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Abstract: Going beyond predicting robot actions, World Action Models (WAMs)
can also generate future visual observations. We build on this generative capabil-
ity to propose Recurrent Generative Replay (REGEN), a continual imitation learn-
ing framework that synthesizes pseudo-replay trajectories, enabling a robot policy
to rehearse previously learned tasks without storing their original human demon-
strations. During continual adaptation, REGEN recursively queries the WAM to
synthesize pseudo-replay trajectories conditioned only on prior task instructions
and current-task observations. Experiments in both simulation and real-world ma-
nipulation settings show that REGEN reduces catastrophic forgetting by up to 50%
relative to sequential fine-tuning, while approaching the performance of privileged
experience replay methods that require access to real replay data. Finally, we ana-
lyze the factors limiting generated replay, identifying long-horizon visual degrada-
tion and action-observation inconsistency as the primary bottlenecks. Our results
establish WAMs as a promising foundation for continual robot learning without
stored demonstrations.

Keywords: Continual Imitation Learning, World Action Model, Generative Re-
play, Robot Control

1 Introduction

Recently, World Action Models (WAMs) have emerged as a promising paradigm for robot imitation
learning by unifying perception, prediction, and control within a single generative framework [1, 2,
3, 4]. As WAMs become general-purpose robot policies, continual adaptation to new tasks becomes
inevitable. Yet, like other learned policies, they suffer from catastrophic forgetting when fine-tuned
sequentially [5, 6, 7]. This raises a key question: can the same generative capabilities that make
WAMs powerful also serve as a mechanism for retaining previously learned skills?

Existing approaches for mitigating catastrophic forgetting span two generations of robot policies:
conventional visuomotor policies [8, 9] and more recent Vision-Language-Action (VLA) mod-
els [10, 11, 12]. Across both paradigms, experience replay has emerged as the dominant continual
learning strategy, where demonstrations from previous tasks are stored and replayed during adapta-
tion to new tasks [13, 14, 15, 16, 17]. While highly effective, these approaches fundamentally rely
on access to ground-truth demonstrations from prior tasks. This assumption is becoming increas-
ingly impractical in modern robot learning. Earlier progress in robotics was driven by open datasets
of robot demonstrations [18, 19, 20], whereas the emerging paradigm is centered around pretrained
robot foundation models trained on large-scale proprietary datasets that are rarely released pub-
licly [11, 12, 1]. Consequently, what we desire for continual learning is a replay mechanism that
does not depend on access to true demonstrations from previous tasks.

WAMs are uniquely positioned to address exactly this challenge. By jointly modeling actions to-
gether with future visual observations of the scene [1, 2, 3, 4], WAMs expose a generative interface
capable of synthesizing trajectories for previously learned tasks conditioned only on their language



instructions and current observations. In this work, we leverage this property to enable continual
imitation learning without access to any real demonstrations from previous tasks as depicted in Fig-
ure 1.
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Figure 1: Comparison of REGEN with
Experience Replay. Unlike standard
Experience Replay (Middle), which re-
quires privileged access to previous
tasks, REGEN (Bottom) exploit gener-
ative property of WAMs to synthesize
pseudo-demonstrations, mitigating for-
getting without a physical replay buffer.

Consequently, we propose Recurrent Generative Replay
(REGEN), the first continual learning framework that
leverages the WAM itself as a native generative replay
mechanism. When adapting to a new task, REGEN gen-
erates pseudo-demonstrations for previous tasks by con-
ditioning the WAM on prior task instructions and ini-
tial visual observations, then recurrently feeding back
its own generated future observations. This yields com-
pleted synthetic trajectories of previous tasks. These
pseudo-demonstrations are then combined with the new-
task demonstrations during fine-tuning to substantially
mitigate catastrophic forgetting without requiring human-
collected demonstrations of past tasks. We evaluate RE-
GEN in both simulated [13] and real-world environments,
where it reduces forgetting by over 50% relative to naive
sequential fine-tuning and approaches the performance of
experience replay methods that rely on privileged access
to human-collected demonstrations from previous tasks.
Critically, our analysis reveals that the effectiveness of
REGEN is fundamentally tied to two key limitations of
current WAMs: (i) degradation in the visual fidelity of
future observations during long-horizon recurrent gener-
ation, and (ii) inconsistencies between predicted future
observations and the corresponding generated actions.
These findings indicate that, while REGEN is not yet a
complete substitute for real replay, the remaining performance gap is primarily governed by the
generative limitations of WAMs themselves. Consequently, improving the fidelity and consistency
of WAM generation represents a key direction for closing the gap between pseudo-replay and real
experience replay.

