling of Ap-
pendix A.4, with the policy randomness fixed at &,
the simulator trajectory 7 and the modal trajectory
T* agree except on an event of probability at most
er(z,&r). When they agree, R(7) = R(7*) =: ¢,
which is constant given (x, &, ).

For any random variable X € [0, Rax| that
equals a constant ¢ except on an event A of proba-
bility at most p,

Var(X) < E[(X - ¢)*] = E[(X — ¢)* I[A7]]
< Rp PrIAT < RE.p.

Setting X = R, and p = ep(x,&;) gives the
bound in Lemma A.3. Taking the expectation
over & gives the marginal version E¢_[Varg, (R, |
€, 571’)] < Rrgnax Efw [EH] O

A.6 Proofs of Proposition 3.3 and
Corollary 3.4

Proposition 3.3 rests on one assumption about the
mode user and one property of the policy-gradient
step.

Assumption A.4 (Mode-exploit gap). For task
x there is a set A, and gap A, > 0 such that
forevery y € A, and v ¢ Ay, Qumode(T,y) >
Qmode(xa y/) + Aa:

The mode-user value Quode(x,y) = E[R(7) |
x, Y=y, Miode] is the expected return when the
simulator always emits a;. Under the assumption,
the collapsed simulator rewards a narrow family
of agent strategies more than the alternatives, for
example a fixed donation script in persuasion or a
shortcut that extracts information from an overly
helpful user in customer service.

We use the standard log-odds form of a KL-
regularized softmax policy-gradient step. A posi-
tive estimated advantage increases the relative log
probability, up to a bounded optimization error p,:

1 (l2) - 0 GWlT)

w1 (y']z) = q.(y'|x)
+1(Qs(z,y) — Q")) — pa. (14)

log

Define g, = n(Ay — 2Rmax€r — 2(;) — pa, Where
€; and (, bound the simulator-collapse and Q-
estimation errors at task x.

Proof of Proposition 3.3. Fix y € A, and
Yy ¢ A,. Combining the assumed errors |Qy —

Qmode’ < Rpyax€: and ‘@qﬁ - Q¢‘ < (, with the

mode-exploit gap (Assumption A.4),

Qo(z,9) — Qs(z,y)
> Qo(x,y) — Qo(a,y') — 2¢,
> (Qmode (2, Y) — Qmode(#,Y)) — 2Rmax€z — 2(x
> Ay — 2Rmax€z — 2(s-

Substituting into the log-odds step (14) gives

qr+1(ylz) qr(ylz)
08 nwm) = 108 4,y T 9o

Gz = U(Az — 2Rpax€r — 2<z) — Px-

Eq. (15) holds for every pair (y,y') with y €
Ap and y' ¢ Ay, oso qe(y)/aki(y) >
e9” q.(y) /qr(y’). Cross-multiplying and summing
overally € A, andy’ ¢ A, gives

(15)

Qer1(Az | 7) qr(AS | ) >
% qp(Az | ) qry1(AS | @),

which is the set-level inequality

Q41 (As|)

q}c(Azlx)
s (Asls) = 108 + e

qr(AS|z)

log

matching (4). The update strictly increases gy (A, |
x) whenever g, > 0. O

Proof of Corollary 3.4. Let L; = log %424
and g, = n(Az — 2Rmaxer — 2(;) — pz > 0 by
assumption. Proposition 3.3 gives Ly > Li+ gz,
so by induction Lj > Lo + kg,. Converting log-
odds back to mass with the logistic function o (t) =

1/(1+et),

@ (Az | 2) = o(Li) = o(Lo + kgz)
1

1—qo(Azlr) kg,
T (Aale) ©

which is (5). The right-hand side approaches 1
geometrically in k£ with rate g, . U

Remark A.S (Strategy entropy vs. token entropy).
Corollary 3.4 concerns strategy entropy, whereas
Figure 19 plots token-level entropy. The two are
linkedby H(S | x) = HY | z)+ H(S | Y, z),
where S is the token sequence and Y = f,(S)
is its strategy cluster. Strategy concentration im-
plies a token-entropy drop only when the residual
term H(S | Y, x) is small, i.e., when the exploit
strategies in A, are themselves low-entropy text
patterns. Late in training, the rollouts within a
batch become nearly word-for-word the same (Ap-
pendix E.9), which fits this regime. We leave a
quantitative within-batch overlap study to future
work.
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A.7 Geometric concentration under
Co-Training

Corollary 3.4 assumes that the mode-exploit set
A, is fixed across training. Under Co-Training,
Ag(ck) shifts with each simulator update, and the log-
odds growth in Proposition 3.3 applies only to the
current set Ag(ﬁk). The net log-odds of a strategy y
over an alternative 3’ then depend on how often
y is in the exploit set while 3 is not, and on how

often the reverse holds.

Exclusive-lead counters. For a pair of strategies
(y,v'), define the exclusive-lead counters after K
updates as

—

Moy ¢ ARY,

T

My e AP}

8

Ni(y)={k<K:yeA
Ng(y,y)=[{k<K:y¢ A

—

8

N ;g counts the updates at which y is in the exploit
set and 3/ is not. At these updates the log-odds of y
over y' grow by at least g, (Proposition 3.3). N,
counts the reverse.

Lemma A.6 (Net log-odds under shifting exploit
set). Under the same softmax update as Proposi-
tion 3.3 with mode-exploit gap A, the pairwise
log-odds after K updates satisfy

90 (y|®)
90 (y'|z)

+ 9o (NE(w, ) — Ng(y,9))-

9k (y|z)
ar (V'|z)

log > log

Proof. Ateach step k withy € AP and y ¢ AP,
Proposition 3.3 gives log[qus1(y)/ars1(y)] >
log[qr(y)/qr(y')] + g=- At each step with y ¢ AR
andy’ € Agck), the symmetric inequality (swap y, '
in Proposition 3.3) gives a —g, contribution. Steps
at which both or neither are in A;(Bk) give no in-
equality. Summing over the K updates gives the
bound. O

Corollary A.7
concentration). If for
the  expected  exclusive lead  satisfies
EIN;(5,) — Np(w.y)] = oK), then
Ellog(qx (y)/ax (y'))] — log(ao(y)/a0(y)) =
0(K) - gz, and the policy distribution {qx } cannot
concentrate on any single strategy at geometric
rate.

lead, no
every pair  (y,y')

(No exclusive

When Co-Training satisfies the no-
concentration condition. One sufficient model
has each simulator update redraw the exploit set
independently, with the same marginal for every

strategy. Under this i.i.d. shift, E[N}}] = E[N]
for every pair, and Corollary A.7 applies with
E[N; — Ng| = 0. The informative-variation cri-
terion (Remark A.12) is the empirical condition for
the i.i.d. model to be a reasonable approximation,
since it keeps the simulator from re-collapsing
on the same mode across steps. A direct test
would measure the per-step exploit-set overlap

|A§ck) nAFY |, which we leave to future work.

A.8 Proofs of Lemma A.8 and Proposition A.9

Lemma A.8 (Finite-sample coverage of user be-
haviors). For task x, let B, be a set of real-user
behaviors that require a strategy outside A,, and
let q3(x) = Py(B; | x) be the simulator’s mass
on By. With G independent simulator rollouts on
task x, the probability that the group contains at
least one behavior from By is 1 — (1 — q4(x))¢ <
G gy ().

Proof of Lemma A.8. The G rollouts on task
x produce independent simulator responses with
Pr(Z; € B;] = q4(x). The probability that all G
miss By is (1 — gg(z))%, so

Pr[ai <G:Z € Bx}

=1—(1-gy(x))” < Gy(a),
where the upper bound is Bernoulli’s inequality
(1-p)¥>1-Gpforpel0,1]. O
Proposition A.9 (Deployment regret from miss-
ing user behaviors). Let B, be a set of real-user
behaviors requiring a strategy outside A, with
real-user mass q,(x) = P.(B; | ). Suppose ev-
ery Yym € A is worse than an adaptive strategy yp
by at least Arxeal on B, and by at most v, outside

B, and the trained policy places probability at
least 1 — oy on Ay. Then

Sl | ) = Ju(® [ @) =
(1—0493) [A;eal Q*(:E) - VI(]-_q*(x))] — Qg Rmax.
(16)

Proof. Write Ji(y | ) = E.p,(|o)[72(¥,2)]
and let 7 be the trained policy. By assumption
Pry i(nlY € Az] 21 — aq.

