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ABSTRACT

Real-world post-training of generalist robot policies faces two challenges: partial
observability makes action selection ambiguous, while offline post-training meth-
ods delay feedback from deployment experience. We present Value as Memory
(VaM), a framework that addresses these challenges through value caching and
online real-world reinforcement learning (RL). Value caching conditions actions
on recent value predictions as task-progress memory, while online updates enable
timely policy improvement by combining offline demonstrations, off-policy inter-
ventions, and on-policy rollouts for sample-efficient adaptation. As a result, VaM
transitions from offline RL warmup to online autonomous learning with sparse
rewards. Across long-horizon tasks involving deformable objects and contact-rich
manipulation, VaM yields a mean absolute success-rate gain of 29.4% with value
caching, while achieving a 32.8% gain with online autonomous learning over
matched offline training. The evaluated online schedule performs 8× as many
policy iterations under the same gradient-step budget, with more than 2× lower
recorded time per gradient step with concurrent data collection and training.
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Figure 1: VaM uses online real-world RL and value caching to boost sample efficiency and mitigate
partial observability in long-horizon, deformable-object, and contact-rich manipulation.

1 INTRODUCTION

Real-world reinforcement learning (RL) enables generalist robot policies to learn from physical
interaction and improve on deployment tasks (Chen et al., 2025b; Physical Intelligence et al., 2025).
Initialized from offline expert demonstrations, a policy aims to maximize cumulative task rewards
(Luo et al., 2024; Frans et al., 2025) and optionally learns from human-intervention data during
deployment (Luo et al., 2025a; Wang et al., 2026).
However, current real-world RL methods face limitations in data reuse and policy-update frequency.
On-policy updates primarily use fresh rollouts, limiting the reuse of historical experience (Chen
et al., 2025a). Iterated offline RL separates data collection from optimization, delaying feedback
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from newly encountered states (Physical Intelligence et al., 2025). Besides, partial observability
poses another challenge. With limited observation histories, visually similar states may require
different actions. Meanwhile, value functions provide compact task-progress estimates, but typically
serve as filtering scores or optimization weights (Physical Intelligence et al., 2025; Frans et al.,
2025). We therefore ask whether value estimates on observation histories can augment policy inputs
to mitigate partial observability, and how an online RL system can exploit a learned value function
to incorporate offline demonstrations, off-policy data, and on-policy rollouts for joint adaptation of
the policy and value functions with high sample efficiency and rapid closed-loop feedback.
To this end, we introduce Value as Memory (VaM), an offline-to-online RL system with two key
features. First, we propose value caching, which extends value predictions beyond training supervi-
sion by supplying their recent history as an additional policy input. Alongside visual and propriocep-
tive histories, this cache indicates whether estimated progress improves, stalls, or declines, helping
distinguish states requiring different actions. Second, VaM uses a hybrid training data scheme that
combines offline demonstrations, off-policy trajectories, and current on-policy rollouts for sample-
efficient joint adaptation of policy and value models. Our training regime progresses from offline
RL warmup through human-assisted collection to autonomous learning with sparse rewards. Across
real-world tasks involving deformable objects and contact-rich manipulations, VaM improves mean
absolute success rate by 29.4% over its variant without value caching. It gains 32.8% in mean ab-
solute success rate over its offline RL counterpart under matched training budgets. The evaluated
online schedule performs 8× as many policy iterations under the same gradient-step budget, with
more than 2× lower recorded time per gradient step with concurrent data collection and training.
These results support value caching for mitigating partial observability and our online RL system
with a hybrid training data scheme for improving sample efficiency and policy iteration frequency.
Our contributions are twofold:

1. We propose value caching to condition policies on recent task-progress estimates, with the-
oretical analysis and real-world ablations supporting its role in mitigating action ambiguity
under partial observability.

2. We develop an online RL framework that reuses offline demonstrations, off-policy trajecto-
ries, and current on-policy rollouts for joint policy and value adaptation, improving sample
efficiency and policy iteration frequency.

2 PRELIMINARIES

2.1 PROBLEM FORMULATION

We model iterative robot post-training as a Markov Decision Process (MDP)M = (S,A, P, r, γ),
where S and A are the state and action spaces, P (st+1 | st, at) is the transition kernel, r(st, at) is
the reward function, and γ ∈ [0, 1) is the discount factor. The policy πθ(at:t+H | st) has parameters
θ and predicts the action sequence at:t+H = (at, . . . , at+H−1), where H is the prediction horizon.
We let Doffline = {τoffline,n}Nn=1 denote N successful expert demonstrations and πθ(0) the policy
initialized from them. Post-training then runs forM rounds. At each roundm ∈ {0, . . . ,M−1}, we
deploy πθ(m) to collect rollout and human-intervention trajectories Dmonline and use the accumulated
data to obtain πθ(m+1) . With transition reward rt = r(st, at), our objective is to maximize the
expected discounted cumulative reward Eπθ

[
∑∞
t=0 γ

trt].

2.2 DISTRIBUTIONAL VALUE LEARNING

We learn a distributional value function to estimate task progress and provide the scalar advan-
tages used for policy improvement. Following previous literature on distributional value learn-
ing (Bellemare et al., 2017; Li et al., 2025; Physical Intelligence et al., 2025), the value net-
work with parameters ψ predicts a categorical distribution pψ(zk | s) on K ≥ 2 uniformly
spaced atoms Z = {zk}Kk=1 ⊂ [0, 1], where zk = (k − 1)/(K − 1) and the scalar value is
Vψ(s) =

∑K
k=1 zkpψ(zk | s). We initialize the value expert with normalized demonstration

progress, then adapt it through temporal-difference (TD) learning with sparse outcome rewards.
For a successful demonstration τoffline ∈ Doffline with T timesteps, the initialization target qinitt is a
normalized Gaussian label over Z centered at t/T with variance σ2

init > 0. The cross-entropy (CE)
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initialization objective is