We summarize our contributions as follows:

• We propose Recurrent Generative Replay, the first replay-based continual imitation
learning framework that leverages the generative capabilities of WAMs to synthesize re-
play trajectories without storing real demonstrations from previous tasks.

• We demonstrate that REGEN substantially mitigates catastrophic forgetting in both simu-
lated and real-world manipulation settings while preserving strong forward transfer.

• We identify the primary limitations preventing generated replay from matching real ex-
perience replay, namely long-horizon degradation in visual generation and inconsistencies
between predicted observations and actions, highlighting key future directions for WAMs.

2 Related Work

Continual Imitation Learning. Continual learning aims to acquire a sequence of tasks without
catastrophically forgetting previously learned skills [5]. Existing approaches fall into three families:
regularization-based methods that constrain weight updates [21, 22], rehearsal-based methods that
retain real samples from prior tasks [23], and architecture-based methods that allocate task-specific
parameters [24, 25]. Prior work [13] adapts these to lifelong robot manipulation, and recent methods
extend them with skill discovery, distillation, or task-specific adapters combined with replay [15,
26, 27, 28]; a parallel line of work develops continual learning for VLAs using replay [17, 29, 16].
Across this line of work, forgetting is mitigated by storing real demonstrations, regularizing weights,
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or partitioning parameters. REGEN is orthogonal: rather than maintaining a growing buffer of
real trajectories, it leverages the world-action model itself to simulate past tasks, providing replay
examples without retaining any real demonstrations.

Generative Replay Unlike replay-based methods, generative replay synthesizes pseudo-samples
for rehearsal [30]. In robotics, CRIL [31], t-DGR [32], and [33] train generative models on past data
to prevent forgetting. In contrast, REGEN generates trajectories from current task data to facilitate
continual learning. REGEN shares this current-data insight but targets continual imitation learning.
By leveraging a unified world-action model [2] for both action and future-frame prediction, REGEN
avoids model-based planning and eliminates the need for separate dynamics models.

World Models for robot control World models learn predictive representations of environment
dynamics, originally proposed for sample-efficient reinforcement learning (RL) [34] and popular-
ized by the Dreamer framework [35, 36]. While traditionally used for RL, the recent scaling of
internet-level video data has enabled a new class of world-action models (WAMs) for imitation
learning [2, 3, 37, 1, 38, 39]. WAMs leverage unified architectures to jointly predict actions and
future observations. While these models internalize physical causality, adapting such high-capacity
architectures to non-stationary task streams remains an open continual learning challenge.

3 Preliminaries: World Action Models
We consider robotic policies learned through imitation learning from expert demonstrations. For
each task T k, specified by a natural language instruction ℓk, we assume access to a distribution of
demonstrations Dk = {(ℓk, τki )}

Nk
i=1, where each trajectory is defined as τ = {(ot,at)}Tt=1 with

observation ot and action at at time step t. Each observation consists of multi-view RGB images
I1t , . . . , I

n
t and the robot proprioceptive state qt.

WAMs are policies that jointly model future actions and future visual observations conditioned on
language instructions and current observation. Unlike conventional policies that predict only actions,
WAMs build upon generative video foundation models [40, 41, 42, 43], enabling both control and
explicit prediction of future scene dynamics. Formally, at each time step t, a WAM parameterized
by θ models the joint conditional distribution

(ãt:t+H , õt+H , r̃t) ∼ πθ (· | ot, ℓ) , (1)

where ãt:t+H denotes a predicted action chunk of horizon H , õt+H is the predicted future observa-
tion, and r̃t ∈ [0, 1] estimates task progress. Specifically, r̃t predicts the terminal reward R(oT ,aT )
from the current state and serves as a dense proxy for proximity to task completion. The model
parameters θ are optimized over D using a combination of behavioral cloning losses for actions,
generative objectives for future observations, and regression losses for reward prediction.

4 Method
In this section, we first present the continual learning problem formulation and then introduce our
proposed framework for continual adaptation of WAMs, Recurrent Generative Replay (REGEN).

4.1 Problem Formulation

We consider continual adaptation of a pretrained WAM policy. Specifically, let πθ0 denote a base
policy trained on a set of previously learned tasks Tprev = {T1, T2, . . . , TM}. Our goal is to adapt
πθ0 to a novel task Tk, where k > M , while preserving performance on all tasks in Tprev. This
results into an updated policy πθk .