Step 1 (per-strategy regret on the exploit set).
For any y,,, € A,

Jlyp | ) = J(ym | ©)
= q(2) Ezen,[ra(Wp, 2) — 72(Ym, 2)]
+ (1= qu(@)) B¢, [r2 (U, 2) — T2 (ym, 2)]
> qu(2) A — (1—gu(2)) v,
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using 7 (yp, 2) — T2 (Ym, 2) > A;eal on B, and

> —v, off B,.
Step 2 (aggregation over the two components of
the policy). Decompose

Ju (7 | @)
=Pr[f € Ax] Eya[J (Y | 2) | Y € As)
+ Pr[t€ AL] Ey wa[ (Y | 2) | Y € AT].

Step 1 gives Ey x[L(Y | z) | Y € Ay] <

Ji(yp | ) — (A;eal gx(x) =y (1 —q*(:z:))), and the
off-exploit component is at most R,,,x. Therefore

Jo (7 | x)

< (1—oa) [Ju(yp | ) — AFYqu(@) + va(1—qu(@))]
+ @z Rmax

< Je(ye | 7) — (1=00) [AFYqu(2) — v2(1—gu(2))]
+ oz Rmax,

using J,(yp | ) < Rpax. Rearranging,

J*(yb | x) - J*(ﬁ' | .73) >
(1-az) [A;eal(h(x) - Vx(l_Q*(l‘))] — 0tz Rinax,

which is (16). g

The bound is informative when the trained pol-
icy concentrates on A, (a; small), real users put
non-trivial mass on B, (¢«(x) not too small), and
the adaptive strategy gap A% exceeds the off-5,
penalty v,. The transcripts in Section 4.2 show
this pattern. The trained policy uses one strategy,
and when a real user deviates from it, an adaptive
response does better.

A.9 Population Gradient and Coverage

This subsection extends the analysis of §3.4 to the
checkpoint pool of Population Co-Training. We
prove the mixture-gradient bound and then give
its coverage interpretation and the informative-
variation criterion for the simulator reward.

Proposition A.10 (Mixture gradient averages over
recent simulator modes). If each ¢y, in the buffer is
mode-collapsed around its own mode aj;, along the
training rollouts with accumulated error €g 1,(6),
and Jyode, IS the objective that always returns ay,
then for the mixture Jg with weights wy, = 1/ K,

VoJa(0) — 3wk VoTmode,k(6)]|
< 2BRinax kak EH,k(H).
Proof of Proposition A.10. By linearity of the

policy-gradient identity in the simulator distribu-
tion,

A7)

K
Voo (0) = > wip VoJs, (0).
k=1

Applying Theorem 3.2 to each ¢y,
HVGJ(bk (0)_v0jm0de,k(9> H < 2BRmax EH,k(e)-

The triangle inequality applied to ), wy, (VJ¢k —
VJmode,k) gives

HV@J@(@) — kak vejmode,kw)H
< kak HV&Jd;k ((9) - VHJmode,k(e)H
< QBRmaXEkwk gH,]€(9)7

which is (17). ]

Scope of the mixture bound. Proposition A.10
is a corollary of Theorem 3.2. It says only that the
population gradient is biased toward the average of
the modal-user gradients, with the average accumu-
lated collapse error bounding the bias. It does not
show that this average target is easier to fit than any
single mode. The diversity claim is Lemma A.11,
which bounds the mixture’s per-turn collapse error
from below by a K -dependent floor.

Lemma A.11 (Population mixing raises per-turn
collapse error). Let the buffer ® = {¢y }1_| induce
conditional distributions ¢y (- | s) at state s with
peak masses my(s) := max, ¢x(a | s), and let
=Y & Wk @1 be the mixture. The mixture’s peak
mass satisfies

K
mgxiﬁ(a |s) < Zwk mg(s), (18)
k=1

with equality only when all ¢y peak at a com-
mon action. In the fully-collapsed disjoint-mode
case (¢y, deterministic with pairwise-distinct modes
{a;’k}ff:l) under uniform weights wy, = 1/ K, the
bound is tight and the per-turn collapse error is

e5(s) = (19)

1—m3x¢(a |s) = 1—+.
The 1 — 1/K floor is the best case, reached un-
der pairwise-disjoint modes. Neighboring FIFO
checkpoints overlap heavily in practice, so the re-
alized error is closer to the single-checkpoint floor
€4, (8) = 1 — my(s). Population mixing depends
on the distance between the modes of consecutive
checkpoints, which the curriculum-rewarded simu-
lator update keeps positive.

Proof of Lemma A.11. For any fixed a, ¢(a |
s) = Y pwporla | s) < D0, wpmy(s), with
equality iff each ¢y peaks at the same a. Taking
the max over a gives (18). In the disjoint-mode
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case, ¢r(a | s) equals 1 exactly when a = a;’k

and O otherwise, so qg(a;’k | s) = wx = 1/K for
each k and O elsewhere. The peak is 1/K and the
collapse erroris 1 — 1/K. O

Effect on the collapse bounds. Under disjoint-
mode population mixing, the accumulated non-
mode probability €5 (0) > (1 — 1/K) H is large.
Theorem 3.2’s sufficient condition for closeness to
a single deterministic mode-user then fails. Its up-
per bound is vacuous, and the mixture environment
cannot be reduced to one mode-user. The benefit of
mixing is coverage. The geometric-concentration
argument of Corollary 3.4 still applies to each ¢y
separately. No single mode-exploit set Axk , how-
ever, accumulates log-odds on more than a 1/K
fraction of steps, and the effective concentration
rate is scaled down by roughly 1/K. The lemma’s
per-turn guarantee holds only for pairwise-distinct
modes, and the informative-variation criterion (Re-
mark A.12) is what keeps the buffer’s modes dis-
tinct during training.

Coverage interpretation. For a behavior set
B, that matters on task z, define ggo(z) =
> wi Pry, [a® € B, | x]. A group of G rollouts
from the population observes B, with probability
1 — (1 — g¢(x))®. Population training is useful
when it raises this probability for user behaviors
that require strategies the modal one cannot serve.
Adding models helps only through this behavior
coverage and the per-turn floor in (19).

Remark A.12 (Informative-variation criterion). A
changing simulator stays useful for training only if
its reward keeps it from re-collapsing on a different
mode. Purely adversarial rewards can collapse
it toward refusal, and purely cooperative ones to-
ward a trivial helper. Either extreme removes the
simulator-side variance in Eq. 13 and leaves the
simulator at a new fixed point. The curriculum
reward in Appendix E.I keeps the simulator in a
regime where group rollouts still provide useful
reward contrast.

B Implementation Details

B.1 Framework

A varied pool of training opponents need not con-
sist of fixed-API simulators. When both sides
are trainable, Co-Training keeps the pool’s diver-
sity while the opponents update with the agent.
One pluggable opponent-generation function han-

dles both cases. It wraps a fixed API for frozen-

population rotation, or it routes to a trainable

SGLang engine for one of the three paradigms be-

low.

1. Online self-play (cf. SPIRAL (Liu et al., 2025a),
SPICE (Liu et al., 2025b), Absolute Zero (Zhao
et al., 2025a), SPADE (Liu et al., 2026)). One
model plays both roles under role-specific loss
masks.

2. Co-Training (cf. Dr. MAS (Feng et al., 2026)).
Two separate models train simultaneously, each
on its own turns of the same conversation.

3. Co-Training with an opponent pool (ours). Co-
Training with a pool P of historical oppo-
nent checkpoints. Each rollout loads opponent
weights from a pool-sampled checkpoint, and
GRPO’s clipped importance ratio corrects for
the off-policy gap.

