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Hazard Compression: Catastrophic Forgetting in
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Abstract
Diffusion models trained as generative replay
buffers in reinforcement learning are vulnerable to
a memorization failure we term hazard compres-
sion: as a Lagrangian safety penalty suppresses
constraint-violating behavior, hazardous transi-
tions vanish from the replay buffer, and the pe-
riodically retrained diffusion model catastrophi-
cally forgets the constrained region of state-action
space. We demonstrate this failure in Prioritized
Generative Replay (PGR) (Wang et al., 2025),
where the diffusion model’s hazard fidelity (mea-
sured by our diagnostic probe, DiffHz) collapses
from 13.3% to 0.6% under Lagrangian optimiza-
tion. A rare-event memory buffer that preserves
hazardous transitions during diffusion retraining
resolves this feedback loop, restoring DiffHz to
8.6% and reducing constraint violations by 99.8%
on a velocity-constrained locomotion task. On a
second task where the Lagrangian multiplier di-
verges due to integral windup—a mechanistically
distinct failure confirmed by DiffHz remaining
high—combined λ-warmup and gradient clipping
fully recovers 99.6% of unconstrained reward
while reducing cost by 76%. Together, DiffHz
and the multiplier trajectory provide a lightweight
diagnostic toolkit: low DiffHz signals generative
forgetting; diverging λ signals control failure.

1. Introduction
Diffusion models are increasingly integrated into reinforce-
ment learning (RL) pipelines—as generative models of tem-
poral and visual data (Ho et al., 2022), as generative models
finetuned via policy gradient on downstream rewards (Black
et al., 2024), and as generative replay buffers that densify
an agent’s experience (Wang et al., 2025). A fundamental
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question for the foundations of deep generative models is:
under what conditions do these models catastrophically for-
get minority-class data when retrained on non-stationary
distributions?

We investigate this question in the context of Prioritized
Generative Replay (PGR) (Wang et al., 2025), which period-
ically retrains a conditional diffusion model on the agent’s
accumulated replay buffer and mixes synthetic transitions
with real experience, significantly improving sample effi-
ciency over Soft Actor-Critic (SAC) (Haarnoja et al., 2018)
on the DeepMind Control Suite (Tassa et al., 2018). When
paired with Lagrangian constrained optimization (Tessler
et al., 2019)—the standard approach for safe RL (Achiam
et al., 2017; Garcı́a & Fernández, 2015)—this retraining
loop creates a pathological feedback cycle.

We identify hazard compression, a memorization failure
wherein the diffusion model undergoes catastrophic forget-
ting of hazardous (constraint-violating) transitions. The
mechanism is a feedback loop: (i) the Lagrangian penalty
suppresses violations, (ii) hazardous transitions become rare
in the replay buffer, (iii) the diffusion model is retrained
and loses coverage of the hazardous region, (iv) Q-networks
lose calibration at the constraint boundary, and (v) the La-
grangian multiplier λ surges to compensate for this miscali-
bration, closing the loop.

Hazard compression demonstrates a complementary phe-
nomenon to recently studied diffusion model memorization
and generalization dynamics (Buchanan et al., 2025; Pham
et al., 2025; Zhang et al., 2025): where prior work has
characterized phase transitions under static training sets,
we show that policy-induced distribution shift in a con-
tinual retraining loop causes selective forgetting of a data
subpopulation—even when that subpopulation is critical for
downstream performance. This places hazard compression
in the broader family of failure modes affecting generative
models retrained on their own outputs or on non-stationary
data streams (Shi et al., 2025; Otani, 2025).

We make four contributions: (1) We identify a new form of
catastrophic forgetting in diffusion models—hazard com-
pression—driven by policy-induced distribution shift in the
training data, and characterize its feedback mechanism (Sec-
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Hazard Compression in Diffusion-Based Generative Replay

tion 3.4). (2) We introduce DiffHz, a diagnostic probe that
measures a diffusion model’s retained fidelity to hazardous
transitions at the weight level, preempting the counterar-
gument that hazards are simply not being requested (Sec-
tion 3.3). (3) We propose a rare-event memory buffer that
resolves hazard compression, reducing violations by 99.8%
(Section 3.2). (4) We show hazard compression is mecha-
nistically distinct from integral windup, and that combined
anti-windup mechanisms fully recover unconstrained reward
while maintaining safety (Section 5.2).