For each previous task Ti ∈ Tprev, we assume access only to the task-level language instruction
ℓi; no action-observation trajectories from previous tasks are retained. In contrast, for the current
task Tk, we assume access to both the task instruction ℓk and a distribution of expert demonstrations
Dk = {(ℓk, τnk )}

Nk
n=1, where τnk denotes the n-th demonstration trajectory for task Tk. Conse-

quently, continual learning must be performed using demonstrations from the current task alone,
while relying only on language instructions to preserve previously acquired behaviors.
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A straightforward approach is to fine-tune the policy solely on Dk. However, because this objective
contains no explicit information about previous tasks, it can lead to catastrophic forgetting. Replay-
based continual learning methods mitigate this issue by jointly training on stored demonstrations
from prior tasks and current-task data. Although such approaches are infeasible in our setting due
to the absence of previous trajectories, WAMs provide a unique advantage in this regime. Since
WAMs jointly model future actions and future visual observations, they expose a generative interface
capable of simulating prior task dynamics conditioned only on task instructions. We leverage this
property to enable continual robot learning without storing or replaying ground-truth demonstrations
from previous tasks.

4.2 Recurrent Generative Replay
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Figure 2: Overview of the pseudo-trajectory generation process. Left: unrolled view of the RE-
GEN. Right: REGEN rolls out πθ recurrently to construct a pseudo-trajectory for a previous task.
The policy is seeded with new-task observations and the previous task’s instruction ℓi (initialization,
blue), then each generated observation is fed back to produce the next (õt, ãt) pair (recurrent gener-
ation, green) until timestep T . For simplicity, we set H = 1.

Given the current task Tk with demonstrations Dk and a pretrained policy πθ, REGEN generates
pseudo-demonstrations for each previous task Ti (i ≤ M ) by conditioning πθ on the corresponding
task instruction ℓi and initializing the rollout from a real observation sampled from Tk, as illus-
trated in Figure 2. At each rollout step, the model predicts an action chunk together with a future
observation, which are recurrently fed back into the model to synthesize a pseudo-demonstration tra-
jectory. Overall, pseudo-demonstration generation proceeds in three stages: initialization, recurrent
generation, and termination, described below.

Initialization Phase (0 ≤ t < H). The rollout is initialized using one full action chunk from the
current-task demonstrations, since at least one real observation context is required before recursive
generation can begin. During this phase, the model conditions on real observations sampled from
Dk, i.e., oin

t = ot for 0 ≤ t < H .

Recurrent Generation Phase (H ≤ t ≤ Tmax). After initialization, real observations are no longer
used. Instead, the model recursively conditions on its own previously generated observations to
produce a fully generative rollout:

oin
t =

{
ot, 0 ≤ t < H,

õt where (ãt−H:t, õt) ∼ πθ

(
· | oin

t−H , ℓi
)
, H ≤ t ≤ Tmax.

(2)

This recursive feedback of generated observations induces a recurrent rollout process, enabling re-
construction of prior-task trajectories without storing any previous task demonstrations.

Termination. Trajectory generation terminates either at a maximum horizon Tmax or earlier when
the goal-reward head consistently predicts task completion. Specifically, generation stops when the
predicted goal reward r̃t exceeds 0.99 for three consecutive rollout steps and attains 1.0 at least once
within that interval.
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Pseudo-Trajectory Construction. At each rollout step, the input observation is paired with the first
action of the predicted action chunk to construct a pseudo-trajectory:

τ̃ i =
{(

oin
t , ãt

)}Ti

t=0
, (3)

where ãt denotes the first action of the chunk predicted at time step t, and Ti ≤ Tmax is the generated
trajectory length for task Ti. The pseudo-demonstration set is formed by aggregating generated
rollouts across all previous tasks, i.e., Rk =

⋃M
i=1 τ̃

i. The policy is then updated via behavioral
cloning using the combined training set D+

k = Dk ∪Rk.

Training Objective. The WAM policy is trained on the union of current-task demonstrations and
replayed pseudo-trajectories, D+

k , in order to acquire the new task while retaining performance on
previous tasks:

min
θ

E(ot,at,ℓ)∼D+
k
[LBC (πθ(ot, ℓ),at)] , (4)

where LBC denotes the behavioral cloning loss. The task instruction ℓ corresponds to ℓk for samples
from the current-task dataset Dk, and to ℓi for pseudo-trajectories generated for previous task Ti. In
this way, REGEN mitigates catastrophic forgetting by approximating the trajectory distributions of
previous tasks without storing ground-truth demonstrations.