Paradigm coverage versus other RL frame-
works. Table 4 compares the paradigms SCOPE
supports with those of other recent LLM RL
frameworks. SCOPE adds no new RL primi-
tive to the policy update. It puts the simulator-
side paradigms our analysis needs (multi-turn dia-
logue rollouts, asymmetric two-agent rollouts, dual-
model Co-Training, heterogeneous simulator rota-
tion, checkpoint-pool sampling, and Verbalized
Sampling at inference) behind one pluggable in-
terface on the SLIME training backend. No other
framework in the table supports the bottom three
rows natively.

Policy optimization. We use REINFORCE
with group-relative normalization, adapting
GRPO (Shao et al., 2024) to the multi-turn
setting. In GRPO’s original bandit formulation, a
group is (G parallel single-step responses to the
same prompt. Here a group is G full dialogue
trajectories from the same task. The group-
normalized advantage A" = (R(7") — R)/og is
the z-score of the terminal reward and is assigned
to every agent token in trajectory n. For training
stability we keep GRPO’s clipped importance-ratio
surrogate (Schulman et al., 2017):

£(0) = Bs,ap)s [min (pr(0) A,
clip(pi(0), 1-¢,14¢)4;)], (20)

where pi(6) = mo(aF | s0)/ma,(af | s0) and €
is the clipping threshold. When the policy has
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Table 4: Training paradigms supported by LLM RL frameworks. v = native support, X = not supported, p =

partial (e.g. available through patches but not first-class).

Property

SCOPE (ours) SLIME verl Dr.MAS AstraFlow OpenRLHF Sotopia-RL

Multi-turn dialogue (H > 10)
Asymmetric two-agent

<

Dual-model Co-Training
Self-play
Custom simulator reward

X

p X v

Heterogeneous sim. rotation (X LLMs)
Checkpoint pool (FIFO)
Verbalized Sampling at inference

NSNS ISSS S

X X X [ X T X X

X X X [ XT X XT
X X X [T NN N X
x %X X% |®T N NT
X X X | X X X X
x %X X% | %X %X %X

not drifted from the rollout policy, the clipping is
inactive and the objective reduces to REINFORCE.

B.2 Training infrastructure

Each iteration has a rollout stage and a training
stage. In the rollout stage, a Gym-style loop (Brock-
man et al., 2016) runs per sample and alternates
turns between the agent and a simulator chosen
by the opponent-generation function. The agent
runs on a local SGLang (Zheng et al., 2024) engine
that keeps log-probabilities for the policy gradient.
The simulator is either an OpenAl-compatible API
(frozen rotation) or a second SGLang engine (Co-
Training and self-play), and its tokens are masked
out of the policy loss. Samples in one batch may
draw different simulators. The training stage runs
Megatron-LM (Shoeybi et al., 2019) (TP=4, PP=1,
BF16) with advantages normalized within each
sample group (Eq. 20). Under Co-Training the
two training groups run in parallel on disjoint GPU
slices.

Colocated dual-model layout. Under Co-
Training, the agent and the opponent share one
8xH100 node on a time-multiplexed schedule of
parallel rollout, engine offload, parallel gradient
steps on disjoint GPU slices, training offload,
and NCCL weight sync. A lightweight proxy
layer remaps GPU offsets so that each training
group sees local ranks [0, 3] regardless of physical
placement. The whole stack is a ~15-line
external patch to Slime (Zhu et al., 2025) and
tracks upstream changes without a fork, whereas
Dr. MAS (Feng et al., 2026) forks veRL (Sheng
et al., 2024). AstraFlow (Zheng et al., 2026)
addresses a different problem. It is a dataflow
runtime for multi-policy agentic RL that handles
scaling and scheduling across rollout, training,
and dataflow, at the system level and for any

multi-policy method. SCOPE works at the method
level, as one pluggable opponent-generation
interface for Population Co-Training. The two are
independent.

B.3 Method comparison

Table 5 describes the seven training paradigms
from the main results by simulator pool, whether
the simulator is updated during training, and how it
is sampled per rollout. The fifth column gives the
property each method is designed to isolate.

B.4 Hyperparameters

RL (Single), Verbalized Sampling, Ensemble Mod-
els, Co-Training, and Population Co-Training share
the optimizer and RL-loop settings in Table 6. Only
the opponent-generation mode and the learning rate
differ.

Learning rate. Ensemble Models, Co-Training,
Population Co-Training, and Verbalized Sampling
use a learning rate of 1x107% on all tasks. We
tuned it on the first 50 steps of 72-bench Ensemble
training, with stable reward growth and entropy
above 1.5 nats as the criteria.

Models. The trainable agents are Qwen3-4B-
Instruct-2507 and Qwen3-8B for the dialogue tasks
and Qwen3.5-9B and Qwen3.5-27B for Cooper-
Bench (Qwen Team, 2026). We access all frozen
simulators through OpenRouter with the slugs in
Table 7. Three of them are training simulators.
Evaluation uses all six, including the three training
models for completeness, and no evaluation-only
model is used for checkpoint selection. Evalua-
tor rollouts are deterministic at 7'=0, and training
rollouts are sampled at 7'=0.7.

Compute and memory. Table 8 reports per-step
training compute and peak GPU memory relative
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Table 5: The seven training paradigms in the main results. “Updated?” indicates whether the simulator’s weights
change during agent training. ‘“Per-rollout sampling” is how the active simulator is chosen for each rollout in a

batch.
Method Simulator pool Updated? Per-rollout sampling What it isolates
1. No training
Base — — — —
2. Single-simulator (frozen)
RL (Single) GPT-5-mini  (single No Single response Frozen single LLM
frozen LLM)
Persona-Guided GPT-5-mini + persona No One persona- Prompt-only widening
prompt conditioned response
Verbalized Sampling GPT-5-mini No Sample one of k ver- Response-distribution
balized candidates diversity within one
LLM
3. Multi-simulator (frozen)
Ensemble Models (K=3) {Haiku 4.5, GPT-5- No Cyclic rotation across  Cross-family  hetero-
mini, Gemini 3 Flash} rollouts geneity
4. Trainable simulator (ours)
Co-Training 1 trainable LLM Yes Current weights ¢ Simulator adaptivity
Population Co-Training FIFO buffer of K=5 Yes Uniform sample from Diversity + adaptivity

historical ¢ checkpoints

buffer

Group Hyperparameter Value
Optimizer Adam
(B1, B2) (0.9,0.98)
Optimizer ‘Weight decay 0.1
Gradient clip (norm) 1.0
LR schedule constant
Total training steps 250
Prompts per rollout batch 16
RL loop Samples per prompt (G) 8
Global batch size 128
Rollout temperature 0.7
€low / €high 0.2/0.28
KL loss coefficient 3 0.005
GRPO Entropy coefficient 0.0
Advantage normalization group-relative (within-prompt)
Max agent response length 32,768 tokens
Seq. lenaths Max context length 64,000 tokens
9. ‘eng Max turns (P4G / 7% / CooperBench) ~ 10/30/ 50
Precision BF16

Table 6: Hyperparameters shared by all methods and
tasks.

to RL (Single), measured on the colocated 8 x H100
layout (Appendix B.1). Every method trains for
250 steps. The headline comparisons in Tables 1
and 2 therefore match step count, while per-step
compute differs by method.

The frozen-simulator methods (VS, Ensemble,
Persona-Guided) do not back-propagate through
the simulator and match RL (Single) in per-step
training compute. VS decodes a verbalized dis-
tribution over Kyg=>5 candidates at each simula-
tor turn. This adds rollout time but no training
FLOPs. Co-Training and Population Co-Training

Table 7: Closed-model simulators and their Open-
Router slugs. Role says whether a model serves as a
training simulator (Train), only at evaluation (Eval), or
both. Snapshot is the canonical release on OpenRouter
at access time.