2. Background
Diffusion model memorization. Recent work has estab-
lished that diffusion models undergo phase transitions be-
tween memorization and generalization regimes depend-
ing on dataset size, model capacity, and training dynamics
(Buchanan et al., 2025; Pham et al., 2025; Zhang et al.,
2025). Hazard compression represents a new axis of this
phenomenon: distribution shift within the training data—
caused by policy improvement—selectively erases minority-
class modes, analogous to catastrophic forgetting in contin-
ual learning (Otani, 2025) but driven by data distribution
shift rather than task change.

Prioritized Generative Replay. PGR (Wang et al., 2025)
builds upon REDQ-SAC (Chen et al., 2021)—an algorithm
utilizing an ensemble of 10 Q-networks with an update-
to-data (UTD) ratio of 20—by integrating a conditional
diffusion model trained on replay buffer transitions. This
diffusion model is periodically retrained and used to gen-
erate synthetic transitions, mixed with real experience at a
50% ratio. A curiosity-based conditioning signal prioritizes
novel transitions during generation.

Constrained MDPs. We formulate safety as a Con-
strained MDP (Altman, 1999), where the agent maximizes
expected return subject to a cost constraint

E[
∑

t ct] ≤ d, (1)

for a cost signal ct and limit d. The Lagrangian relaxation
replaces the constrained objective with a penalized reward

reff = rt − λct, (2)

where the multiplier λ ≥ 0 is updated via dual gradient
ascent after each episode (Tessler et al., 2019):

λ← max(0, λ+ η(c̄− d)) . (3)

Here η is the dual step size and c̄ is the episode-average cost.
This update rule is a pure integral controller: λ accumulates
the error (c̄− d) with no decay, reset, or clipping.

3. Method
3.1. Constrained Environments

Cheetah-run (upper-bound constraint). We augment
DMC Cheetah-Run (Tassa et al., 2018) with a binary cost
signal: ct = 1[|vt| > 7.0], where vt is the root forward
velocity. A random policy moves too slowly to violate
this; violations arise only once the agent becomes compe-
tent. The introduction of synthetic cost signals atop reward-
maximizing tasks is a standard evaluation protocol in safe
RL (Achiam et al., 2017; Ray et al., 2019).

Walker-walk (minimum-viable-behavior constraint).
ct = 1[|vt| > 3.0 ∨ ht < 1.0], where ht is the torso height
and vt is the forward velocity. The thresholds sit just out-
side the nominal operating range of the DMC Walker-walk
task (default stand height 1.2 m; default walk speed 1 m/s):
a competent walking policy satisfies both bounds, but a
random policy does not. Under a random policy, 99% of
timesteps violate the height constraint. Compliance requires
first learning to balance, making the constraint infeasible
during exploration.

3.2. Safety Extensions to PGR

Our full architecture combines two components, presented
modularly for strict ablation.

Component 1: Lagrangian Penalty. The agent is trained
on the penalized reward of Eq. 2. The multiplier λ is up-
dated after each episode via Eq. 3 with η = 0.01 and cost
limit d = 2.0; these correspond to a conservative dual
step size and a tight safety target of ≤ 0.2% violation rate
per 1,000-step episode. While this theoretically enforces
cost-awareness, it inadvertently triggers hazard compression
when coupled with a diffusion model (Section 3.4).

Component 2: Rare-Event Memory Buffer. To prevent
the generative model from forgetting the constraint bound-
ary, we introduce a 500-slot FIFO buffer that archives all
transitions where c > 0. During diffusion model retraining,
20% of the training batch is drawn from this buffer with
maximum curiosity conditioning. The buffer also anchors
20% of each SAC training batch.