Linit(ψ) = Eτoffline,t

[
CE

(
qinitt , pψ(· | st)

)]
, CE(q, p) = −

K∑
k=1

qk log pk. (1)

For TD learning, only successful terminal transitions receive +1, with zero rewards otherwise.
After each gradient step, the target parameters ψ̄ follow the exponential moving average (EMA)
ψ̄ ← (1− β)ψ̄ + βψ, with β ∈ (0, 1]. We define Rt:t+H =

∑H−1
h=0 γ

hrt+h and a terminal indica-
tor dt ∈ {0, 1} for the H-step segment. The TD target qTD

t moves each mass pψ̄(zk | st+H) to
Rt:t+H + γH(1 − dt)zk before linear projection onto Z (detailed derivation in Appendix E). We
train the value expert with

LTD(ψ) = Et
[
CE

(
qTD
t , pψ(· | st)

)]
. (2)

The TD-adapted value expert gives the scalar advantage estimate Ât = Rt:t+H + γH(1 −
dt)Vψ(st+H)− Vψ(st).

2.3 ADVANTAGE-CONDITIONED POLICY LEARNING

The action expert learns πθ by flow matching, with an optional advantage condition to distinguish
action quality. For a sample (st, at:t+H) ∼ DBC, where DBC is the behavior-cloning dataset and
at:t+H is an H-step action sequence, we draw noise ϵ ∼ N (0, I) with identity covariance I and
flow timestep λ ∼ U(0, 1), and set aλ = (1 − λ)ϵ + λat:t+H (Black et al., 2025). The velocity
field vθ shares the policy parameters θ and takes an optional condition c, where c = ∅ denotes
behavior cloning. With the expectation taken over the sampled data, noise, and flow timestep, the
flow-matching objective and its behavior-cloning instance are

LFM(θ; c) = E
[
∥vθ(aλ, λ, st, c)− (at:t+H − ϵ)∥22

]
, LBC(θ) = LFM(θ; ∅). (3)

For advantage conditioning, CFGRL provides a policy-improvement guarantee when the optimality
probability increases monotonically with the reference-policy advantage (Frans et al., 2025; Physical
Intelligence et al., 2025). For online rollout data Dmonline collected at round m, we set the threshold
ξρm = Quantileρ({Âi : (si, ai:i+H) ∈ Dmonline}) with percentile parameter ρ ∈ (0, 1). The binary
advantage condition is ot = I[Ât ≥ ξρm] ∈ {0, 1}. During training, we randomly replace ot with
∅, yielding ot ∈ {∅, 0, 1}, and minimize LFM(θ; ot). At inference, ot = 1 requests high-advantage
actions, and classifier-free guidance with weight w ≥ 1 combines the conditional and unconditional
velocity fields (Ho & Salimans, 2022).

3 METHOD

3.1 METHOD OVERVIEW

VaM uses a distributional value expert to supply recent progress predictions to the action expert
through a value cache and advantage labels for policy post-training. Training proceeds through four
stages: offline demonstration initialization, offline RL warmup, Online DAgger, and Learn from
Experience (LfE). The value and action experts are updated in parallel during online RL. Figure 2
summarizes this training pipeline and the value caching architecture.

3.2 VALUE CACHING AND SOFT ALIASING ANALYSIS

3.2.1 VALUE CACHING

The value cache gives the action expert explicit recent progress information without delaying its
current action. At deployment round k, we fix the value snapshot Vψ(k−1) obtained at the end of the
preceding training round and use the expectation of its categorical return distribution as the scalar
progress signal. At timestep t, we denote the action expert’s visual-observation history by hπt , the
value expert’s visual-observation history by hVt , and the action expert’s proprioceptive-observation
history by st. The fixed value snapshot predicts V̂ψ(k−1),t = Vψ(k−1)(hVt ). Value prediction and
action generation run asynchronously, so the value prediction for timestep t is unavailable when the
action expert generates at:t+H . Therefore, we let Hπ ≥ 1 denote the action expert’s observation
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Figure 2: VaM training pipeline and model architecture. The top panel summarizes the four-stage
offline-to-online training pipeline. The bottom panel shows how the distributional value expert turns
previously computed value predictions into the value cache that conditions the action expert.

horizon and define the value cache c(k−1)
t and the action expert’s complete observation xπt as

c
(k−1)
t =

(
V̂ψ(k−1),t−Hπ

, . . . , V̂ψ(k−1),t−1

)
,

xπt =
(
hπt , st, c

(k−1)
t

)
.

(4)

The cache summarizes recent task progress and, when Hπ ≥ 2, whether progress is improving,
stalled, or declining, helping distinguish visually similar states that require different optimal actions.

3.2.2 WHY VALUE CACHING EASES SOFT ALIASING

Value caching targets soft aliasing, in which visually similar states require different high-advantage
action distributions. We formalize how augmenting the policy input with the value cache can relax
a representation-induced lower bound on policy prediction error. We consider two states indexed
by i ∈ {1, 2} within a fixed deployment round k. Equation 4 gives their value caches c(k−1)

i and
complete action observations xπi = (hπi , si, c

(k−1)
i ). We let zobsi denote the representation of the

visual-proprioceptive components (hπi , si). For state i, µi denotes the distribution of training action
chunks assigned the high-advantage label defined in Sec. 2.3. We measure the difference between
action distributions with the Wasserstein distanceW2. We represent the complete action observation
xπi as zπi = (zobsi , c

(k−1)
i ). We define

εobs = ∥zobs1 − zobs2 ∥2,

επ = ∥zπ1 − zπ2 ∥2 =

√
ε2obs + ∥c

k−1
1 − ck−1

2 ∥22,
∆a =W2(µ1, µ2),

(5)

Soft aliasing occurs when εobs is small but ∆a is large: the policy sees similar inputs even though
the desired actions differ. We assume that the policy is locally L-Lipschitz with respect to its input
representation: for any two representations z and z′ in the relevant neighborhood,

W2(πθ(· | z, ot = 1), πθ(· | z′, ot = 1)) ≤ L∥z − z′∥2. (6)
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Theorem 1 (Local soft-aliasing bound). For representation r ∈ {obs, π}, zri denotes corresponding
input for state i and εr its pairwise distance in Eq. 5. Any locally L-Lipschitz policy must incur

max
i∈{1,2}

W2(πθ(· | zri , ot = 1), µi) ≥
1

2
(∆a − Lεr)+, (7)

where (x)+ = max(x, 0). In particular, the lower bound is strictly positive whenever ∆a > Lεr, so
no locally L-Lipschitz policy can match both target action distributions exactly. If Lεobs < ∆a ≤
Lεπ , an observation-only policy cannot match both target action distributions while satisfying the
local Lipschitz condition, whereas exact matching at zπ1 and zπ2 does not violate this constraint.