Family OpenRouter slug Snapshot Role
OpenAl openai/gpt-5-mini 2025-08-07  Train + Eval
Anthropic  anthropic/claude-haiku-4.5 2025-10-01  Train + Eval
Google google/gemini-3-flash-preview 2025-12-17 Train + Eval
Z.ai z-ai/glm-5 2026-02-11 Eval
MiniMax  minimax/minimax-m2.7 2026-03-18 Eval
DeepSeek  deepseek/deepseek-chat-v3.1 2025-08-21 Eval

back-propagate through both sides on the same roll-
out and roughly double per-step training compute.
Population Co-Training keeps a FIFO buffer of
K =5 recent simulator checkpoints with one active
opponent at any step. Its per-step training compute
equals that of Co-Training, and its cumulative pa-
rameter memory grows with K. A 250-step run on
72-bench Retail (Qwen3-4B agent, §xH100) takes
~280 GPU-hours for RL (Single) and ~560 each
for Co-Training and Population Co-Training.

Our comparison isolates the effect of the training
environment at matched step count. We leave an
iso-compute sweep to future work. The per-step
numbers above do not apply to the Qwen3.5-27B
CooperBench runs, which use Tinker with LoRA
adapters.
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Table 8: Training compute, peak GPU memory, and
wall-clock time per step for each method. Wall-clock
times and total GPU-hours are approximate and were
measured on 8 x H100 with the Qwen3-4B agent on 72-
bench Retail. Qwen3-8B runs and Qwen3.5-9B Cooper-
Bench runs scale similarly. The Qwen3.5-27B Cooper-
Bench runs use Tinker with LoRA adapters (Table 2
footnote) and are not directly comparable.

Method Train compute  Peak GPU mem. Wall-clock / step
RL (Single) 1.0x (ref) 1.0x ~250's
Verbalized Sampling 1.0x (sim frozen) 1.0x ~280s
Ensemble Models 1.0x (sim frozen) 1.0x ~250's
Persona-Guided 1.0x (sim frozen) 1.0x ~250's
Co-Training ~2.0x ~2.0x ~500 s
Pop. Co-Training ~2.0x ~(1+K/2)x buf. ~500 s

C Prompts and Templates

This appendix gives the full system-prompt tem-
plate for each benchmark. Curly braces (e.g. {per-
sona_text}, {word_limit}) mark Python format-
string placeholders for per-rollout values from the
corresponding data source.

D Human Study

Our main results use LLM evaluators that share
RLHF biases with the training simulators (Zhou
et al., 2026). The human study tests whether Co-
Training’s gains hold up against real users on both
72-bench (task-oriented) and Persuasion for Good
(open-ended), following Zhou et al. (2026)’s 72
protocol and Wang et al. (2019)’s original P4G
setup. Recruitment is on Prolific; the study runs
on a Cloudflare-tunneled chat interface, described
next.

Interface. A Prolific URL mints a fresh session
and renders the task instruction in a structured right
panel (goal, role, conditional behaviors, plus a Trav-
elers callout when the 72 scenario involves multi-
ple passengers) next to a single-message-per-turn
streaming chat (Figures 10, 11). The End button
(matching /stop from Zhou et al. (2026)) opens
a confirmation modal that warns the participant to
verify each requested change first, then swaps the
instruction panel for an inline survey (Figures 12,
13). On submission, the participant auto-redirects
to Prolific with a manual code copy as fallback
(Figure 14).

Recruitment. Three Prolific screeners filter par-
ticipants: English as first language, prior approval
rate > 95%, prior submissions > 50. The study
is restricted to six English-native countries (US,
UK, Canada, Ireland, Australia, New Zealand) and

P4G Persuader (agent) system prompt

You are an Amazon Mechanical Turk worker com-

pleting a $2 communication task.

* You are motivated by this task payment — you
value every cent you earn.

Act naturally as the person in the <persona> tag —
think and respond as they would, including their
quirks, beliefs, biases, and reasoning.

Complete the communication task outlined in the
<scenario> tag as the persona would naturally re-
spond.

Respond in a real-time chat interface. Keep each re-
sponse under {word_limit} words, conversational,
and authentic — avoid formal, robotic, or repetitive
language.

Guide the conversation for {num_turns / 2} chat
turns. Do not propose or agree to a donation too
early — build rapport gradually and naturally.
Only output your reply to your chat partner — do not
explain your reasoning.

{persona_text}

<scenario> You are randomly assigned to be the Per-
suader in this communication task. Your job is to
persuade your partner to donate some or all of their
incoming $2.00 task payment to a children’s charity
called Save the Children. You will earn a bonus equal
to whatever amount your partner donates if they agree
to donate.

Required actions: ask for a specific donation
amount; explain that the donation will be deducted
from the task payment; if asked, explain that the re-
search team will collect and forward all donations to
the charity.

Strategy: start with a greeting or small talk; build
rapport before discussing donations; mention the
minimum-turn requirement only if necessary to avoid
trivial back-and-forth. </scenario>

<rules> Responses can sometimes contain minor
grammatical errors to sound natural. Begin with
a brief greeting. Stay under {word_limit} words.
</rules>

Figure 5: Persuader (agent) system prompt for Persua-
sion for Good. The persona block is loaded per rollout
from the ConvoKit P4G corpus (Wang et al., 2019).

to desktop devices, with the balanced-sample-on-
Sex quota targeting a 50/50 split. Expected demo-
graphics span ages 18-75 (median ~35), skewed
toward part-time and full-time employment. Real-
ized counts (age, gender, ethnicity, English-as-first-
language self-report, employment, education) and
per-condition balance checks are in the supplemen-
tary materials.

Compensation and IRB. Each participant is
paid $3.17 for an estimated 10-minute session
($19.02/hr, within Prolific’s competitive band). En-
gagement bonuses depend on conversation length
and survey completeness only, never on task suc-
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P4G Persuadee (user simulator) system prompt

You are an Amazon Mechanical Turk worker com-

pleting a $2 communication task.

* You are motivated by this task payment — you
value every cent you earn.

* Act naturally as the person in the <persona> tag.

* Respond in a real-time chat interface, under
{word_limit} words, conversational and authentic.

Only output your reply to your chat partner — do not

explain your reasoning.

{persona_text}

<scenario> You will now start a conversation with

your partner about a children’s charity. Please don’t

game the task with short or meaningless replies.

</scenario>

<task> You have just made $2.00. You have access to

this money whenever you like, and you are free to use

it however you wish. You are about to interact with

an individual about a children’s charity. They may

try to get you to donate. Make the decision wisely;

do not give the money away easily. </task>

<rules>

* Responses can sometimes contain minor grammat-
ical errors to sound natural.

* To donate or give money, say [DONATE $N] or
[GIVE $N] where N is the amount (integer or dec-
imal). Without this marker, the donation is not
registered.

 Stay under {word_limit} words.
</rules>

Figure 6: Persuadee (user simulator) system prompt for
Persuasion for Good. The reward function parses the
structured [DONATE $N] marker (Wang et al., 2019).

cess or donation amount, SO outcome measures stay
unbiased. If a session is interrupted by an infras-
tructure fault (server error, model timeout, broken
redirect), the participant gets the full study reward
regardless of completion. The protocol has IRB ap-
proval. Survey instruments, recruitment materials,
and anonymized response data are in the supple-
mentary materials.

Conditions. For each task we evaluate four poli-
cies trained on Qwen3-4B-Instruct: Base (un-
trained), RL (Single) (trained against GPT-5-mini),
+ Verbalized Sampling, and + Co-Training (Sec-
tion 3.4). Assignment is server-side, stratified by
least-populated slot with hash-based tie-breaking
on the Prolific ID, which keeps the four cells within
=+1 session of each other.

Task pools. The 72 pool is the released bench-
mark from Barres et al. (2025): 15 retail and 15
airline scenarios, assigned round-robin. The agent

dispatches tool calls through a per-session 72 run-

Verbalized Sampling instruction (appended to per-
suadee prompt)

## Response Diversity Instructions
Instead of committing to a single response, generate
{n} plausible replies you (as the persuadee) might
naturally give to your chat partner, along with an
estimated probability for each. The replies should
be genuinely diverse — they should differ in phras-
ing, tone, skepticism level, and (where appropriate)
whether or not to donate.
IMPORTANT: if a candidate reply represents a de-
cision to donate or give money, that candidate must
include the literal structured marker [DONATE $NJ or
[GIVE $N] where N is the amount. Otherwise the
donation will not be registered. Candidates that do
not involve donating should omit the marker entirely.
Return ONLY a JSON object with the key
"responses” (a list of objects with ’text’ and
’probability’):
* “text’: the reply string only, under {word_limit}
words, no explanation.