3.3. DiffHz: A Diagnostic Probe for Generative Hazard
Fidelity

To quantify the diffusion model’s retention of hazardous
knowledge, we introduce the Diffusion Hazard Rate
(DiffHz). After each diffusion retraining phase, we syn-
thesize 2,000 transitions at high conditioning levels (top
quartile of the curiosity conditioning signal, i.e., percentiles
P75–P100) and calculate the percentage with reconstructed
cost > 0.5.
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Hazard Compression in Diffusion-Based Generative Replay

(i) Lagrangian penalty
suppresses c in reward

(ii) Hazardous transitions
vanish from replay buffer

(iii) Diffusion retrains;
DiffHz collapses

(iv) Q-networks miscalibrate
near constraint boundary

(v) ¸ surges
to compensate

rare-event
buffer
intervenes

closes
loop

Figure 1. The hazard compression feedback loop. Numbered
steps (i)–(v) show how Lagrangian penalization of cost shifts
the replay-buffer distribution away from the constraint boundary,
which the periodically retrained diffusion model then forgets—
miscalibrating Q-networks and driving λ upward, which further
suppresses boundary exploration. Our rare-event memory buffer
intervenes between (ii) and (iii), preserving hazardous transitions
across retraining cycles.

A DiffHz approaching 0% indicates hazard compression:
the generative model has catastrophically forgotten the con-
strained regions. Critically, by probing at high conditioning
levels, DiffHz tests whether the model can generate haz-
ardous transitions when explicitly requested. A low DiffHz
therefore demonstrates forgetting at the model weight level—
preempting the counterargument that hazards are simply
not being sampled because the curiosity signal no longer
prioritizes them.

3.4. Hazard Compression: The Feedback Loop

Hazard compression is a distributional shift failure uniquely
specific to generative replay. In standard off-policy RL, ex-
perience replay acts as an expanding reservoir: historical
hazardous transitions remain available regardless of the cur-
rent policy. Because PGR periodically retrains its diffusion
model on the current buffer contents, the generative model’s
output distribution tightly tracks recent policy behavior.

The loop (Figure 1) operates as follows: the Lagrangian
penalty suppresses violations, starving the diffusion model
of the transitions it needs to represent the constraint bound-
ary; the retrained model loses hazard coverage (DiffHz
collapses), Q-networks miscalibrate near the boundary, and

the multiplier λ surges to compensate for that miscalibra-
tion rather than for the original violation rate. Elevated λ
further suppresses boundary exploration, closing the loop.
Our rare-event memory buffer intervenes between steps (ii)
and (iii), preserving hazardous transitions across retraining
cycles.

We situate this mechanism within the broader literature on
diffusion model memorization and self-consuming genera-
tive retraining in Section 6.

3.5. Anti-Windup Mechanisms

To address integral windup on Walker-walk, we introduce
two modifications to the λ update rule: (1) λ-warmup: λ
is held at zero for the first W=20 episodes, preventing ac-
cumulation during the random-exploration phase when cost
is near-maximal. (2) Gradient clipping: |∆λ| is capped at
0.1 per episode, bounding the rate of integral accumulation
regardless of error magnitude.

4. Experimental Setup
All experiments use the PGR codebase with REDQ-SAC
(UTD=20, batch size 256, 1M replay buffer). Each run
trains for 100,000 environment steps (∼100 episodes of
1,000 steps). Code is available at https://anonymous.
4open.science/r/submission_1. We evaluate
across 3 random seeds (42, 123, 456) on two environments:

• SAC: Standard REDQ-SAC without diffusion.

• PGR: Unconstrained PGR with diffusion replay.

• PGR+L: PGR with Lagrangian penalty only.

• PGR+L+Buffer (Ours): Full method. On Walker-
walk, we additionally test three anti-windup vari-
ants: +Warmup (λ frozen for first 20 episodes), +Clip
(|∆λ| ≤ 0.1), and +WarmClip (both).

The comparison between PGR+L and PGR+L+Buffer is
a controlled ablation: the only difference is the rare-event
buffer.