The formal setup and proof are given in Appendices F and G. Because επ ≥ εobs, the value cache
can weaken the aliasing lower bound by making the two states easier to separate.

3.3 CONTINUAL OFFLINE-TO-ONLINE RL SYSTEM

Algorithm 1 in Appendix D summarizes the four-stage training loop, with data and objective details
in Appendix E.

3.3.1 TRAINING OBJECTIVES

Offline demonstration initialization trains the value expert with the progress objective Linit in Eq. 1
and the action expert with the behavior-cloning objective LBC in Eq. 3. From offline RL warmup
onward, the value expert uses the TD objective in Eq. 2, and the action expert uses the advantage-
conditioned objective LFM(θ; ot) in Eq. 3. Algorithm 1 provides pseudocode for the complete
offline-to-online RL system and denotes these operations by Init, BC, TD, and FM.

3.3.2 TRAINING STAGES

Offline demonstration initialization. Offline expert demonstrations Ddemo initialize Vψ(0) and
πθ(0) using the initialization objectives in Section 3.3.1.

Offline RL warmup. The warmup adapts both experts to deployment-specific states before online
RL begins. We deploy (πθ(0) , Vψ(0)) to collect policy rollouts and human-intervention (HI) trajec-
tories for training the value expert. Following the failed-prefix augmentation of GR-RL (Li et al.,
2025), we construct prefixes from the rollout start to each human takeover. Each prefix ends with
zero reward and dt = 1, providing failure supervision for stuck or retry stages. The complete rollout
retains its outcome reward and bootstraps across takeovers to preserve recovery information. Thanks
to the distributional value model, we can represent a mixture of the prefix and complete-rollout TD
targets for shared samples.
We temporally downsample the value-training trajectories to traverse them more times within a fixed
update budget. We sample from Ddemo and the processed warmup rollout data to update the value
expert and obtain Vψwarm .
We then annotate warmup trajectories with advantages from Vψwarm

and train the action expert on
Ddemo and these annotated trajectories to obtain θwarm.

Online DAgger. Online DAgger co-adapts both experts to the current deployment distribution
while human corrections continue to supervise recovery behavior. With θ(k) denoting round-k policy
parameters, we initialize the online rounds from (πθ(0) , Vψ(0)) = (πθwarm

, Vψwarm
). At each round k,

we deploy πθ(k−1) with human intervention enabled and annotate the current rollouts with Vψ(k−1) .
We train the value expert on current rollouts and replay data comprising Ddemo, warmup data, and
earlier online rollouts. We train the action expert on Ddemo, historical human-controlled segments,
and the annotated current rollouts. The value and action experts are then updated synchronously,
and the current trajectories are incorporated into the historical buffers for the next round.

Learn from Experience. LfE continues online improvement using sparse terminal rewards from
autonomous rollouts, without collecting new human corrections. We downsample the complete roll-
outs for value training and keep the historical intervention buffer fixed to the interventions collected
before LfE. Data mixing, annotation with Vψ(k−1) , and synchronous expert updates follow the On-
line DAgger procedure.
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3.4 IMPLEMENTATION DETAILS

The action expert inherits the complete architecture and pretrained parameters of π0.5, including its
PaliGemma-2B visual-language backbone and separate 300M-parameter action-generation trans-
former (Black et al., 2025). The value expert repurposes the original π0.5 300M-parameter action-
generation transformer as its visual-language backbone. Following Multi-Scale Embodied Memory
(MEM) (Torne et al., 2026), the action and value experts use temporal-spatial attention to encode
their respective image histories hπt and hVt , each ending at observation timestep t. The action expert
encodes past value predictions and proprioceptive states with a gated recurrent unit (GRU) and ap-
pends its final hidden state after the vision tokens. To predict categorical task progress, we append
a learnable readout token to the end of the value backbone’s input sequence after temporal-spatial
history processing. A linear head maps the readout token’s output representation to K logits, and a
softmax produces the categorical value distribution over the fixed support in Sec. 2. Specific values
of key hyperparameters are provided in Appendix B.5.

4 EXPERIMENTS

Our experiments aim to answer the following questions:

RQ 1. How much does value caching improve policy performance in RL post-training?
RQ 2. Why does value caching improve policy performance?
RQ 3. How much does VaM’s offline-to-online RL system enhance sample efficiency?

4.1 TASKS AND EVALUATION PROTOCOL

We consider three real-world manipulation tasks, illustrated in Fig. 3: Box Assembly, Laundry Fold-
ing, and Magnetic Bus Assembly. All three tasks are long-horizon manipulation workflows that
cover contact-rich assembly and deformable-object manipulation. Appendix A.1 provides the de-
tailed procedure and success criterion for each task.

Figure 3: Task illustrations for Box Assembly (top), Laundry Folding (middle), and Magnetic
Bus Assembly (bottom).

Evaluation protocol. We report success rate (SR), defined as the fraction of evaluation episodes
completed successfully within the task-specific time limit. For the Offline RL and Online RL com-
parison, we additionally report experimental wall-clock time per gradient step. The real-robot setup
and task-specific data-collection budgets are detailed in Appendix A and Table 3. Detailed hyperpa-
rameters for the evaluation protocol are provided in Appendix B.5.