* ’'probability’: a number in [0, 1] representing
how likely you are to give this particular reply
(probabilities should roughly sum to 1.0).

Example format:

{"responses”: [{"text": "I’m not sure, I

earned this money and want to spend it

on myself."”, "probability": .5}, {"text":

"That’s a worthy cause. [GIVE $0.25]",

"probability”: 0.2}, {"text”: "Can you

tell me more first?"”, "probability": @.3}1}

Output ONLY the JSON object: no markdown fences,

no explanations, no extra text.

Figure 7: Verbalized Sampling instruction block ap-
pended to the persuadee system prompt (Zhang et al.,
2025a). Atrollout time, one of the {n} candidate replies
is sampled with the verbalized probabilities.

time mirroring the benchmark database and policy.
The P4G pool is built from Wang et al. (2019)’s
ConvoKit corpus (1,285 speakers): we keep the 592
who appear in the persuadee role, sample 30 with a
fixed seed, and render each as a role-play prompt
with demographics (age, sex, race, marital status),
education, employment, religion, political ideol-
ogy, and any salient Big-Five trait. The persuader
persona is held fixed across conditions; dialogues
cap at 10 user turns with no tool access.

Surveys. The 72 survey, adapted from Zhou et al.
(2026), has eight 1-7 Likert items: task success
(“Did the agent complete your request?”’), help-
fulness, honesty (“no hallucinations”), efficiency,
instruction-following, safety, frustration (reverse-
coded), and overall satisfaction. The objective task
reward is computed post-hoc by the 72 evaluator on
the recorded transcript, falling in [0, 1] as a partial-
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72-bench user simulator guidelines

# User Simulation Guidelines

You are playing the role of a customer contacting a

customer service representative. Your goal is to sim-

ulate realistic customer interactions while following

specific scenario instructions.

## Core Principles

* Generate one message at a time, maintaining natu-
ral conversation flow.

Strictly follow the scenario instructions you have
received.

* Never make up or hallucinate information not pro-
vided in the scenario instructions; treat anything
not provided as unknown or unavailable.

Avoid repeating the exact instructions verbatim.
Use paraphrasing and natural language.

Disclose information progressively. Wait for the
agent to ask for specific information before provid-
ing it.

## Task Completion

* Continue the conversation until the task is com-
plete.

o If the instruction goal is satisfied, generate the
###STOP### token to end the conversation.

» If transferred to another agent, generate the
###TRANSFER### token.

e If the scenario does not provide enough
information to  continue, generate  the
###0UT-OF -SCOPE### token.

The goal is realistic, natural conversations while

strictly adhering to the provided instructions and

maintaining character consistency.

<scenario>

{instructions}

</scenario>

Figure 8: 72-bench user-simulator system prompt. The
{instructions} placeholder is filled per task with the
scenario-specific instruction block from the retail or
airline split (Barres et al., 2025).

CooperBench coding-agent system prompt

You are a helpful assistant that can interact with a
computer.

You are {agent_id} working as a team with:
{agents_str}. You are all working on related fea-
tures in the same codebase. Each agent has their
own workspace.

Use the send_message tool to coordinate with team-
mates.

Figure 9: Coding-agent system prompt for Cooper-
Bench (cooperative setting) (Khatua et al.,, 2026).
Per rollout, {agent_id} is filled with the agent’s id
and {agents_str} with the comma-separated teammate
list. The solo and baseline settings omit the team-
coordination block.

credit aggregate of action-match, database-state,
and information-communication subscores. The
P4G survey, following Wang et al. (2019), has one
continuous intended donation in USD € [0, 2] and
five 1-7 Likert items: argument quality, empathy,
manipulation (reverse-coded), engagement, and fu-
ture donation likelihood. Both surveys close with
an optional free-text field for examples and sugges-
tions.

Sample size and tests. Each (condition, task)
cell uses N=40, for 4 x 2 x 40 = 320 total Prolific
sessions. The cell size detects Cohen’s d ~ 0.55 on
Likert outcomes at 80% power (a = 0.05, Welch’s
t). For donations, this corresponds to a detectable
lift of $0.30 at the empirical donation standard de-
viation of ~ $0.65. Per-condition means are re-
ported with 95% bootstrap percentile confidence in-
tervals (10,000 resamples). The two pre-registered
pairwise comparisons (Co-Training vs Base; Co-
Training vs RL (Single)) use Welch’s ¢ for con-
tinuous and Likert outcomes and Fisher’s exact
for binary completion, with Holm—Bonferroni step-
down on the two pairwise p-values per panel.

Adversarial stratification. The 72 analysis was
pre-registered with a split on airline tasks 4, 6, 9,
10, where the participant is instructed to push back,
supply false information, or attempt jailbreaks. On
these adversarial scenarios we predicted brittle
conciliation: RL (Single), trained only against
GPT-5-mini, disengages politely on user pushback
rather than persisting toward the goal. Co-Training,
which sees a population that includes adversarial
behaviors during training, recovers on this sub-
group; the subgroup cells (N = 12) are reported
with explicit power caveats.

Derived measures. Beyond survey items, we ex-
tract three behavioral measures from the recorded
transcripts: P4G conversation length (turns, capped
at 10), P4G donation-ask count, and a 72 goal-
abandonment indicator. These probe the mecha-
nism of any failure rather than its surface signal.
The pre-registration (primary outcomes: 72 task
reward and P4G intended donation; secondary out-
comes: full surveys plus the three derived mea-
sures; corrections as above) was filed before re-
cruitment.

Results. Figures 15 and 16 report the human-
study results across the four conditions on both
benchmarks. Co-Training is the top method on 72-

bench task outcome and the Likert quality metrics,
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 Ready = Turn1/30 o @ Your role azRiINe
You are role-playing as the user. Chat with the agent on the left; end the conversation with /stop

[m]

You &

Hi, I'd like to exchange the mechanical keyboard on order #W2378156 for
one with clicky switches.

@ ASSISTANT

RULES

' One message per turn. Reveal info gradually.
 Don't hallucinate details beyond what's listed above.
' Don't repeat these instructions or break character.
¥ Keep the tone natural and conversational.

¥ Send /stop when the agent has finished your task.

O .
Tosk sl o2 Taskindex: 0

Enter tosend, Shift + Enter for anew line, or send /stop to finish. Runtime:

Figure 10: 72-bench landing view. The right panel renders the structured task profile (goal, role information,
conditional behaviors, style notes, and a sky-blue Travelers callout when the scenario involves multiple passengers).
The left panel is a single-message-per-turn streaming chat with the agent, with an explicit End button next to the
input. Light-mode rendering for legibility; the deployed interface ships in dark mode.

while Verbalized Sampling is the top method on
P4G intended donation. Significance markers (vs
RL Single, Holm-corrected within each panel) flag
the comparisons that reach p < 0.05 at N=40.
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(ic] © Ready | Turn1/30 o @ Your role
You are role-playing as the user. Chat with the agent on the left; end the conversation with /stop .

[m]

You (&

Hi, I'm not really interested in donating right now.

& ASSISTANT

@ copy

Ask anything [m} .
Task split: p4g ~ Task index: 3

Enter tosend, Shift + Enter foranew line, or send /stop to finish. Runtime:

Figure 11: Persuasion for Good landing view. The right panel renders the persuadee role-play prompt drawn from
the ConvoKit corpus, including the persona’s demographics, salient personality traits, and behavioural guidance
(e.g., “Don’t agree or refuse on the first message”). The chat panel hosts the open-ended donation conversation; the
agent does not invoke tools on this task.

