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Abstract: Reinforcement learning (RL) can adapt pre-trained robot policies to
new environments, but robot interaction is costly. Off-policy RL reuses experi-
ence to address this issue, yet its standard updates overlook useful supervision in
each action’s outcome. We propose using supervised objectives derived from tran-
sition outcomes to speed up off-policy RL. We introduce BOOST, an off-policy
residual RL method with three supervised objectives for adapting pre-trained flow
policies. A dynamics head grounds the critic in next-observation prediction; a
steering head reproduces demonstrated and successful actions through the base
policy’s input noise; and residual imitation matches these actions unless the critic
prefers the current proposal. All three reuse existing data without updating the
base policy’s weights. In simulation, BOOST outperforms prior off-policy fine-
tuning baselines overall across ten manipulation tasks spanning four simulation
suites. Real-world experiments show that BOOST can adapt a pre-trained world-
action model (WAM) for dexterous bimanual manipulation.

1 Introduction

Adapting pre-trained robot manipulation policies via reinforcement learning (RL) directly in the
deployment environment has become increasingly feasible due to continual improvements in base
policy performance [1, 2, 3, 4, 5, 6], with a growing body of work demonstrating how to fine-tune
policies with RL on physical robots [7, 8, 9, 10, 11, 12, 13, 14]. Real-world RL is usually described
as a data-limited problem: each rollout takes time and human supervision, so the policy cannot rely
on the millions of environment steps that make simulated RL work. Yet existing methods may be
wasting useful supervision contained in the data they already collect. Every transition carries several
immediately useful signals—dynamics information, whether it ultimately led to success, and how
the taken action compares to the current policy’s action. Therefore, the central question is: how to
design RL algorithms that extract the most improvement signal from each transition?

The standard answer to data scarcity is off-policy RL, which can learn from offline demonstrations
and a replay buffer of previously collected trajectories. Most off-policy RL approaches for adapting
pre-trained policies share three components: a critic (), a pre-trained base policy 7%, and an RL
policy 7L (sometimes identical to 7°25¢). Each component is typically trained with a main source
of supervision: () learns by temporal-difference (TD) bootstrapping; 7P clones demonstrations;
and 7R optimizes @ via policy gradients [15, 16].

However, they all learn slowly: TD learning is slow to converge [17, 18, 19], %€ often stays
frozen, and 7" updates are often delayed to avoid over-optimizing the slow Q-function [20, 21].
To accelerate sample efficiency, each component needs a second source of training signal, extracted
from the transitions already collected, that can be learned via fast-converging supervised updates.



We argue that this training signal can be derived from one source—the outcome of each action—
measured in three ways: what it did next, whether it succeeded, and how it scored.

Following this intuition, we present BOOST, an off-policy residual RL algorithm designed for fine-
tuning pre-trained flow policies. For each transition, we ask a simple question: what did taking
action a lead to? First, we ground the TD-learned )-function with a dynamics head that predicts the
next state, anchoring it to environment dynamics rather than only to its own moving target [22, 23].
If a led to success, we steer the frozen 7% to reproduce a—via behavior cloning in 7°#%¢’s input-
noise space—to improve 722 and thus make residual RL easier with limited data. Finally, we
train 7R with a residual imitation loss that pulls its proposal toward demonstrated and successful
actions, using () to release imitation when the current proposal is preferred, while providing a direct
supervised action target rather than relying solely on critic gradients. Therefore, BOOST provides
each component with a quick-to-learn supervised objective that extracts additional useful signal
from each transition, ultimately improving sample efficiency.

We demonstrate BOOST’s improvements in sample efficiency across 10 tasks in 4 simulation suites,
including adapting a 7 5 generalist policy. Additionally, we apply BOOST to a bimanual YAM
system, raising the success rate of a pre-trained generalist policy from 65% to 90% on a precise
screwdriver task within 100 online episodes. Finally, our ablations and analysis demonstrate that
BOOST works especially well when the base policy performance is weak, which is precisely a
difficult case for most other RL algorithms.