4.2 HOW MUCH DOES VALUE CACHING IMPROVE POLICY PERFORMANCE IN RL
POST-TRAINING?

To answer RQ 1, Fig. 4 compares VaM with ablations that remove value caching or the offline
RL warmup, and with RECAP (Physical Intelligence et al., 2025). VaM and its ablation without
value caching start from policies warmed up using their respective rollout and human-intervention
trajectories. VaM without offline RL warmup and RECAP start from policies trained on Ddemo and
receive additional Online DAgger rounds to compensate for the other methods’ warmup data.
Across all three tasks, VaM exceeds the ablation without value caching by 29.4% in mean success
rate over the final three checkpoints (Table 1).
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Figure 4: Across Box Assembly, Laundry Folding, and Magnetic Bus Assembly, value caching
yields a mean absolute success-rate gain of 29.4%.

Table 1: Success rate over the final three online RL
checkpoints. Entries are mean ± sample standard devi-
ation across the final three online RL checkpoints. By re-
placing on-policy value estimates with counterfactual esti-
mates at inference, the bottom block demonstrates the im-
portance of on-policy values for effective value caching.

Method
Box

Assembly (%)

Laundry
Folding (%)

Magnetic Bus
Assembly (%)

VaM 96.7±2.9 88.9±10.2 76.7±5.8
VaM (w/o value caching) 81.7±2.9 48.9±30.1 43.3±5.8
VaM (w/o offline RL warmup) 81.7±7.6 60.6±18.3 50.0±10.0
RECAP 71.7±16.1 64.4±7.7 43.3±5.8

VaM (demo-trained value) 80.0±13.2 71.1±20.4 40.0±10.0
VaM (post-warmup value) 85.0±13.2 68.9±10.2 50.0±10.0

The gap is most pronounced during LfE
and persists after the policy stops re-
ceiving on-policy DAgger data. Av-
eraging all available LfE checkpoints
yields a consistent gap of 31.3% (full
results in Appendix B.2). These obser-
vations support the use of cached task-
progress estimates during LfE. VaM
also exceeds its ablation without offline
RL warmup on all three tasks, support-
ing the benefit of offline RL warmup for
final performance.

Importance of on-policy value esti-
mates. To probe the importance of
accurate, on-policy estimates for value
caching, we retain the final three LfE action experts and replace only their value experts with snap-
shots obtained after progress initialization on Ddemo or offline RL warmup. These substitutions
provide counterfactual value estimates while preserving the value caching mechanism across all
three tasks. Both earlier value snapshots yield lower success rates than the original LfE value ex-
perts on all three tasks (Table 1), supporting the importance of value estimates adapted to the current
policy for effective value caching. Appendix B.1 details the replacement protocol.

4.3 WHY DOES VALUE CACHING IMPROVE POLICY PERFORMANCE?

To answer RQ 2, Fig. 5 compares principal component analysis (PCA) projections of value-expert
embeddings, value predictions, and robot behavior on Box Assembly. In the displayed cached roll-
outs, PCA projection trajectories are smoother and ordered by progress, with deviations at stuck
states preceding corrective actions. Without caching, stages are more intermingled, with low or fluc-
tuating values during failed execution. Appendix C extends these visualizations to Laundry Folding
and Magnetic Bus Assembly and details a Laundry Folding comparison probing partial observabil-
ity: we hold observations fixed and compare policy predictions using demo-trained and post-warmup
value replacements following Sec. 4.2.

Recovery behavior during LfE. To assess corrective behavior, we conduct blind testing on all
LfE rollouts from the four methods, where human annotators do not know which method produced
each rollout.

Table 2: Recovery rate during LfE.

Method
Box

Assembly (%)

Laundry
Folding (%)

Magnetic Bus
Assembly (%)

VaM 54.5 86.4 33.3
VaM (w/o value caching) 50.0 58.8 7.4
VaM (w/o offline RL warmup) 25.3 72.7 27.3
RECAP 42.4 76.6 13.3

They count events requiring recovery and
successful recoveries in which the policy ex-
ecutes corrective actions to complete the af-
fected stage. We define Recovery Rate as
the ratio of successful recoveries to recovery-
requiring events.
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Figure 5: Value caching supports progress-aware recovery: VaM (left) versus VaM (w/o value
caching) (right) on Box Assembly. We illustrate the eye-to-hand camera images, PCA embeddings
of the value expert colored by rollout progress, and scalar value predictions.

VaM exceeds its caching ablation in observed recovery rate on all three tasks (Table 2), with detailed
experimental settings and event counts in Appendix B.3. The qualitative separation is consistent with
the conditional soft-aliasing analysis in Sec. 3.2.2.

4.4 HOW MUCH DOES VaM’S OFFLINE-TO-ONLINE RL SYSTEM ENHANCE SAMPLE
EFFICIENCY?

To answer RQ 3, we compare Offline RL and Online RL, initialized from the same VaM model after
offline RL warmup, under matched gradient-step and data-collection budgets. Figures 6 and 7 report
success rate over the final three checkpoints of each stage and experimental time per gradient step.
After LfE, VaM exceeds Offline RL on all three tasks by 32.8% on average, supporting online closed-
loop policy updates under the evaluated budgets. VaM reduces mean experimental time per gradient
step by 57.8% across tasks by running data collection, value training, and action training concur-
rently, while Offline RL performs them sequentially. For example, on Box Assembly, Online RL uses
16 iterations versus 2 for Offline RL under matched gradient-step budgets (detailed experimental
settings in Appendix B.4).
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5 RELATED WORK

