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Abstract

We study what happens to generative diversity when a language model is post-trained with
verifiable-reward reinforcement learning (RLVR) to produce solvable artifacts, using procedural
Sokoban-level generation as a clean, exactly-verifiable testbed. We find a sharp, reproducible
reward↔diversity phase transition: as the model learns to maximize a gated, solver-checked
reward, it abruptly mode-collapses, generating one or two level templates, with the fraction of
distinct valid levels falling from ≈ 1.0 to < 0.05 over a handful of optimization steps. The
collapse reproduces across three trust-region objectives (PPO clipping, DAPO clip-higher,
and the recent DPPO divergence-gating), three seeds, and two model scales. We then show the
trade-off is controllable: (i) passively, by early-stopping at the Pareto knee, and (ii) actively,
via a diversity-aware reward (an intra-batch novelty bonus) that induces additional diversity
at high reward: it removes exact mode collapse (distinct levels rise ∼ 8×) but only modestly
restores structural variety (pairwise cell-disagreement 0.00→ 0.03 vs. 0.39 for an un-collapsed
model), suggesting the effect is real but small at our scale and may require larger-scale training
to promote. Larger models enjoy a strictly better diversity/reward Pareto frontier. In contrast,
which trust-region objective is used is not a robust lever for diversity on this task: an apparent
advantage for DPPO at 1.5B does not survive seeds or scale, a cautionary negative for the
assumption that the clipping mechanism governs generative diversity.

1 Introduction

PPO’s ratio clipping has had a “second wave” in the LLM era [4, 5], with an active debate about
whether its trust-region proxy is mis-specified and how that affects exploration and entropy. DAPO
argues the clip range is too tight and loosens the upper bound (clip-higher) [8]; sequence-level
variants change the ratio granularity [9]; and DPPO argues the per-token ratio is the wrong gating
variable and replaces it with a direct policy-divergence mask [3]. A recurring claim is that bet-
ter trust-region handling preserves exploration, which, for a generator, should manifest as output
diversity.

We test this directly in a setting where diversity is the quantity of interest and where reward is
exactly verifiable: generating solvable Sokoban levels of a target difficulty. This turns the abstract
“clipping affects entropy” discussion into a concrete, measurable question about the diversity of
generated artifacts, and lets us study it without ever rewarding diversity. Our contributions:
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1. A characterization of a sharp reward↔diversity phase transition in verifiable procedural-
generation RL, reproducible across objectives, seeds, and scales.

2. Control of the trade-off: early-stopping at the Pareto knee (passive, recovers genuine diversity)
and a diversity-aware reward (active, but a small effect at our scale: it removes exact collapse
yet only modestly restores structural variety).

3. A scaling result: larger models have a dominating diversity/reward frontier.

4. An honest negative: the trust-region objective (PPO/DAPO/DPPO) is not a robust diver-
sity lever here; a 1.5B effect does not replicate at 3B.

2 Related Work

Our objectives are GRPO [5] with three trust-region variants: symmetric PPO clipping [4], DAPO
clip-higher [8], and DPPO’s divergence-gated mask [3]; we also consider token- vs. sequence-level
ratios [9]. Procedural content generation via RL has a long line of work [2]; we instead drive an
LLM generator with a verifiable reward. Boxoban [1] supplies format-priming levels. Models are
Qwen2.5-Instruct [7].

3 Method

Task and verifier. The model emits a 10×10 ASCII Sokoban grid with exactly four boxes/goals
and one player. An exact A⋆ solver (BFS player-reachability; admissible min-cost box→goal as-
signment; static dead-square pruning) decides solvability and returns the optimal push-count, our
difficulty proxy. The solver is the fixed evaluator; it solved 120/120 sampled Boxoban levels at
≈0.08 s each, cheap enough to use in the RL loop.

Reward (gated). A generation earns reward 1 iff it meets the exact spec and is solvable and
its optimal push-count is in [12, 30]; partial credit (0.3 solvable, 0.1 valid-spec) shapes early learn-
ing. Diversity is never part of the gated reward, so any change in generated diversity is
attributable to training, not to the reward. Tightening the reward to the exact 10× 10/4-box spec
was necessary: a looser solver-only reward was gamed by emitting smaller solvable boards.

Objectives. All arms use GRPO. vanilla uses symmetric clipping (ϵ=0.2); clip-higher decou-
ples ϵlow=0.2, ϵhigh=0.28 [8]; DPPO replaces the clip with a binary mask gated on the total-variation
divergence Dt = |µ(at) − π(at)| between the rollout policy µ and current policy π, blocking only
updates that push the ratio further from 1 when Dt > δ (δ=0.15) [3].

Diversity metrics. We report, over all spec-valid generations, the distinct rate under a dihedral-
(D4)-canonical form (so rotations/reflections are not counted as new), canonical-form entropy, mean
pairwise cell-disagreement, and character n-gram diversity. Distinct@valid is the headline metric;
distinct-over-in-band saturates at 1.0 and is uninformative.