2 Related Work

RL fine-tuning of pretrained generative robot policies. Noise-parameterized policies have be-
come the standard approach for learning robot manipulation from demonstrations [24, 25, 2], moti-
vating a growing literature on improving pre-trained policies with RL. One line directly fine-tunes
the pre-trained diffusion or flow policy. Within this line, some methods apply PPO-style optimiza-
tion over the multi-step generative process [26, 27, 12], others derive policy-optimization objectives
specifically for diffusion or flow-matching policies [28, 29], or retain diffusion- or flow-matching
objectives while reweighting the training loss using value or reward information [30, 31].

A separate family avoids applying RL updates directly to the iterative generator, instead optimizing a
simpler policy over its latent inputs or action outputs. This includes optimizing latent-space policies
over the generator’s input noise [9], distilling the generative policy into a one-step actor for value-
based RL [32], and learning residual corrections to the base policy’s actions [33, 34]. Recent work
extends residual RL to pre-trained diffusion-based policies [35, 36, 13, 11]. Much of this literature
focuses on adapting RL objectives to diffusion or flow policies. BOOST instead makes data reuse
a central part of the learning algorithm, using demonstrations and online experience to provide
additional supervised signals for both policy and critic learning. This extracts more training signal
from each collected transition, targeting the sample-efficiency bottleneck in real-world RL. This
data-efficiency issue is increasingly important for VLA post-training, where recent work uses RL to
fine-tune large pre-trained robot policies from limited interaction [37, 38, 39, 14, 10, 40]. BOOST is
especially applicable in this setting due to the use of lightweight noise steering and residual policies
to quickly adapt such large policies.

Demonstration-augmented online RL. Demonstration data has long been used to reduce the
sample cost of online RL. Early off-policy methods retain expert transitions throughout online
learning [41, 42, 43]; some additionally add behavior-cloning losses toward demonstrated ac-
tions [41, 43]. Offline-to-online RL broadens this setting to using suboptimal prior data to initialize
and accelerate subsequent online learning. Prior approaches use advantage-weighted policy regres-
sion on replayed data [44], balanced offline—online replay with stabilized critic learning [21], or
calibrated offline Q-functions that avoid overestimation during early online fine-tuning [45]. Com-
plementary work augments model-free RL with auxiliary prediction objectives, including reward
and next-state-embedding prediction [46, 22] and multi-step future-latent prediction [47]. Across
these lines of work, offline and online experience is reused through actor—critic updates, behavior-
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Figure 1: BOOST training and acting loop. (1) Pre-training: demonstrations train critic features
through next-state prediction, the residual through action imitation, and the steering head through
inverted action-to-noise targets. (2) Online fine-tuning: sample K noises from p¢(- | s), gener-
ate base actions, add residual corrections to form a(s, z), and execute the highest-valued chunk.
All transitions supply dynamics targets; demonstrations and successful episodes supply residual
imitation targets (dotted) and steering targets (dashed). The base policy’s weights remain frozen
throughout.

cloning or imitation losses, and auxiliary prediction objectives. Complementary to these methods,
BOOST adds additional supervised objectives to off-policy RL by re-using both demonstration and
online interaction data: all transitions provide next-observation targets for critic learning; demon-
strations and online successes provide value-gated imitation targets for the residual; and the same
successful actions are inverted into input-noise targets for the steering head. Thus, the same experi-
ence directly improves the critic, residual actor, and the base policy’s future action proposals.

3 BOOST: Off-Policy RL with Supervised Anchors

We now introduce BOOST, an off-policy residual RL fine-tuning algorithm that extracts su-
pervised objectives from existing trajectory outcomes, enabling more sample-efficient learning.
BOOST adds three supervised anchors to off-policy residual RL: next-state prediction for the critic,
successful-action cloning in the base’s noise space, and value-gated action imitation for the residual.
Figure 1 summarizes the training and acting loop.