5.1 POST-TRAINING OF GENERALIST ROBOT POLICIES

Policy-centric post-training adapts generalist robot policies through residual updates or RL objec-
tives tailored to consistency, diffusion, and flow-based policies (Xiao et al., 2026; Chen et al., 2025b;
Li et al., 2026; Chen et al., 2025a). Likelihood-based, hierarchical, and latent-space formulations
support optimization of generative policies (Ren et al., 2025; Lei et al., 2026; Wagenmaker et al.,
2025; Li et al., 2025; Chen et al., 2025a), while world models reduce physical interaction by pro-
viding imagined or synthetic experience (Yang et al., 2026; Zhu et al., 2026; GigaBrain Team et al.,
2026). To learn from a robot’s own experience, some prior methods learn an additional value func-
tion to filter out suboptimal segments. General-purpose reward and critic models learn transferable
evaluations from robot trajectories or vision-language supervision (Liang et al., 2026; Tan et al.,
2026; Zhai et al., 2026), while advantage-oriented methods derive relative progress from temporal
relations in demonstrations and trajectories (Liu et al., 2026; Yu et al., 2026a; Zhang et al., 2025).
RECAP combines demonstrations, policy rollouts, and human interventions to estimate value and
annotate data for advantage-conditioned policy extraction through CFGRL (Physical Intelligence
et al., 2025; Frans et al., 2025). However, learning value estimates from fixed or periodically re-
freshed datasets can leave the critic stale as the deployment distribution changes between updates.
In addition, when value predictions serve only as rewards, filtering scores, annotations, or optimiza-
tion weights, the deployed policy does not receive them as inputs. Without this explicit task-progress
information, visually similar observations can obscure different stages of execution, leaving the pol-
icy with partial observability of task progress. VaM instead continually updates value from online
rollouts and human interventions and uses its predictions both as policy-learning supervision and an
explicit policy input.

5.2 HUMAN-IN-THE-LOOP ONLINE ADAPTATION

Human operators intervene during deployment to correct uncertain or failing policy behavior (Luo
et al., 2025b; Deng et al., 2026; Hu et al., 2026). Methods such as HG-DAgger and Sirius use inter-
ventions as corrective demonstrations for policy improvement (Kelly et al., 2019; Liu et al., 2023).
Fleet-DAgger, SiriusFleet, and ARMADA scale intervention collection by allocating operators or
requesting assistance only when necessary (Hoque et al., 2023; Liu et al., 2025; Yu et al., 2026b),
while recent fleet-scale systems combine online robot rollouts with human corrections across multi-
ple robots and tasks (Pan et al., 2026; Wang et al., 2026). VaM further uses intervention trajectories
to update a value model that guides policy learning and conditions the policy input.

5.3 OFFLINE-TO-ONLINE REINFORCEMENT LEARNING

Offline-to-online RL stabilizes policy improvement by retaining or replaying offline data during
online training (Ball et al., 2023; Peng et al., 2019; Nair et al., 2020; Li et al., 2025). RLPD mixes
offline and online samples, Cal-QL calibrates an offline value function for online fine-tuning, and
Warm-Start RL initializes online learning with replay data that preserves pretrained behavior (Ball
et al., 2023; Nakamoto et al., 2023; Zhou et al., 2025). In real-world robotics, SERL and HIL-
SERL combine behavior-cloning initialization with off-policy learning for physical manipulation
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(Luo et al., 2024; 2025a). VaM combines offline demonstrations, historical off-policy intervention
data, and current on-policy experience for sample-efficient online adaptation.

6 DISCUSSIONS AND CONCLUSIONS

Though VaM demonstrates improvement over prior methods in sample efficiency and mitigates par-
tial observability in generalist robot policies, it has several limitations that suggest directions for fu-
ture work. First, value caching depends on a value function that closely tracks actual task progress,
making offline RL warmup necessary for stable online training. The cached history consists of the
value expert’s own predictions, so its usefulness as task-progress memory depends on the quality
of those predictions. Second, our real-world RL framework is currently limited to a single robot.
Our experiments do not establish how the framework scales when multiple robots contribute data.
Scaling VaM to robot fleets with shared experience is a promising direction for further improving
sample efficiency.
In conclusion, we presented VaM, a framework that uses recent value predictions as task-progress
memory and combines offline demonstrations, off-policy trajectories, and on-policy rollouts for on-
line policy and value adaptation. Value caching addresses action ambiguity under partial observabil-
ity, while the offline-to-online RL pipeline supports continued learning from deployment experience.
Together, these components offer a practical approach to post-training generalist robot policies.

10
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A EXPERIMENTAL SETUP

Figure 8 summarizes the real-robot platforms and task workspaces, while Table 3 reports the episode
counts used for offline demonstrations, offline RL warmup, and each Online RL collection round.

A.1 TASK PROCEDURES

Box Assembly. A cardboard box is placed in a random pose on the table. The robot grasps one of
its front flaps to bring the box upright. The other arm then slowly folds a side flap inward and clamps
it in place. Finally, the robot lays the box flat and repeats the inward fold-and-clamp operation on
the opposite side. We evaluate the task on four tablecloths that differ in both texture and appearance.
The task is successful if, within the 120 s time limit, both side flaps are fully locked in place and the
box lies horizontally on the table.

Laundry Folding. A crumpled garment is randomly arranged at a corner of the table. The robot
first moves it into its workspace. It repeatedly locates the garment seams and progressively spreads
the garment flat. If necessary, the robot rotates the garment to a horizontal orientation. It folds both
sleeves inward, rotates the garment back to a vertical orientation, and folds it in half. It then pushes
the folded garment to the table corner. The task is successful if the robot completes the procedure
within 240 s and pushes the garment to the table corner while keeping it folded.

Magnetic Bus Assembly. The robot starts with six magnetic blocks scattered across the workspace
and first identifies the three base blocks of the bus. It sequentially aligns and magnetically joins their
narrow side edges to form a horizontal base. The robot then identifies the three body blocks labeled
“V”, “A”, and “M” and attaches them magnetically to the base in that order, placing each block flush
against its neighboring body block. The task is successful if, within 300 s, all six blocks form the
bus, with a connected horizontal base and tightly adjoining body blocks spelling “VAM”.