« i N
© © Conversation ended | Turn 2/30 © Instructions Survey

You & How did that conversation go?

X ) ) Please answer each item based on your experience in the conversation you just had.
Hi, I want to upgrade my return flight to business class.

Did the agent complete your request?

@ ASSISTANT

1 2 3 a 5 6 7

How helpful was the agent overall?

1 2 3 a 5 6 7

Did the agent provide accurate information (no hallucinations)?

You &
Yes please proceed — and could you also add a checked bag? POV Y
& AsSISTANT Did the agent solve the task without unnecessary back-and-forth?
1 2 3 4 5 6 7

Did the agent respect your stated preferences?

1 2 3 a 5 6 7

Did the agent avoid risky or destructive actions?

1 2 3 a 5 6 7

How frustrating was the interaction? (1= not at all, 7 = very frustrating)

1 2 3 a 5 6 7

Overall, how satisfied are you with the agent?

1 2 3 a 5 6 7

o

Anything else you want to share?

Snter tosend, shift + Enter for anewline, or send /stop to finish
Optional

Figure 12: 72-bench survey panel. Rendered after the participant confirms the End modal. The eight 1-7 Likert
items (task success, helpfulness, honesty, efficiency, instruction-following, safety, frustration, overall satisfaction)
replace the instruction panel on the right; the chat history is retained on the left, now disabled, so the participant can
refer to specific exchanges while answering. A free-text field at the bottom captures qualitative feedback; Submit is
gated until every Likert row has a value.
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i >
o » Conversation ended ~ Turn 2 /30 o @ « Instructions. Survey

= How did that conversation go?

Please answer each item based on your experience in the conversation you just had.

If this were a real opportunity, how much would you donate (USD, 0 to 2)?

Were the agent's arguments well-reasoned?

1 2 3 a 5 6 7

Did the agent show understanding of your perspective?

1 2 3 a 5 6 7

Did the agent feel manipulative? (1 = not at all, 7 = very manipulative)

1 2 3 a 5 6 7

How engaging was the conversation?

1 2 3 a 5 6 7

How likely would you be to donate to a similar cause in the future?

1 2 3 a 5 6 7

Anything else you want to share?

Optional

X M

Enter tosend, Shift + Enter foranew line, or send /stop to finish.

Figure 13: Persuasion for Good survey panel. Differs from the 72 survey in two ways: the first item is a
continuous donation amount in [$0, $2] rather than a Likert score, and the five Likerts measure perceptions of the
persuader (argument quality, empathy, perceived manipulation, engagement, future donation likelihood) rather than
task-execution dimensions.

Thank you for participating!
Your session is complete and your survey responses have been
recorded.

Your Prolific completion code
You'lbe to Prolific Ifthe redirect doesn't fire,
click the button below or paste this code on the Profific submission page.

conmnsy -

Return to Prolific now

Task not completed (score 0.00 of 1.00)
Automatic evaluation did not detect that the agent completed
the task's success criteria. Db: 0.00 - Information conveyed:
100

About the agent you spoke with

During the study we asked you not to try to guess which agent you were
talking to, ticipants would be fair tye
session i finished, here is what you interacted with.

Task type Task index Turns taken
tau2 tau2_airline 2 1

You can close this tab once you have pasted the completion code into Prolific. If you have.

Figure 14: Debrief page. Surfaces the Prolific completion code, an eight-second auto-redirect countdown back
to Prolific, the post-hoc task-outcome verdict from the 72 evaluator, and a debrief block revealing which agent
condition the participant interacted with (blinded during the chat itself).
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Human Study: t?-bench

I Base I RL (Single) e +VS I +Co-Training

Task outcome (0-1) ., Helpfulness (1-7) Honesty (1-7)
Aok

Base RL +VS +CoTrain Base RL +VS +CoTrain Base RL +VS +CoTrain
(Single) (Single) (Single)
Efficiency (1-7) Instruction-following (1-7) Safety (1-7) *
71 7 1

Base RL +VS +CoTrain Base RL +VS  +CoTrain Base RL +VS +CoTrain
(Single) (Single) (Single)
Calmness (1-7, 1-frustration) Naturalness (1-7) Avg user turns

12 A
* *k

Base RL +VS +CoTrain Base RL +VS +CoTrain Base RL +VS +CoTrain
(Single) (Single) (Single)

Error bars = +1 std. Significance vs RL (Single) under Welch's t with Holm--Bonferroni within each panel: * p<0.05, ** p<0.01. N = 40 per cell.

Figure 15: Human study on 72-bench. Each subplot reports mean -1 std across N =40 Prolific participants per
condition. * p<0.05, ** p<0.01 vs RL (Single) (Welch’s ¢, Holm—Bonferroni within each panel; 2 pre-registered
pairwise tests).
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Human Study: Persuasion for Good

Il Base

Intended donation ($)

2.00 A

1.75 1

1.50 A

1.25 A

1.00 A

0.75 A

0.50 A

0.25 A

Base RL +VS +CoTrain

(Single)

Non-manipulative (1-7)

Base RL +VS  +CoTrain

(Single)

Donation asks

+VS +CoTrain

Base RL
(Single)

I RL (Single)

E +VS

Argument quality (1-7)

Base RL +VS +CoTrain

(Single)
Engagement (1-7)

Base RL
(Single)

+VS +CoTrain

Avg user turns

3k
kk

+VS  +CoTrain

Base RL
(Single)

I +Co-Training

Empathy (1-7)

Base RL +VS  +CoTrain

(Single)
Naturalness (1-7)

kk kk

Base RL +VS +CoTrain

(Single)

Error bars = +1 std. Significance vs RL (Single) under Welch's t with Holm--Bonferroni within each panel: * p<0.05, ** p<0.01. N = 40 per cell.

Figure 16: Human study on Persuasion for Good. Each subplot reports mean £1 std across N=40 Prolific
participants per condition. * p<0.05, ** p<0.01 vs RL (Single) (Welch’s ¢, Holm—Bonferroni within each panel; 2
pre-registered pairwise tests).
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E Extended Experiments

E.1 Where Population Co-Training’s Gain
Comes From

Population Co-Training was the top method on ev-
ery benchmark in §4.2. Two design hypotheses
follow from the theory: the buffer must be wide
enough to preserve real cross-checkpoint disagree-
ment (Q3a, pool size K), and the simulator reward
must keep each checkpoint informative rather than
re-collapsed on a new mode (Q3b, reward design).
We probe each on 72-bench Retail.

The buffer must be wide, but not stale. Q3a
asks how many checkpoints the population should
hold. Sweeping K € {1, 3,5, 10} with one check-
point every four training steps (Figure 17), K=1
reduces to a single moving target. Larger i mixes
in older checkpoints whose simulator capability
lags the current one; these stale partners dilute the
gradient signal. K=5 and K=10 perform compa-
rably at the top, with K'=5 slightly ahead on both
P4G and 72-Retail; K=1 and K=3 fall meaning-
fully behind. The pool-size benefit plateaus around
K=5: the pool’s value comes from preserving cur-
rent disagreement, so stale checkpoints hurt at the
same rate that fresh ones help.

The simulator reward must preserve variation.
For Q3b we ablate the simulator’s reward design
among three variants: adversarial (ry = —7ry),
cooperative (ry = 1), and a SPICE-style curricu-
lum (r4 peaks at a target within-batch variance).
The two endpoints both collapse the simulator onto
a new dominant mode and undo the moving tar-
get; only the curriculum reward preserves within-
batch variation (Remark A.12) and yields gains
over the no-co-training K'=3 ensemble baseline.
Full variants, numbers, and training curves are in
Appendix E.8.

E.2 Reward-quadrant ablation

Our main-text results in Section 4 pair each task
with the reward structure that best matches its role-
and-objective configuration. Persuasion for Good
uses the donation-based adversarial reward that
the task definition already encodes. 72-bench uses
the curriculum reward studied in Appendix E.1I,
which shapes the simulator toward the within-batch
variance regime of Remark A.12. CooperBench is
symmetric: both sides share the binary task-success
reward shipped with the benchmark, which is the

cooperative case. This appendix ablates the pair-
ing. For each cell of the asymmetric/symmetric
x adversarial/cooperative spectrum, we swap in a
reward drawn from a different quadrant and rerun
the same method set, to test whether the main-text
conclusions depend on the default reward or on
population training itself.