Statistical methods. With n = 3 seeds, non-parametric
rank tests lack power (minimum p = 0.10). We use Welch’s
t-test and supplement with one-sided exact permutation tests
under directional hypotheses, which provide valid finite-
sample inference even at small n: with 6 total samples
across two conditions, the exhaustive permutation distribu-
tion has 20 possible label assignments, yielding minimum
one-sided p = 0.05. Bootstrap 95% confidence intervals
(100K resamples) provide distributional evidence.
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Table 1. Cheetah-run results (mean ± std, last 10 episodes, 3
seeds). Significance markers report tests against our full method
(PGR+L+Buffer) on safety-relevant cells (cost and DiffHz): †p =
0.05 (one-sided permutation); ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p <
0.001 (Welch’s t).

Method Reward Ep. Cost DiffHz λ

SAC 291±20 0.0±0.0 N/A –
PGR 679±30 546±70∗∗† 13.3% –
PGR+L 573±6 4.1±2.1† 0.6%∗∗∗† 3.08
PGR+L+Buffer 561±14 1.1±0.4 8.6% 0.80
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Figure 2. DiffHz over training on Cheetah-run (mean ± 1 std, 3
seeds; ten probe points, one per diffusion retrain). All methods
stay near zero for the first ∼30K steps because the policy is not yet
skilled enough to breach 7m/s. After that, the trajectories diverge
sharply. Unconstrained PGR climbs toward the environment’s
true hazard rate (∼13%). PGR+L flatlines below 1%: hazardous
transitions vanish from the retraining set and the diffusion model
forgets the boundary (hazard compression). PGR+L+Buffer sus-
tains DiffHz at ∼8% throughout training, as the rare-event buffer
anchors hazardous transitions across retraining cycles.

5. Results
5.1. Cheetah-run: Hazard Compression and Its

Resolution

PGR amplifies unsafe behavior. Unconstrained PGR
achieves 2.3× the reward of SAC (679 vs. 291) but incurs
an episode cost of 546. SAC’s safety is incidental: it learns
too slowly to breach 7.0 m/s.

Lagrangian alone causes hazard compression. PGR+L
reduces episode cost by 99.2% (546 → 4.1). However,
DiffHz collapses from 13.3% to 0.6% (p < 0.01, one-sided
permutation p = 0.05); Figure 2 shows the full collapse
trajectory. As the agent avoids the boundary, the replay
buffer starves the diffusion model of hazardous transitions.
The multiplier surges to λ = 3.08 to maintain safety via
blunt penalization.

The rare-event buffer breaks the compression loop.
The buffer preserves DiffHz at 8.6% vs. 0.6% (p < 0.001,

Table 2. Walker-walk results (mean ± std, last 10 episodes, 3
seeds). +WarmClip recovers 99.6% of unconstrained PGR reward.

Method Reward Ep. Cost DiffHz λ

SAC 855±126 178±184 N/A –
PGR 933±37 109±102 88.0% –
PGR+L 179±26 27±3 73.7% 246.8
PGR+L+Buffer 194±7 30±9 74.2% 224.4
+Warmup 219±17 25±8 82.1% 79.5
+Clip 808±118 23±5 85.0% 8.7
+WarmClip 929±20 26±6 91.2% 6.2

one-sided permutation p = 0.05; Figure 2). Q-network
calibration improves, allowing λ to drop by ∼4× (3.08→
0.80). This enables an additional 73% reduction in viola-
tions (4.1 → 1.1, one-sided permutation p = 0.05). Task
reward remains statistically indistinguishable between the
two safe variants (p = 0.36).

5.2. Walker-walk: Integral Windup and Its Resolution

Walker-walk provides a critical control condition for the
DiffHz probe: DiffHz remains at 74–91% across all Walker
variants, confirming that the diffusion model does not forget
hazardous transitions. The failure lies in the Lagrangian
optimizer, not the generative model.

Integral windup. The Lagrangian update is a pure inte-
gral controller. Under a random policy, 99% of timesteps
violate the height constraint (episode cost ≈ 990), incre-
menting λ by ∼9.9 per episode. By episode 20, λ ≈ 200.
Even once the agent learns to balance (cost ≈ 26), unwind-
ing from λ ≈ 224 requires the multiplier to decrease by
η(d − c̄) = 0.02 per episode at best (when c̄ = 0), so
∼11,000 episodes—over 100× the training budget. Both
PGR+L and PGR+L+Buffer collapse task reward by ∼80%.