Figure 8: Real-robot experimental setup. The illustration summarizes the robot hardware, sensing
configuration, human-intervention interface, and task workspaces used in our experiments.

Table 3: Task-specific data-collection budgets.

Task
Offline demonstrations

(episodes)
Offline RL warmup

(episodes)
Online RL rollouts per round

(episodes)

Box Assembly 200 100 20
Laundry Folding 90 50 15
Magnetic Bus Assembly 30 40 10

Matched training budgets. For each task, the Offline RL and Online RL comparisons use the same
total gradient-step budget and the same data-collection budget within each stage. Offline RL uses
batched updates, whereas Online RL distributes its updates across repeated collection-and-training
iterations.
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B ADDITIONAL QUANTITATIVE EVIDENCE

B.1 VALUE-EXPERT REPLACEMENT AT INFERENCE

Table 1 reports value-expert replacement across all three tasks with the action experts fixed at the
final three LfE checkpoints. The demonstration-initialized value expert is trained onDdemo using the
progress objective, and the post-warmup value expert is the snapshot after offline RL warmup. Both
conditions preserve the value caching mechanism and use the same evaluation episode counts as the
main Online DAgger and LfE experiments on Box Assembly and Laundry Folding. The original LfE
value reference reuses the main-experiment results.

B.2 SENSITIVITY TO CHECKPOINT AGGREGATION

We additionally average success rates across every available LfE checkpoint in Fig. 4 to assess
dependence on the final-three-checkpoint summary. Table 4 reports an arithmetic mean over check-
points within each task and method. VaM exceeds the caching ablation on each task, with a mean
gap of 31.3%, compared with 29.4% over the final three checkpoints. The consistent gains across
aggregation windows support the robustness of the conclusions drawn from the final three check-
points.

Table 4: Success rate over all available LfE checkpoints. N is the number of checkpoints per
method.

Task N VaM (%) VaM (w/o value caching) (%) Gap (%)

Box Assembly 8 96.25 80.00 16.25
Laundry Folding 3 88.89 48.89 40.00
Magnetic Bus Assembly 4 75.00 37.50 37.50

B.3 RECOVERY-EVENT COUNTS

Human annotators review all LfE rollouts from the four methods across all three tasks without
knowing which method produced each rollout. Table 5 reports the number of successful recoveries,
the number of events requiring recovery, and the number of episodes reviewed for each method. A
successful recovery requires the policy to execute corrective actions and complete the affected task
stage. Multiple events may occur within one episode, so event counts and episode counts represent
different units. The reported rates are event-level fractions.

Table 5: Raw counts for the blind recovery evaluation.

Task Method
# recovered /

# required # episodes
Recovery rate

(%)

Box Assembly VaM 24/44 180 54.5
VaM (w/o value caching) 35/70 180 50.0

VaM (w/o offline RL warmup) 20/79 180 25.3
RECAP 36/85 180 42.4

Laundry Folding VaM 38/44 45 86.4
VaM (w/o value caching) 30/51 45 58.8

VaM (w/o offline RL warmup) 48/66 45 72.7
RECAP 49/64 45 76.6

Magnetic Bus Assembly VaM 5/15 40 33.3
VaM (w/o value caching) 2/27 40 7.4

VaM (w/o offline RL warmup) 9/33 40 27.3
RECAP 4/30 40 13.3
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B.4 TOTAL EXPERIMENTAL TIME

Table 6 reports experimental time per gradient step and total experimental time. Offline RL first
collects data, then trains the value expert and subsequently the action expert. Online RL runs data
collection, value training, and action training concurrently.

Table 6: Experimental time per gradient step and total experimental time. Time per gradient
step is reported as mean ± sample standard deviation.

Task Setting
Time per gradient step

(s)
Total experimental time

(hours)

Box Assembly Offline RL 4.885±0.413 6.514
Online RL 1.887±0.107 2.516

Laundry Folding Offline RL 5.090±0.345 7.069
Online RL 2.253±0.057 3.129

Magnetic Bus Assembly Offline RL 5.891±0.105 7.213
Online RL 2.571±0.160 3.061

B.5 HYPERPARAMETERS

Table 7 summarizes the hyperparameters for value and action learning, including task-specific set-
tings. The observation-history stride specifies the interval in environment steps between sampled
observations. Update counts are measured in gradient steps.

Table 7: Hyperparameters for value and action learning.
Hyperparameter Scope Task Value

Value-support atoms K Value expert All tasks 256
Action horizon H (steps) Action expert All tasks 100
Control frequency (Hz) Deployment All tasks 100
Progress-label std. dev. σinit Value expert All tasks 3/512
Target-network EMA coefficient β Value expert All tasks 1.0
Value-training stride d (steps) Value training All tasks 30
Advantage quantile ρ Action training All tasks 0.70
Observation-history horizon Hπ Action expert All tasks 4
Observation-history horizon Value expert All tasks 2
Observation-history stride (steps) Value / action All tasks 30
Optimizer Value / action All tasks AdamW
Learning rate Value / action All tasks 10−5

Learning-rate schedule Value / action All tasks Constant
Batch size (samples) Value / action All tasks 64
Initialization steps Value / action All tasks 40,000
Offline RL warmup steps Value / action All tasks 10,000

Discount factor γ Value expert
Box Assembly 0.999
Laundry Folding 0.9997
Magnetic Bus Assembly 0.9997

Guidance weight w Action inference
Box Assembly 1.25
Laundry Folding 1.0
Magnetic Bus Assembly 1.0

Updates per round Value / action
Box Assembly 600
Laundry Folding 1,000
Magnetic Bus Assembly 1,000
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C ADDITIONAL QUALITATIVE COMPARISONS OF VALUE CACHING