3.1 Preliminaries

Problem setting. We aim to enable RL improvement of a policy 7°#¢(a|s) pre-trained on expert
offline demonstrations Domine, taking (chunked) actions a given state s = {slang, Simg, spropﬁo} con-
sisting of language, image, and proprioception. The goal is to maximize environment return with
minimal interaction, using a residual policy 7" that modifies 7%¢’s action outputs.

Noise-parameterized policies. While BOOST’s residual RL formulation works with arbitrary base
policies, our experiments assume noise-parameterized flow or diffusion policies [48], common in
modern policy architectures [24, 3, 6], that map noise z ~ N (0, I) to actions, i.e., 7°%(a | s, 2).

Residual RL. We build on DICE [13], an off-policy residual RL algorithm. DICE freezes 72,
conditions the residual on its input noise z, and trains a residual policy 7*" off-policy with a critic
ensemble over N critics. To act, DICE samples K noises z1.x ~ N(0, ), corrects each base
proposal with the residual, and executes the chunk with the highest conservative value ). We use
the following notation throughout:

Corrected chunk af(s,z) = Wbase(s, z) + WRL(S, z), ®Base proposal plus residual correction (1)
Ensemble value  Q(s,a) = min;e1.. vy Q*(s,a). > Most conservative of N critics



DICE trains the residual with a TD3+BC-style [49] objective that maximizes the conservative
value of the corrected chunk and adds a norm penalty on the residual magnitude, Lpicr(f) =
Esup, son(o,0) | — Q(s,a(s, 2)) + Bll7™(s, 2)||3], and the critics with a chunk-level TD loss. We
write the one-chunk target for simplicity:

H

N
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where a; is an H-step action chunk, @’ is the target critic, 2’ ~ N(0, I), and 7 discounts between
chunks. D mixes offline and online data. DICE samples batches RLPD [21]-style from offline and
online data; we adopt these choices and add one supervised objective per component.

3.2 RL Fine-Tuning with BOOST

Overview. BOOST retains DICE’s residual RL updates and adds supervision from three action
outcomes: (1) next state — critic: predict chunk-end observations; (2) success — base: learn an
input-noise distribution that reproduces demonstrated and successful actions, keeping base weights
frozen; (3) value — residual: imitate demonstrated or successful actions, releasing imitation when
the critic prefers the current proposal. Online replay contains both successes and failures. For
notational clarity, we explicitly write out two replay buffers: B+ contains successful trajectories,
and B~ contains failed trajectories.

When offline data Dymiye is available, BOOST begins with a pre-training phase that trains the
residual with residual imitation, the critic with its dynamics objective, and the steering head on
demonstration latents.! Online fine-tuning combines these objectives with DICE’s off-policy RL
objectives. We detail each supervised objective below.

Next state: grounding the critic. TD learning can converge slowly [17, 18] and produce collapsed,
low-rank critic features [19] that limit critic expressivity. Under sparse rewards in particular, these
features are shaped almost entirely by bootstrapped targets. Therefore, next-state prediction supplies
a direct supervised dynamics target—prior work links it to improved performance [51, 52] and
reduced feature rank collapse [23]. We train one single-layer (i.e., affine transformation) dynamics
head g, per critic on its penultimate features 14, (s, a) to predict the state s’ = s,  at the end of
the action chunk, applied to all transitions:”

N

Etrans(d)? 5) = E(S,aﬁs/)wpofﬂineUB+U67 |:Z ||g£l(¢¢’ (S’ a)) B S/HQ] ’ (3)

=1

Success: steering the frozen base. Poor base proposals are difficult to correct with regularized
residuals. We therefore clone demonstrated and successful actions in the frozen base’s input-noise
space. Instead of updating the base policy’s weights, we invert the frozen base to recover noise tar-
gets z* = invert base (8, a) that reconstruct these actions [53, 54]. A small flow-matching steering
head p. learns to generate these targets from Gaussian noise. Its velocity field v is trained with the
following loss, where 7 denotes flow time rather than an environment step:

2
L5¢(0) = E(s a)~ Do UB+, 20N (0,1), m~Tf01] || Ve (27 | 8,7) = (2% = 20) ||, Zz=(1-T)zo+72". 4
N———/ e N—

Predicted velocity Target velocity Interpolated noise

Flow matching accommodates multimodal noise targets, but relying on learned steering too early
can overfit to a few trajectories. Following prior work on Gaussian exploration [55], we blend a

"We opt not to pre-train @ with TD learning due to prior findings that doing so generally does not correlate
with improved fine-tuning [50, 14].

2With image inputs, the target is the stored next observation representation: frozen image features and
proprioception, plus privileged critic features where used.
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Figure 2: Evaluation environments across 4 simulation suites and a real robot environment. The
suites test image-based, dexterous, long-horizon, and generalist-policy RL improvement.

head sample Z with independent Gaussian noise: z = «Z+ (1 — «)e, where € ~ N(0, I). Increasing
a from 0 to 1 gradually introduces learned steering. Throughout, p¢(- | s) denotes the resulting
noise distribution, with the blend schedule and the head’s exponential moving average (EMA) used
for sampling left implicit. Appendix B gives the schedule details.

Value: anchoring the residual. In off-policy RL algorithms, actor updates are often delayed to
avoid over-optimizing the critic [20, 21, 56, 13, 57], especially when it is trained without conser-
vatism [58]. To reduce reliance on critic gradients, we directly supervise the corrected action with
demonstrated and successful actions. For each (s, a) from Dogine U B, we sample z ~ p¢(- | s)
and form the corrected action a(s, z). The conservative gate keeps imitation unless the live mini-
mum proposal value exceeds the data action’s reference value Q)¢, allowing RL to improve beyond
the data:

N 2
Lim(0) = E(S,a)~DoffuncUB+, zeope(ols) [ w(s,a, z) || a(s,z) —a H } o)
—_—— S —
imitation gate  residual imitation

Here w = [[Qref(s,a) > Q(s,a(s,z))]. During residual pre-training, however, w = 1 for all
samples, since the critic is not yet well calibrated.

Summary. BOOST improves 7°2%¢, 7R and @ with supervised objectives that help them adapt
quickly to new transitions to improve sample efficiency. BOOST retains DICE’s best-of-K selec-
tion, gradually replacing Gaussian proposals with learned steering as « increases:

iid ~ * 2 *
auk ~ g |s),  aw=als,z) , k' =arg max Q(s,ax), o' =ak, (O
Steer K noises Correct proposal (eq. (1)) Execute chunk

Select best of K

Learning combines the off-policy objectives with one supervised objective per component:

critic:  L£g(@) 4+ Lians (0. ),
residual: Egop ., (o[ — Q(s,a(s, 2)) + Bm" (s, 2)[|3] + A Lin(0), @)
steering head:  £,,.((),

where colored components denote changes from DICE. For hyperparameters, see Appendix B, and
Algorithm [ for algorithm pseudocode.

4 Experiments

Our experiments investigate three questions: (1) Does BOOST learn faster and reach higher success
than prior fine-tuning methods, and on which tasks are its gains largest? (2) How robust is BOOST
to weaker base policies, and how much does learned steering contribute? (3) Can BOOST adapt
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Figure 3: Robosuite Results. BOOST is the only method above 90% on all three Robosuite tasks
and gets there 2-10x faster than the closest baseline.

pre-trained generalist policies to bimanual manipulation in simulation and on a real robot? We
compare fine-tuning methods across Robosuite, Adroit, and FurnitureBench, then study generalist-
policy adaptation with 7 5 on RoboTwin and Flex-7 on a real bimanual YAM robot.