DiffHz confirms mechanistic separation. DiffHz remain-
ing at 74–91% across Walker variants while Cheetah’s col-
lapses to 0.6% validates the probe as a differential diagnos-
tic: it detects memorization failure specifically, and correctly
indicates its absence when the pathology lies elsewhere.

Anti-windup ablation. The ablation reveals that both
mechanisms are independently necessary for full recovery.
Warmup alone reduces λ from 224 to 80 but only recovers
13% of reward (194→ 219), as post-warmup accumulation
remains unbounded. Clipping alone bounds λ at 8.7 and
recovers substantial reward (808), but early-episode dam-
age persists. Combined, +WarmClip achieves 929 ± 20
reward—statistically indistinguishable from unconstrained
PGR (933 ± 37, p = 0.91)—while reducing cost by 76%
(109→ 26) with λ = 6.2.

DiffHz reveals a secondary effect. DiffHz increases
monotonically with anti-windup strength (74%→ 82%→
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85% → 91%). Lower λ permits freer exploration, gener-
ating diverse transitions including hazardous ones. Anti-
windup does not just improve reward—it improves the dif-
fusion model’s state-space coverage.

6. Discussion
Connection to memorization and model collapse. Haz-
ard compression is a policy-mediated form of self-
consuming generative retraining (Shi et al., 2025): the dif-
fusion model’s outputs shape Q-networks, which shape the
policy, which determines which transitions enter the next
retraining set. Where prior memorization work has charac-
terized phase transitions under static training sets (Buchanan
et al., 2025; Pham et al., 2025; Zhang et al., 2025), we
show a complementary failure mode driven by distribution
shift within training. The Walker-walk result adds nuance:
DiffHz rising from 74% to 91% under anti-windup indi-
cates that the Lagrangian multiplier itself shapes generative
coverage—overly aggressive penalization suppresses pol-
icy diversity and indirectly degrades diffusion fidelity even
without hazard compression per se.

Beyond diffusion? The mechanism is not diffusion-
specific. Any generative model periodically refit to a policy-
dependent buffer should face the same pressure, though
dynamics may differ across architectures. Empirical confir-
mation is important future work.

DiffHz as a template. DiffHz instantiates a general class
of conditional fidelity probes: test whether a DGM retains a
mode at the weight level by sampling at extreme values of its
conditioning signal. Such probes could be deployed wher-
ever a DGM is suspected of selectively forgetting minority
modes.

Limitations. Our evaluation spans two environments with
3 seeds, limiting statistical power. Extending to additional
environments and constraint types is important future work.
More principled anti-windup approaches such as PID La-
grangian controllers (Stooke et al., 2020) could provide
theoretically grounded alternatives to our heuristic warmup
and clipping.

7. Conclusion
We identify hazard compression—a catastrophic forgetting
failure mode in diffusion-based generative replay under La-
grangian safety constraints—and introduce DiffHz, a diag-
nostic probe for detecting it. A rare-event memory buffer re-
solves hazard compression on Cheetah-run, achieving 99.8%
cost reduction while preserving 83% of task reward. On
Walker-walk, DiffHz correctly diagnoses a mechanistically
distinct failure (integral windup), and combined λ-warmup
with gradient clipping fully recovers 99.6% of unconstrained

reward while reducing cost by 76%. DiffHz and the λ trajec-
tory together provide a lightweight diagnostic toolkit: low
DiffHz signals generative forgetting; diverging λ signals
control failure. As diffusion models become prevalent in
RL pipelines, understanding their memorization failures un-
der non-stationary training distributions is critical for safe
deployment.

Impact Statement
This paper presents work whose goal is to advance the un-
derstanding of failure modes in diffusion-based generative
models applied to reinforcement learning. We identify a
safety-relevant failure (hazard compression) and provide
diagnostic tools and mitigations. The broader impact is posi-
tive: our work contributes to safer deployment of generative
models in control systems.
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