Figure 9 compares autonomous LfE rollouts on Laundry Folding and Magnetic Bus Assembly.
Across both tasks, VaM exhibits more progress-ordered PCA trajectories and recovery from stuck
states, whereas its ablation shows failed execution with low or misleading value predictions.
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Figure 9: Qualitative comparison of VaM (left) and VaM (w/o value caching) (right) on Laundry
Folding (first three rows) and Magnetic Bus Assembly (last two rows). Each example shows eye-
to-hand camera images, PCA embeddings of the value expert colored by rollout progress, and scalar
value predictions. The dark-blue trace shows the 15-frame mean of scalar value predictions.
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We further examine cached values under partial observability using two Laundry Folding cases,
following the replacement protocol in Sec. 4.2. Each case fixes the action expert and all observation
inputs, including the four image frames at −3, −2, −1, and 0 seconds, and replaces the original
LfE values with demo-trained or post-warmup estimates while preserving value caching. Figures 10
and 11 show predicted end-effector (EEF) trajectories and gripper commands.
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Figure 10: Policy predictions after losing contact in Laundry Folding. Under identical visual
observations, the policy using the original cached values predicts opening the right gripper wider
and adjusting its pose to prepare for another attempt to grasp the garment corner, compared with
using demo-trained or post-warmup values as the cache.
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Figure 11: Policy predictions after re-grasping the seams in Laundry Folding. The original
cached values maintain the predicted right-gripper closure, while demo-trained and post-warmup
values produce opening commands near the end of the action chunk, potentially causing loss of
contact and leaving the garment disordered again.

19



Under review as a conference paper at ICLR 2027

D TRAINING PIPELINE

Algorithm 1 Continual Value-Guided Offline-to-Online RL Pipeline
Require: Offline expert demonstrations Ddemo, value-data stride d ≥ 1, action-chunk/TD horizon

H , Online DAgger rounds ND, Learn from Experience (LfE) rounds NE

// Stage 1: Offline expert demonstration initialization
1: Vψ(0) ← INIT(Ddemo)
2: πθ(0) ← BC(Ddemo)

// Stage 2: Offline RL warmup
3: Don

warm ← DEPLOYWITHINTERVENTION(πθ(0) , Vψ(0))
4: Dpre

warm ← INTERVENTIONPREFIXES(Don
warm)

5: D̃Vwarm ← DOWNSAMPLE()d(Dpre
warm) ▷ retain original starts t = 0, d, 2d, . . . and keep each

H-step tuple
6: BVwarm ← Mix1:1(Ddemo, D̃Vwarm)
7: Vψwarm ← TD(Vψ(0) ;BVwarm)

8: D̂warm ← ANNOTATE(Don
warm, Vψwarm

)

9: Bπwarm ← Mix1:1(Ddemo, D̂warm)
10: πθwarm

← FM(πθ(0) ;B
π
warm)

11: (πθ(0) , Vψ(0))← (πθwarm
, Vψwarm

)
12: Doff ← Don

warm
13: DHI,off ← INTERVENTIONSUBSET(Don

warm)
// Stage 3: Online RL with Online DAgger

14: for k ← 1 to ND do
15: Dkon ← DEPLOYWITHINTERVENTION(πθ(k−1))
16: Dkpre ← INTERVENTIONPREFIXES(Dkon)
17: D̃V,kon ← DOWNSAMPLE()d(Dkpre) ▷ same original-step sampling with TD horizon H
18: BkV ← Mix1:1(Ddemo ∪ Doff , D̃V,kon )

19: D̂kon ← ANNOTATE(Dkon, Vψ(k−1))

20: Bkπ ← Mix1:1:1(Ddemo,DHI,off , D̂kon)
Synchronously:

21: Vψ(k) ← TD(Vψ(k−1) ;BkV )

22: πθ(k) ← FM(πθ(k−1) ;Bkπ)
23: DHI,off ← DHI,off ∪ INTERVENTIONSUBSET(Dkon)
24: Doff ← Doff ∪ Dkon
25: end for

// Stage 4: Online RL with LfE
26: for j ← 1 to NE do
27: k ← ND + j
28: Dkon ← DEPLOYAUTONOMOUSLY(πθ(k−1)) with sparse terminal outcomes
29: Dkon,TD ← ATTACHSPARSEOUTCOME(Dkon)
30: D̃V,kon ← DOWNSAMPLE()d(Dkon,TD) ▷ retain original starts t = 0, d, 2d, . . . while each TD

tuple still spans H steps
31: BkV ← Mix1:1(Ddemo ∪ Doff , D̃V,kon )

32: D̂kon ← ANNOTATE(Dkon, Vψ(k−1))

33: Bkπ ← Mix1:1:1(Ddemo,DHI,off , D̂kon)
Synchronously:

34: Vψ(k) ← TD(Vψ(k−1) ;BkV )

35: πθ(k) ← FM(πθ(k−1) ;Bkπ)
36: Doff ← Doff ∪ Dkon
37: end for
38: return πθ(ND+NE) , Vψ(ND+NE)
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E TRAINING DATA AND OBJECTIVE DETAILS

E.1 DISTRIBUTIONAL TD TARGETS

Gaussian labels are used only for progress initialization in Eq. 1. TD learning instead transforms the
complete target-network distribution without first taking its expectation. For each retained H-step
tuple, dt = 1 when the segment reaches a task outcome or the terminal takeover boundary of an
intervention prefix, and dt = 0 otherwise. In a complete rollout, a human takeover does not termi-
nate the backup, allowing subsequent recovery to contribute to the target. We define the transformed
atom yt,k = Rt:t+H + γH(1− dt)zk and its support-clipped location ỹt,k = min(1,max(0, yt,k)).
With atom spacing ∆z = 1/(K − 1) and (u)+ = max(u, 0), the linear categorical projection is

qTD
t,i =

K∑
k=1

pψ̄(zk | st+H)

(
1− |zi − ỹt,k|

∆z

)
+

, i = 1, . . . ,K. (8)

Each transformed atom distributes its mass between its two neighboring support atoms, with all
mass assigned to one atom when their locations coincide. At termination, all bootstrap atoms map
to the accumulated reward, independent of the next-state prediction. The scalar advantage uses the
same reward and terminal mask but the online value network Vψ .