4.1 Experimental Setup

Simulated environments. We evaluate on four simulation suites addressing different challenges in
RL (see Figure 2). Robosuite [59]: image-based Square, ToolHang, and two-arm Transport,
which require precise peg insertion, a 700-step multi-stage assembly that threads and hangs a tool,
and bimanual hand-off, respectively. Adroit [60]: Door, Hammer, Pen, and Relocate with a 24-
DoF hand from state, testing dexterous manipulation. FurnitureBench [61]: image-based One Leg
and Round Table assembly in FurnitureSim, long-horizon tasks that chain grasping, lifting, align-
ing, and inserting table legs with millimeter-level tolerance over up to 700 steps. RoboTwin [62]:
bimanual manipulation with a generalist policy (7 5) base on a Place Mouse Pad task.

Real robot. We use Flex-m [6], a 6B-parameter world-action model, on a bimanual YAM robot
fine-tuned to use an electric screwdriver with one arm to screw in its own gripper held by the other.
This is a precise, contact-rich bimanual task with sub-millimeter alignment clearance. BOOST and
DICE run on top of the frozen Flex-m policy in its action-only mode (faster inference).

Baselines. We compare against residual, noise-steering, and full base policy fine-tuning baselines.
DICE proposes K candidate action chunks from prior noise, corrects each with a learned residual,
and selects with the critic ensemble, without the dynamics head, the imitation loss, or the steering
head. EXPO-FT is an off-policy residual method: a small edit policy perturbs base samples, the critic
scores base and edited candidates, and the base flow itself is fine-tuned each iteration. DSRL (NA) is
anoise-aliasing form of DSRL: an action critic () 4 is trained by temporal-difference learning on real
actions with a noise critic Qyy distilled from ) 4, and the actor maximizes Qv without updating the
frozen base. OGPO [12] fully fine-tunes the flow policy online to optimize Q(s, a) and stabilizes
the update with a success-buffer behavior-cloning term.

Every baseline shares the same frozen flow-matching base policy, image features, demonstrations,
interaction budget, and evaluation protocol. Per-task details and hyperparameters are in Appendix B;
the final numbers behind every figure are in Appendix C.1. All simulation results are averaged over
3 seeds and reported with their standard deviation, and the dotted line in every plot is the frozen base
policy’s success rate before fine-tuning.

4.2 BOOST Fine-Tunes Faster and Reaches Higher Success Than Prior Methods

Across the ten simulated tasks, BOOST consistently achieves competitive final success while learn-
ing faster than prior fine-tuning methods. On Robosuite (Figure 3), it is the only method to exceed
90% on all three tasks, reaching that level with 2-10x fewer environment steps than the closest
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Figure 4: Adroit and FurnitureBench Results. BOOST learns quickly and reaches high success
on Adroit, with the largest gains over baselines on FurnitureBench. Base pass@1 denotes the frozen
base policy’s single-attempt success rate.

baseline on Square and Transport. On Adroit and FurnitureBench (Figure 4), it reaches high
success on the dexterous tasks and shows its largest gains on long-horizon assembly.

Where does BOOST help most? The clearest gains occur where the base policy struggles to
produce useful behavior. On ToolHang, BOOST exceeds 90% within 400k steps, while EXPO-
FT plateaus around 70% and DICE makes little progress. On Pen, BOOST reaches 94% success,
compared with DICE’s 73%. The gap is largest on FurnitureBench One Leg: BOOST raises success
from 31% to 85%, with gains appearing within 50k steps, while the strongest baseline, EXPO-FT,
reaches 52% and DICE and DSRL finish below the frozen base’s success rate.

These results also highlight differences between adaptation strategies. DSRL learns quickly on
some tasks but collapses on others; EXPO-FT is the strongest baseline overall, while OGPO learns
more slowly under the same interaction budget. Together, the comparisons suggest that residual
corrections and learned steering can offer a sample-efficient alternative to full-policy fine-tuning.
We next examine how steering contributes when starting from a weaker base policy.