5 Experimental Results

We conduct experiments in both simulation and real-world environments to evaluate the effective-
ness of the pseudo-trajectories generated by REGEN. We further perform representation analyses to
characterize the quality of the generated trajectories and assess their deviation from perfect demon-
strations.

5.1 Implementation Details & Evaluation Metrics

We instantiate Cosmos-Policy [2] as the underlying WAM, initialized from Cosmos-Predict2-
2B [40]. The model conditions on third-person RGB and wrist-camera observations, the current
proprioceptive state, and a language instruction, and jointly predicts an action chunk of horizon
H = 16 at each timestep. Unless otherwise specified, we adopt the training hyperparameters of
Cosmos-Policy. The base policy is trained for 10K iterations, and each continual learning stage
fine-tunes the policy for 2K iterations from the checkpoint of the previous stage. For replay gen-
eration, we synthesize 10 pseudo-trajectories per previous task in Tprev. Additional architectural
details,hyperparameters and ablations are provided in the Appendix.

For evaluation, we report three standard continual learning metrics: Forward Transfer (FWT) [13,
15], Negative Backward Transfer (NBT) [29], and Area Under the Curve (AUC) [13, 15]. All metrics
are computed using task success rates. Let N denote the total number of tasks in the continual
learning sequence, and let ri,j denote the success rate on task j after training up to task i. Then, FWT
measures the ability to acquire new tasks, while NBT quantifies forgetting on previously learned
tasks:

FWT =
1

N

N∑
n=1

rn,n, NBT =
1

N − 1

N−1∑
n=1

NBTn, NBTn =
1

N − n

N∑
p=n+1

(
rn,n − rp,n

rn,n

)
Higher FWT indicates stronger forward transfer, whereas lower NBT corresponds to reduced for-
getting. Finally, AUC measures overall performance across both current and previously learned
tasks:

AUC =
1

N

N∑
n=1

1

N − n+ 1

(
rn,n +

N∑
p=n+1

rp,n

)
.

Higher AUC indicates better overall continual learning performance.
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5.2 LIBERO Simulated Environment

Setting. We conduct our simulation experiments on LIBERO benchmark [13]. We use three dif-
ferent task suites that capture distinct forms of distribution shift:(LIBERO-Spatial, LIBERO-Object,
LIBERO-Goal). Each suite contains 10 tasks, with 50 high-quality human-teleoperated demonstra-
tions per task. Our continual learning setup involves two stages, similar to [15, 44] (1) a base stage
and (2) a continual learning stage. In the base stage, six tasks are used for pretraining. During
continual learning, the remaining four tasks are introduced sequentially, with one new task added at
each continual learning stage. We follow the task ordering defined for each benchmark suite in [29].

Baseline Methods. We evaluate REGEN against three methods. i) Sequential Fine-Tuning (Seq-
FT) [13] is the naive baseline, fine-tuning the base policy on each new task without any mechanism
to preserve prior skills. ii) Experience Replay (ER) where we assume access to real demonstrations
from prior tasks and mixes them into training. This setting adopted from [13, 15] is different from
ours, thus we include it as an upper-bound reference. iii) Rollouts-as-Replay (RAR) as an alterna-
tive to noisy observations generated by REGEN (Sec. 6), like REGEN, stores no real trajectories: at
each stage, we rollout previous-task policies in the simulator and use the resulting rollouts as replay
data, to compare simulator-rendered and model-generated replay.

Table 1: Comparison of REGEN with traditional continual learning methods on LIBERO bench-
marks.

LIBERO-Object LIBERO-Goal

Method FWT ↑ NBT ↓ AUC ↑ FWT ↑ NBT ↓ AUC ↑
Seq-FT [13] 92.7 82.6 24.9 90.6 100 10.3
ER [23] 95.7 4.8 93.4 94.0 7.2 92.4
RAR 96.9 3.0 95.2 92.8 15.4 82.6

REGEN (ours) 95.3 26.1 65.5 90.6 44.9 40.8

LIBERO-Spatial

Method FWT ↑ NBT ↓ AUC ↑
Seq-FT [13] 87.4 99.8 10.8
ER [23] 86.4 -0.28 87.8
RAR 87 -0.02 85.8

REGEN † (ours) 87.2 17.6 76.9

Results. Table 1 reports continual learning performance on the three LIBERO benchmark suites.
Seq-FT of WAMs achieves strong forward transfer but suffers from near-complete forgetting of pre-
viously learned tasks, consistent with prior observations in behavior cloning approaches [13, 15, 28].
Using ER yields the strongest overall retention and highest AUC, confirming that replaying real tra-
jectories remains the most effective strategy for mitigating forgetting. However, we treat ER as a
reference rather than a directly comparable baseline, since it assumes access to stored demonstra-
tions from previous tasks, which violates the constraints of our setting. RAR mitigates forgetting by
replaying simulator-collected rollouts, achieving performance close to ER with minimal forgetting
and without storing real replay buffers. While effective in simulation, such approaches are impracti-
cal in real-world robotics, where replay generation requires re-deploying the robot and re-interacting
with the environment to collect trajectories.