E.2 WARMUP VALUE-DATA CONSTRUCTION

We deploy (πθ(0) , Vψ(0)) before online RL to collect policy rollouts and human-intervention tra-
jectories, denoted by Don

warm = Drollout
π
θ(0)

∪ DHI
π
θ(0)

, where the two subsets contain policy-controlled
rollouts and human-controlled segments, respectively. For a trajectory τ0:T ∈ Don

warm with J human-
intervention segments, we locate their start indices 0 < t0 < · · · < tJ−1 < T and construct the
prefix set

P(τ0:T ) =
{
τ0:tj

}J−1

j=0
∪ {τ0:T } . (9)

GR-RL constructs failed prefixes at annotated retry keyframes while retaining the original success-
ful trajectory (Li et al., 2025). We use human-takeover boundaries instead: each prefix τ0:tj has zero
rewards and terminates at tj , whereas the complete rollout τ0:T retains its outcome reward and con-
tinues bootstrapping across takeovers. This augmentation supplies unsuccessful-attempt supervision
alongside recovery outcomes to make the value expert sensitive to retries and partial failures. Shared
observations can therefore receive different TD targets under the two termination conventions. The
categorical predictor can represent mixtures of these targets, including multimodal distributions,
under the cross-entropy objective. Its expectation reflects the augmented training data rather than
solely the original task’s uninterrupted return.

Temporal downsampling selects trajectory start indices at integer stride d ≥ 1 while preserving each
H-step reward and its terminal-masked bootstrap at st+H . For a trajectory τ0:L, the operator DSd
selects

DSd(τ0:L) =
{(
st, at:t+H , Rt:t+H , st+H , dt

)
: t ∈ {0, d, 2d, . . .}, t+H ≤ L

}
. (10)

For a set of prefixes, DSd is applied to each prefix and the resulting transition sets are unioned. We
construct the processed warmup rollout dataset for value learning as

D̃Vwarm =
⋃

τ∈Don
warm

⋃
τ ′∈P(τ)

DSd(τ
′). (11)

Algorithm 1 specifies the corresponding warmup and online batch sources, fixed mixing ratios,
annotation snapshots, and buffer updates.

E.3 ONLINE DATA SOURCES

We initialize the online-round indexing by (πθ(0) , Vψ(0)) = (πθwarm
, Vψwarm

) and use k ∈
{1, . . . , ND} to index the ND Online DAgger rounds. The offline source is the fixed demonstra-
tion dataset Ddemo. The on-policy source, denoted by Dkon, consists of the current rollouts collected
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by deploying πθ(k−1) with human intervention enabled. The off-policy source contains all rollouts
collected before round k:

Dkoff = Don
warm ∪

k−1⋃
i=1

Dion. (12)

We use HI(D) to extract all human-controlled segments from a trajectory set, giving the historical
correction data DkHI,off = HI(Dkoff). For value learning, the offline and off-policy sources form the
replay dataset Dkreplay = Ddemo ∪ Dkoff . We process Dkon using the intervention-prefix construction
and temporal downsampling, yielding D̃V,kon . We use Annotate(D;Vψ) to attach the value-derived
advantage conditions produced by Vψ to the samples in D.

F FORMAL SETUP FOR SOFT-ALIASING ANALYSIS

We assume that action sequences lie in the Euclidean product space AH , and we use P2(AH)
to denote the probability distributions with finite second moment,

∫
AH ∥a∥22 dµ(a) < ∞. This

condition only ensures that the Wasserstein distanceW2 is finite. We let ht denote the full interaction
history at timestep t. For each analyzed state i ∈ {1, 2}, Hi denotes its corresponding local set of
full histories among samples labeled ot = 1 as defined in Sec. 2.3. Their target action-chunk
distributions are

µi = L(at:t+H | ht ∈ Hi, ot = 1) ∈ P2(AH), i ∈ {1, 2}, (13)

where L denotes the probability law under the effective policy-training distribution. For representa-
tion type r ∈ {obs, π}, we use the representations zri introduced in Sec. 3.2.2 and their correspond-
ing distances εr in Eq. 5. We define qri = πθ(· | zri , ot = 1) and the corresponding policy prediction
error eri =W2(q

r
i , µi). The local L-Lipschitz assumption used in Theorem 1 is

W2(q
r
1, q

r
2) ≤ Lεr. (14)

If the two states have relative weights α and 1−α, where α ∈ (0, 1), the same argument also yields
the frequency-weighted bound

α(er1)
2 + (1− α)(er2)2 ≥ α(1− α)(∆a − Lεr)2+. (15)

G PROOF OF THE SOFT-ALIASING BOUND

Proof of Theorem 1. We fix r ∈ {obs, π} and omit the superscript r from qri and eri for readability.
By the Wasserstein triangle inequality and the local Lipschitz assumption,

∆a ≤W2(µ1, q1) +W2(q1, q2) +W2(q2, µ2) ≤ e1 + Lεr + e2. (16)

Hence e1 + e2 ≥ (∆a − Lεr)+. Since maxi ei ≥ (e1 + e2)/2, this proves Eq. 7. Exact matching
on the two inputs requires qi = µi and therefore requires ∆a ≤ Lεr by Eq. 14. Consequently,
Lεobs < ∆a rules out exact observation-only matching, whereas ∆a ≤ Lεπ makes exact matching
at zπ1 and zπ2 compatible with the local Lipschitz constraint. This compatibility statement does not
assert that a particular parameterized policy will attain the targets after optimization.

For completeness, we prove the frequency-weighted extension in Eq. 15. For e1, e2 ≥ 0, direct
expansion gives

αe21 + (1− α)e22 − α(1− α)(e1 + e2)
2 = (αe1 − (1− α)e2)2 ≥ 0. (17)

Combining this inequality with e1 + e2 ≥ (∆a − Lεr)+ proves the weighted bound.
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