E.3 Empirical training dynamics across
methods

Figure 19 extends Figure 3 with additional batch-
level diagnostics. RL against a single frozen simu-
lator collapses on every diagnostic the theory pre-
dicts. Zero-variance batches climb from 60% to
over 85% (Lemma A.3). Policy entropy drops
from 1.9 to 0.4 nats (Corollary 3.4). All-failure
batches rise to 70% as the policy concentrates on
a mode-exploit strategy that wins against no one.
Within-simulator Verbalized Sampling slows the
collapse but does not stop it. Cross-family ensem-
bles (K =3) and the two Co-Training variants are
the only methods that hold all four diagnostics
healthy throughout training.

E.4 Per-benchmark training, eval, and
entropy curves across all settings

We report the full training-time picture for every
method on each benchmark, with the same three
signals tracked in §3.3 (training reward, OOD eval
reward, policy entropy). Three seeds per method;
410 shading on the OOD panel. Each benchmark
uses its own scale and method set.

P4G and 72-bench Retail (Figures 20, 21) show
the same qualitative pattern. RL (Single) takes the
highest training reward against its training simula-
tor and the lowest policy entropy, but its OOD eval
slides back toward the untrained baseline. Verbal-
ized Sampling and frozen ensembles trade a nois-
ier, lower training reward for a higher steady OOD
eval; Co-Training and Population Co-Training ex-
tend the OOD gain further and keep entropy in the
0.8-1.2 nat range throughout training.

CooperBench (Appendix Figures 23 and 24)
adds a conversation-turn diagnostic. Cross-play
against a fixed partner produces a turn-count curve
that rises and then drops: once the policy finds
a short strategy the frozen partner accepts, con-
versations get shorter. Self-play and Population
Co-Training do not show this drop. The partner
keeps adapting, so longer multi-turn solutions stay
rewarded and the turn count keeps climbing. The
9B and 27B runs show the same qualitative pat-
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Figure 17: K=5 peaks above both extremes; the optimum is interior because stale checkpoints dilute the
population. Eval reward over training for K € {1,3,5,10} on P4G (left) and 72-Retail (right); checkpoint cadence
is every four training steps. Asymptote ordering: K=5 > K=10 > K=3 > K=1.
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Ensemble (K= 3)
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Figure 18: 72-bench with Qwen3-8B. Scaling the trainable policy from Qwen3-4B-Instruct to Qwen3-8B preserves
the ordering from Figure 4: RL (Single) collapses below the untrained baseline, every population-based method
improves steadily, and Population Co-Training is the top curve. Noise reflects the smaller number of eval episodes

in this setting.

tern, with the 9B curves visibly noisier reflecting
the smaller model’s higher per-step variance on
SWE-style tasks.

Collapse persists at the 8B scale. Scaling
the trainable policy from Qwen3-4B-Instruct to
Qwen3-8B does not eliminate simulator collapse:
RL (Single) still saturates its training reward, peaks
transiently on OOD, and crashes its policy entropy
(Figure 22). The 8B run appears to collapse later
than the 4B run, though we do not measure onset
precisely; the qualitative pattern is the same.

E.5 Proof of Proposition 3.5

We prove Proposition 3.5 with the coupling argu-
ment of Theorem 3.2 and then bound tail-behavior
coverage under ~y-sharpening.

Proof of the gradient bound. Couple the trajec-
tory Tvs in Mys (simulator samples from pXS) and

the trajectory Tyer in Myes (simulator samples from
P) using shared agent randomness. At each simula-
tor turn, given a matched prefix, sample (a5, a}°f)
from the maximal coupling between pXS(- | s¢,af)
and P(- | s¢,a]), which disagrees with probabil-
ity at most 7)(s¢, af ) by hypothesis. By the union
bound over simulator turns,

H

Prrys # Tret) < B> n(si,af)] = 7u(0),
t=1

which gives Dy (Plg, PY,) < 711(6). The gradi-
ent bound then follows from the bounded-integrand
TV inequality (Appendix A.2) applied to f(7) =
R(7)Sy(7) with || f|| < RmaxB, as in the proof of
Theorem 3.2. ]

Tail suppression under ~-sharpening. Together
with y-sharpening (Appendix A.3), the recovery
assumption separates VS from direct prompting
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Figure 19: Empirical training dynamics on 72-bench Retail (full time series). Zero-variance batch fraction
(top-left), all-success (top-right), all-failure (bottom-left), and policy entropy (bottom-right). Single-simulator RL
(blue) blows up on every panel; Co-Training and Population Co-Training are the only methods that keep all four

healthy. Shaded bands are 10 over three seeds.

on tail behaviors. Direct prompting suppresses tail
behaviors exponentially in v, whereas VS preserves
them up to 7.

Proposition E.1 (y-sharpening tail suppression).

Fix a state s and let b* = argmax, P(b | s)
with mass m = P(b* | s). Let B C B be a
set of nonmodal behaviors with reference mass
P(B | s) = p and maximum per-behavior mass
maxpep P(b | s) < Am for some A € [0,1). Un-
der direct ~y-sharpened prompting Py(b | s) o
P(b | s)Y with v > 1 (Proposition A.2),

P yy-1
P, (B < = AT
¥(B|s) < m
Under VS with reference-recovery error 1,
ps>(Bls) = p—n.

Pl’OOf. ZbeB P(b)’y = ZbeB P(b) ’ P(b)’y_l <
p(Am)Y~! using P(b) < Am on B. The de-
nominator of P, is at least the modal contribu-
tion m?, giving Py(B) < p(Am)’~1/m? =
(p/m)X\'~L. For the VS bound, \pZS(B) -
P(B)| < Drv(py®, P) <. O

For the empirical range v € [6,66] (Ap-
pendix A.3) and A bounded away from 1, P, (B)
is near zero while pXS(B) stays within 7 of p. By
Proposition 3.5, the policy gradient under VS then
approximates the reference-user gradient, with the
gap controlled by 7.

Limits of the reference-recovery assump-
tion. The reference-recovery  assumption
Dy (pzs, P) < nis an empirical claim. It
can fail if the simulator’s verbalized output
systematically misses behavior types, for example
if the K candidates always come from the
cooperative half of the response distribution.
The most direct test would sample the simulator
under VS, cluster the responses into behavior
types, and compare the empirical distribution to
a behavior-level reference. We report transcript
inspections in Appendix E.9 and leave quantitative
behavior-coverage measurements to future work.
Reference recovery is necessary but not sufficient,
because P must also place mass on behaviors the
policy needs to transfer. Proposition E.1 formalizes
one such asymmetry. The real-user step requires
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Persuasion for Good (Qwen3-4B-Instruct)
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Figure 20: Persuasion for Good: training, OOD eval, and policy entropy. Six methods, three seeds each; +1o
shading on OOD. Training reward against the GPT-5-mini training simulator (a) is highest for RL (Single), which
corresponds to the lowest agent entropy (c) and the worst OOD eval (b).
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Figure 21: 72-bench Retail: training, OOD eval, and policy entropy. Seven methods, three seeds each. Same
qualitative pattern as Figure 20: RL (Single) wins training reward and loses OOD; Co-Training and Population

Co-Training are best on the held-out panel.

an additional assumption D7y (P, Preal) < K,
which VS itself does not establish and which the
human study in Appendix D tests.

E.6 Verbalized Sampling mitigates simulator
collapse

We isolate the effect of Verbalized Sam-
pling (Zhang et al., 2025a) on the same training
simulator used in our main experiments (GPT-5-
mini). Figure 25 compares RL (Single) and RL
(Single) + Verbalized Sampling under matched hy-
perparameters and three seeds each. Without VS,
the policy follows the simulator-collapse signature
established in §3.3: training reward climbs cleanly
while OOD eval peaks and slides back, and policy
entropy crashes to near zero. With VS the simula-
tor is queried for a verbalized response distribution
and the rollout is drawn from it, which restores
enough simulator-side variance (Lemma A.3) to
slow the geometric concentration of Corollary 3.4.