4.3 Learned Steering Matters More with a Weaker Base Policy

We repeat the Robosuite experiments from an earlier base checkpoint, with success rates of 37%,
41%, and 38% on Square, ToolHang, and Transport, respectively (Figure 5). Despite the weaker
starting point, BOOST reaches 94-99% success across all three tasks. Baselines are less consistent:
on Square, EXPO-FT falls from 93% to 68%, while on Transport, DICE falls from 98% to 61%.

This result comes mainly from the noise steering head. Removing the steering head lowers success
on all three tasks. This suggests that learned steering is most useful when the base’s proposals are
poor: it changes the input-noise distribution to reproduce successful behavior, giving the residual
better actions to correct over time and making up for lower base policy performance.

4.4 BOOST Adapts Pre-Trained Generalist Policies

We next study how BOOST adapts pre-trained generalist policies to Place Mouse Pad
specific bimanual manipulation tasks, using 7 5 in simulation and
Flex-m on a physical robot. Both settings retain the base policy’s
weights and learn lightweight steering and residual corrections.

Eval success (%)

RoboTwin with 7y 5. We evaluate adaptation of 7y 5 [63] on a bi-
manual manipulation task in RoboTwin 2.0 [62]. This setting tests
whether BOOST can adapt a generalist vision-language-action policy . NUP—

to task-specific behavior without updating its weights. Figure 6 com- ~ —— DSRL(NA) = BOOST (Ours)
pares BOOST with DICE and DSRL on Place Mouse Pad. Within

150k environment steps, BOOST raises 7. 5’s success from 46% to Figure 6: RoboTwin adap-
tation with 7 5.

0 100 200
Environment steps (k)
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Figure 5: BOOST remains effective with a weaker base policy. Starting from an earlier check-
point, BOOST reaches 94-99% success on Robosuite. Removing steering costs 15 percentage
points on Square and 6 on Transport, compared with 2 and 0 from the main checkpoint.

64%, whereas DICE stays at the base policy’s level and DSRL stays
flat near 57% throughout.

Real robot with Flex-m. We adapt Flex-m [6], a pre-trained
world-action model, on the bimanual YAM robot. The task
requires one arm to use an electric screwdriver to screw in
the gripper held by the other, testing precise, contact-rich co-
ordination. Figure 8 in Appendix C.2 shows synchronized
views of the task from all three cameras. Setup details are
in Appendix B.3 (Table 8). We run BOOST for 104 on-
line episodes performing 5 gradient steps per executed action 0 25 0 75 100
chunk at 30 Hz, measuring final success and training success Training episode

rates throughout in Figure 7). BOOST improves Flex-n’s

base performance from 65% success rate to 90% over 104 RL  Figure 7: Real-robot adaptation of
episodes, measured over 20 evaluation episodes per check- Flex-m. Rolling 10-episode train-
point, and improves both median time per success (13.5 s — ing success on the bimanual YAM

10.2 s) and throughput (2.59 successes / min — 3.82 suc- screwdriver task; eyal success rises
cesses / min). from 65% to 90% in 104 episodes.

7 base 90% final

/armup

Train success (%)

5 Conclusion

We presented BOOST, an off-policy residual RL approach for fine-tuning pre-trained policies that
turns the outcomes of the policy’s own experience into supervised objectives for every component
of the learner: a dynamics head that grounds the critic in dynamics, a residual imitation loss that
anchors the residual to demonstrated and successful actions, and a steering head that folds successes
back into the base policy’s input noise. We demonstrated in four simulated manipulation suites and
on a real bimanual YAM robot that BOOST fine-tunes faster and reaches higher success than prior
residual and off-policy methods, with the largest gains on long-horizon and dexterous tasks where
the base policy performs poorly. We see BOOST as a step toward generalist robot policies that keep
improving from every success they collect in the real world.
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A Training Algorithm

BOOST retains the off-policy residual RL loop: collect experience, update the critic and residual
from mixed offline/online data, and update target networks. Algorithm 1 highlights only the addi-
tions: supervised pretraining, steered proposals, and one supervised objective per component. The
base policy remains frozen throughout. As in Section 3.2, pc(- | s) denotes the proposal noise
distribution, including the Gaussian blend and the EMA acting head.