Diversity-aware reward (active method). We add an intra-batch novelty bonus: a spec-valid
generation receives +λ/ c where c is the count of its canonical form in the batch (λ=0.5). Unique
levels get the full bonus; repeated templates get a shrinking share, so spamming one template stops
paying.
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4 Experimental Setup

We post-train Qwen2.5-1.5B/3B-Instruct [7] from an SFT format-primed base (B0; trained on
Boxoban medium/train). RL uses GRPO via the TRL library [6] for 500 steps, group size 8,
lr = 10−5, 4–8 inner iterations (so the rollout/policy ratio is non-trivial), bf16, no advantage stan-
dardization. We run 3 seeds per cell and log a diversity trajectory every 20 steps. B0 reaches ∼88%
(1.5B) / 85% (3B) spec-valid syntax with full diversity (distinct = 1.0); a random-generator+solver-
filter baseline (B1) also has distinct = 1.0 (the ceiling).

5 Results

5.1 A sharp reward↔diversity phase transition

Across all 3 objectives × 3 seeds × 2 scales, driving the gated reward to its maximum collapses
diversity: distinct@valid falls from ≈1.0 to <0.05, typically within 50–150 steps, as in-band reward
rises toward 1.0. Final-state diversity is near zero for essentially every high-reward run.

5.2 The trade-off is a controllable Pareto frontier

Plotting diversity against reward along training traces a clean frontier. At 1.5B one can hold
distinct≥ 0.5 up to reward ≈ 0.47, or distinct ≈ 0.40 at reward ≈ 0.69; the analogous 3B knee is
reward 0.61 at distinct 0.70. Early-stopping at the knee is thus a simple passive control: pick
the operating point on the frontier.

5.3 Active control: a diversity-aware reward (a small effect)

Reward (1.5B, vanilla, 3 seeds) distinct@valid distinct @ rew≈0.8 peak cell-disagree

Gated (standard) 0.004–0.016 0.019 0.199 0.00
Diversity-aware (ours) 0.051–0.095 0.155 0.371 0.03

un-collapsed (B0/start), ref. 1.0 n/a n/a 0.39

Table 1: The diversity-aware reward induces some diversity at high reward (reward 0.77–1.0),
raising the distinct count ∼ 8×. But the structural measure (mean fraction of differing cells be-
tween samples) moves only 0.00 → 0.03, far below the 0.39 of an un-collapsed model: it breaks
exact duplication without restoring real variety. We caution that exact-match diversity metrics
(distinct/entropy) overstate this effect.

Figure 1 shows why: among 32 sampled levels the gated model produces a single template;
the diversity-aware model’s “8 distinct” levels are mostly one-cell perturbations of one dominant
template (21/32 identical), so they look nearly the same. The effect is real but small at 1.5B/3B;
we hypothesize that larger-scale or longer training (which we show improves the diversity/reward
frontier overall) is needed to promote it into structural diversity. Establishing that is left to future
work.

5.4 Scale improves the frontier

The 3B diversity/reward Pareto frontier dominates the 1.5B frontier (more diversity at matched
reward; e.g. reward ≈ 0.6 yields distinct 0.70 at 3B vs. ≈ 0.42 at 1.5B), even though the per-
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Figure 1: Generated Sokoban levels (#=wall, box=orange, goal=red, player=blue). Top: diverse
start (32/32 distinct, cell-disagreement 0.39). Middle: gated reward collapses to one template
(1/32, 0.00). Bottom: diversity-aware reward only modestly increases variety (its “8/32 distinct”
are mostly one-cell perturbations of one template; cell-disagreement 0.03).

objective collapse dynamics are similar.

5.5 The trust-region objective is not a robust diversity lever

At 1.5B, DPPO retained the most diversity at matched high reward (distinct@reward0.8: DPPO
0.113, vanilla 0.064, clip-higher 0.022) and the highest peak (0.359 vs. 0.265), weakly supporting
the hypothesis. However this did not replicate at 3B (DPPO had the lowest peak; the matched-
reward ordering was within seed noise), and an initial single-seed result suggesting “vanilla collapses
least” was overturned by seeding. We therefore conclude the objective choice has at most a small,
inconsistent, scale-dependent effect on collapse dynamics, with no robust winner, a caution against
assuming the clipping mechanism governs generative diversity on verifiable tasks.

6 Limitations

Single task (Sokoban, 10 × 10/4-box), two scales (1.5B, 3B), 3 seeds, modest step budget; one
diversity-reward formulation and one DPPO δ. The 3B matched-reward comparison is partly
limited by how fast collapse occurs relative to eval cadence. The diversity-reward effect, while
large, has one of three seeds weaker. These bound the strength of the negative result and motivate
larger-scale and broader-domain replication.
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7 Conclusion

Verifiable-reward RL trades generative diversity for reward through a sharp phase transition; the
trade-off is real, measurable, and, importantly, controllable. The reliable lever is operating-point
selection (early-stopping at the Pareto knee), where genuine structural diversity still exists; an
explicit diversity-aware reward induces only a small additional effect at our scale and is a candidate
for larger-scale study. Larger models offer a better frontier overall, and the specific trust-region
objective matters far less than commonly assumed.

Availability. Code, the SFT-primed checkpoints, the exact solver/verifier, and a reproduction
recipe are available upon request.
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