In contrast, REGEN substantially reduces forgetting using only pseudo-trajectories generated by the
WAM itself, without storing any real demonstrations. Compared to sequential fine-tuning, replay-
ing pseudo-trajectories preserves forward transfer while significantly improving retention, reducing
NBT by more than 50% across multiple suites. These results demonstrate that the generative capa-
bilities of WAMs can serve as an effective form of implicit memory for continual robot learning. For
LIBERO-Spatial, we introduce a variant denoted as REGEN †, where replay generation is initialized
using object configurations sampled from previous tasks. This modification is necessary because
the benchmark evaluates spatial generalization across object arrangements, and replay generation
requires the corresponding objects to be present in the scene. For example, trajectories involving an
object absent from the current environment cannot be reliably synthesized.

VLA vs. WAM Continual Learning. Compared to pretrained VLAs such as π0.5 [12], forgetting
in WAMs is initially more severe; however, Table 2 shows that large-scale pretraining alone does not
eliminate catastrophic forgetting. Despite being trained on substantially larger robotic datasets [18],
π0.5 still exhibits significant degradation on previously learned tasks during continual adaptation.
In contrast, REGEN achieves stronger retention using only generated pseudo-replays, by leverag-
ing the joint action-observation generative modeling capability unique to WAMs. Unlike standard
VLAs [10, 12, 45], WAMs can explicitly generate future observations, enabling replay without
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Table 2: VLA vs WAM: continual learning
performance on LIBERO-Goal.

Policy Method FWT ↑ NBT ↓ AUC ↑
π0.5 [12] Seq-FT 96.8 88 35.5

Cosmos-Policy [2]
Seq-FT 90.6 100 10.3
REGEN (ours) 90.6 38.7 40.8

Table 3: Results of REGEN in real-world ma-
nipulation environment.

Method FWT ↑ NBT ↓ AUC ↑
Seq-FT 50 96.3 13.8
REGEN (ours) 80 60.5 53.8

additional data collection or storage. These results suggest that WAMs provide a more suitable
foundation for lifelong robot learning.
5.3 Real-world Single-arm Manipulation

Primary Camera

Wrist CameraxArm7 
w/gripper

Tabletop 
with objects(C)

(b)

(a) (d)

Figure 3: Real-world setting. a),
b), c) illustrate tasks T1, T2, and
T3, respectively. d) Our setup con-
sists of an xArm7 manipulator, a wrist-
mounted gripper camera, and a third-
person RGB-D camera.

Setting. We conduct all real-world experiments on an
xArm7 robotic manipulator. Our setup is shown in Fig-
ure 3. We evaluate REGEN on three real-world manipula-
tion tasks with a shared pick-and-place structure but dif-
ferent object-goal combinations: (T1) Put carrot in bowl:
place the carrot inside the bowl; (T2) Put carrot on plate:
place the carrot on the plate; and (T3) Put eggplant in
bowl: place the eggplant inside the bowl. Tasks are in-
troduced sequentially in the order T1 → T2 → T3,
with continual adaptation performed between stages. We
collect 50 teleoperated demonstrations per task at a con-
trol frequency of 15 Hz. Evaluation metrics are averaged
across the two continual learning stages, and each policy
is evaluated over 10 randomized trials with varying object
placements and initial gripper configurations.

Results. Table 3 reports the real-world continual learning
results. REGEN substantially outperforms sequential fine-tuning, reducing NBT from 96.3 to 60.5
(approximately 40% less forgetting) while improving FWT from 50 to 80. We attribute the im-
proved forward transfer to the regularizing effect of replayed pseudo-trajectories, particularly in the
low-data regime where the base policy is initialized from a single task and therefore exhibits a lim-
ited prior over manipulation behaviors. These results demonstrate that REGEN extends effectively
beyond simulation and provides a practical approach for continual learning on real robotic systems.
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Mean L2 centroid distance from base policy

Seq-FT

ER

REGEN

0.30

0.04

0.12

(a)

Ground Truth Seq-FT REGEN

Start

End

(b)

Figure 4: (a) Action representation drift from the base policy after the first continual learning stage
between Seq-FT, ER, and REGEN (b) XY-projection of trajectories predicted by Seq-FT and REGEN
on a previously seen task, compared with the ground-truth demonstration.
5.4 Representation Analyses

We further analyze how REGEN preserves the policy’s internal representations and behaviors
throughout continual learning.