E.7 Verbalized Sampling on larger models

In this part we show training dynamics against the
larger GPT-5 simulator. Given the limited budget
constraint and fair comparison in Table 1, we use
GPT-5-mini as the simulator across all settings in
the main experiments. The original VS paper notes
that smaller models suffer from “cognitive over-
load” when asked to verbalize a distribution while
solving the task; against GPT-5 this is less of a con-
cern, so VS’s mitigation effect is more pronounced.

Figure 26 shows the same three diagnostics
against GPT-5. The collapse signature persists but
is delayed: GPT-5 is less modal than GPT-5-mini,
so the training reward climbs more slowly and tops
out around 0.6—0.8, and the entropy collapse for
RL (Single) sets in much later than in the GPT-5-
mini setting. OOD eval for RL (Single) still peaks
at =~ 0.65—0.67 and then degrades. With Verbal-
ized Sampling the training reward is noisier and
lower, but OOD climbs steadily and ends near 0.70,
and entropy stays well above zero with substantial
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72-bench Retail (Qwen3-8B)

—— RL (Single)

Verbalized Sampling

(a) Training Reward
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Figure 22: 72-bench Retail (Qwen3-8B). Six methods, three seeds each; 10 shading on OOD. The collapse
pattern from Figure 21 appears at the 8B scale, qualitatively similar but visually later in training: RL (Single)’s
training reward saturates, OOD eval peaks and slides, and policy entropy crashes. The per-step curves are also
noisier across all three panels; the bigger policy has wider per-step variance at matched eval-episode counts.

variance throughout. The qualitative story matches
the GPT-5-mini ablation in §E.6: VS reduces, but
does not eliminate, simulator collapse.

E.8 Simulator-reward ablation

Q3b asks whether any choice of simulator re-
ward yields the moving target, or whether the
reward must be carefully shaped. We compare
three simulator-reward variants (Table 9) against
the no-co-training K'=3 ensemble baseline (Fig-
ure 27). The two endpoints break the moving
target, in mirrored ways. An adversarial reward
(ry = —ry) collapses the simulator to ~98% re-
fusal and drops eval reward to 0.07. A cooperative
reward (14 = r,) pushes pushback to ~2%, let-
ting the policy reward-hack a trivial helper while
eval reward drops from 0.27 to 0.17. Only the
curriculum reward keeps opponent reward near
0.45, the regime of maximum within-batch vari-
ance (Remark A.12), and reaches ~0.40 eval. Both
extremes collapse the simulator onto a new dom-
inant mode, and once the mode is fixed again the
simulator-collapse chain rebinds: the moving tar-
get stops moving. Population Co-Training helps
only when the simulator reward preserves variation
across checkpoints.

E.9 Within-batch rollouts: from diverse
openings to a single strategy

We illustrate the policy-side signature of simulator
collapse by inspecting three within-batch rollouts
from the same starting context at three training
stages (early / mid / late). Early in training the
agent samples varied strategies and the simulator
responds with varied content; by mid-training the

Table 9: Simulator-reward variants. 7, is the pol-
icy’s per-rollout reward; o2 its within-group variance.
Curriculum follows SPICE-style variance shaping (Liu
et al., 2025b).

Variant Simulator reward r4

Adversarial —Tr

Curriculum

rollouts begin to share scaffolding; by late training
all three rollouts within a batch are nearly word-
for-word the same, which is what the geometric
strategy-mass concentration of Corollary 3.4 looks
like in transcript space.

E.10 Training on more models

We replicate the main P4G and 72-bench Retail
experiments with Olmo-3-7B-Instruct (Olmo et al.,
2025) as the trainable agent, keeping every other
element of the setup unchanged. Two differences
relative to the Qwen3-4B-Instruct runs are notable.
First, Olmo-3-7B-Instruct starts with higher base
policy entropy than Qwen3-4B-Instruct (= 1.85
vs =~ 1.55 nats); its RLHF profile is less sharp-
ened. Second, its Base task performance is lower
(0.34 vs 0.40 on 72-Retail, 0.35 vs 0.43 on P4G),
consistent with its smaller post-training budget. De-
spite these starting-point differences, the qualitative
training dynamics match the Qwen3-4B-Instruct re-
sults: RL (Single) saturates training reward, peaks
transiently on OOD eval, and crashes policy en-
tropy from the higher initial point. Both Verbal-
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Figure 23: CooperBench (Qwen3.5-9B): training, eval, entropy, and conversation turns. The 9B run shows
the same overfit signature as Figure 24 (Qwen3.5-27B) but with visibly more per-step variance, characteristic of
SWE-style tasks at the smaller scale. Cross-play against a fixed Haiku partner or against a K =3 frozen ensemble
plateaus and starts dropping in conversation turns as a short exploit strategy takes over; Self-play and Population
Co-Training keep climbing.

ized Sampling and Co-Training recover most of
the OOD gap and preserve entropy, and Population
Co-Training is the strongest method on both bench-
marks. Figures 28 and 29 report the full curves.
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Figure 24: CooperBench (Qwen3.5-27B): training, eval, entropy, and conversation turns. Cross-play against
a fixed Haiku partner or against a K =3 frozen ensemble shows the overfit signature on conversation turns: turns
rise early as the policy learns to interact, then drop as a short exploit strategy takes over. Self-play and Population

Co-Training avoid this regression; turns keep climbing as the partner co-evolves.

Qwen3-4B-Instruct vs GPT-5-mini

RL (Single) + Verbalized Sampling
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Figure 25: Verbalized Sampling mitigates simulator collapse against GPT-5-mini. Three seeds per setting.
(a) Training reward: both runs climb, with +VS reaching a slightly higher plateau because the gradient signal is
preserved on more batches. (b) OOD eval reward on the held-out 6-model panel (=10 shaded): +VS peaks much
higher and degrades far less than RL (Single), narrowing the gap to the untrained baseline. (¢) Policy entropy: RL
(Single) collapses to near zero, while +VS holds entropy near 0.7—0.8 nats throughout training. VS reduces but
does not eliminate simulator collapse; the residual gap motivates the Co-Training experiments in §4.2.
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Figure 26: Verbalized Sampling against GPT-5. Three seeds per setting. (a) Training reward: RL (Single) climbs
to a plateau in the 0.6-0.8 range; +VS is noisier and lower because the K-modal verbalized simulator gives less
consistent reward signal. (b) OOD eval (held-out 6-model panel, £10 shaded): RL (Single) peaks near 0.66 and
degrades; +VS climbs more slowly but ends near 0.70. (c) Policy entropy: RL (Single) stays high for most of
training and then crashes; +VS holds entropy above 1 nat throughout with substantial fluctuation.
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Figure 27: Co-Training requires a carefully chosen simulator reward (72-bench Retail). Top-left: agent
training reward; cooperative reward (green) reaches the highest training reward by reward-hacking a trivially helpful
simulator. Top-right: opponent reward; only the curriculum reward (blue) stays balanced near 0.45. Bottom-left:
agent policy entropy; both extremes collapse to 0.01-0.04. Bottom-right: held-out eval reward; only the curriculum
reward beats the no-co-training ensemble baseline.
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Figure 28: Persuasion for Good (Olmo-3-7B-Instruct). Three panels: training reward, OOD eval reward, policy
entropy. The qualitative simulator-collapse signature reproduces: RL (Single) saturates training reward, peaks
transiently on OOD, and crashes its (higher initial) entropy; Verbalized Sampling, Ensemble, Co-Training, and
Population Co-Training preserve entropy and close most of the held-out gap.
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Figure 29: 72-bench Retail (Olmo-3-7B-Instruct). Same three panels as Figure 28. Olmo-3-7B-Instruct’s Base
success rate is lower than Qwen3-4B-Instruct’s (0.34 vs 0.40), but the collapse-and-recovery pattern is the same.
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