Action representation drift. Figure 4a measures the drift in action representations after the first
continual learning stage. Across six base-stage tasks, we compute the centroid of the action latent
representations under both the base policy and the continually adapted policy, and report the mean
ℓ2 distance between them. Seq-FT exhibits substantial representation drift (up to 0.3), consistent
with its severe catastrophic forgetting. In contrast, both ER (0.04) and REGEN (0.12) maintain sig-
nificantly lower drift despite REGEN relying solely on generated pseudo-trajectories. These results
suggest that REGEN effectively preserves the action representations learned by the base policy.
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Visualization of predicted actions. In Fig. 4b, we additionally compare action trajectories gener-
ated by Seq-FT and REGEN against ground-truth demonstrations on a previously learned evaluation
task by projecting trajectories onto the XY plane. Seq-FT produces trajectories that deviate substan-
tially from the ground-truth behavior, exhibiting erratic motion patterns indicative of catastrophic
forgetting. In contrast, trajectories generated by REGEN closely match the ground-truth trajectory
in both shape and temporal progression, indicating that the policy retains the underlying structure of
previously acquired manipulation skills.
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Figure 5: (Left) PSNR (with std) of generated trajectories from REGEN across CL stages on
LIBERO-Goal. (Middle) NBT comparison between REGEN and RAR. (Right) successful imag-
ined trajectories vs. successful action grounded trajectories on LIBERO-Goal.

6 Limitations of REGEN & Future Direction
Although REGEN substantially mitigates catastrophic forgetting without access to previous-task
data, a performance gap remains relative to the privileged ER baseline. We identify the primary
bottleneck as the limited generative fidelity of current WAMs.

Visual fidelity of generated observations. The first limitation concerns the quality of pseudo-
trajectories generated across successive continual learning stages. Figure 5 (Left) shows a monotonic
decline in the PSNR of synthesized trajectories as continual adaptation progresses. We attribute this
degradation to two compounding factors: (i) visual artifacts and blurriness in generated observa-
tions that are recursively reused as conditioning inputs for future prediction, and (ii) accumulation
of errors as the model is repeatedly updated over continual learning stages. Importantly, the re-
duction in PSNR correlates with increased NBT, suggesting that lower-fidelity pseudo-trajectories
provide progressively weaker supervisory signals for retaining previously learned behaviors. This
observation is further supported by the comparison with RAR. Replacing simulator-generated re-
play trajectories with WAM-generated pseudo-trajectories leads to a substantial drop in continual
learning performance (Fig. 5, middle), indicating that generative fidelity is a key limiting factor for
replay quality.

Mismatch between predicted states and actions. A second limitation arises from inconsistencies
between generated future observations and the corresponding predicted actions. Figure 5 (Right)
compares the imagined success rate, evaluated from generated observations, with the grounded suc-
cess rate obtained by executing the predicted actions in the simulator. At Stage 1, the model achieves
an imagined success rate of 83% but only a grounded success rate of 42%. This discrepancy indicates
that the WAM frequently predicts visually plausible successful outcomes while generating actions
that are physically insufficient to accomplish the task. We hypothesize that this decoupling stems
from degradation in generated observations, which weakens the alignment between visual predic-
tions and action dynamics. Consequently, improving the generative consistency and visual fidelity
of WAMs remains a future direction for narrowing the performance gap to experience replay.

7 Conclusion
We presented Recurrent Generative Replay (REGEN), the first continual learning framework to
leverage the generative capabilities of WAMs as a native replay mechanism. By synthesizing
pseudo-demonstrations conditioned on prior task instructions, current visual observations, and its
own generated observations, REGEN mitigates catastrophic forgetting without requiring access to
stored demonstrations from previous tasks. Experiments in both simulation and real-world manip-
ulation demonstrate its effectiveness for continual robot learning. Finally, our analysis identifies
long-horizon degradation in generated observations as the primary bottleneck, highlighting an im-
portant direction for future advances in WAMs and generative replay.
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