Algorithm 1 BOOST on top of off-policy residual RL

Require: frozen base P3¢ demonstrations Dogiiine, residual RL learner, candidates K
1: initialize dynamics heads, steering head, and success buffer BT« 0
2: cache demonstration noise targets by inverting the frozen base
3: pretrain on Dogine: critic features with Lirans, residual with ungated Lim, steering head with L,c; synchro-
nize its EMA copy
4: while interaction budget remains do
5: Act: sample K noises from p¢ (- | s); generate, correct, and select chunks (Eq. 6)
6: store experience in online replay; add successful episodes to BT and cache their inverted noise targets
7.
8
9

Critic: augment TD updates on D with Lians (Eq. 3)
Residual: augment policy updates with value-gated Lim on Dogmine U BT (Eq. 5)
: Steering: once B is nonempty, update the steering head with £, on Domine U BT and update its
EMA copy
10: retain residual RL’s target updates and gradually increase steering weight
11: end while

Chunk-level TD targets. The one-chunk target in Section 3 extends to n chunks as

Y= Z '7] Rg-l}l—l;r}—}( + ( )EZ/ [Q (St-‘rnH? (St-‘rﬂH? ))]7 (8)

H-1 . . . .
where RSPk — Y i—o Tt+e, n is shortened at episode boundaries, and d suppresses terminal

bootstrapping. Discounting is per chunk. The expectation averages four next-proposal values with
2" ~ pe( | St4nm); the dynamics target remains one chunk ahead, regardless of n.

Implementation details. Critic pretraining updates the trunks and independent affine dynamics
heads, not the scalar value heads. Inverted steering targets are cached, with online inversion warm-
started at the executed latent. Steering uses episode-balanced online sampling and an EMA acting
head. Exploration warm-up, update frequencies, loss normalization, residual constraints, and task-
specific sampling and steering schedules are detailed in Appendix B.

B Experiment and Implementation Details

B.1 Environment Details

All methods on a task use the same code, data, and evaluation protocol, and start from the same
frozen flow-matching base policy. We report the base policy’s pass@1 as base success in the tables
below. BOOST uses 4 critics, while DICE, DSRL, and EXPO-FT use 10. We leave equalizing the
ensemble size to future work.

Robosuite. Robosuite [59] provides contact-rich tabletop tasks with image observations. We use
Square (peg insertion onto a square nut), ToolHang (a long-horizon assembly that threads and
hangs a tool on a frame), and two-arm Transport (a bimanual hand-off and placement), with 50
human demonstrations per task, a budget of 600k environment steps (1.4M for ToolHang), and
evaluation over 50 episodes. All methods use the same pre-extracted image features. Table 1 lists
the tasks.
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Table 1: Robosuite tasks.

Task Obs  Horizon Cameras Budget (env steps) Base success
Square image 400 2 600k 47%
ToolHang image 700 2 1.4M 49%
Transport (two-arm)  image 700 4 600k 85%

Adroit. Adroit [60] provides dexterous manipulation with a 24-DoF anthropomorphic hand and
state observations. We use Door, Hammer, Pen, and Relocate, with the human and expert trajecto-
ries distributed with the Minari ports of the D4RL datasets [64], a horizon of 200 steps, a 600k-step
budget, and evaluation every 80k steps over 50 episodes. Table 2 lists the tasks.

Table 2: Adroit tasks.

Task Obs dim  Action dim Demos Base success
Door 39 28 25 human 50%
Hammer 46 26 5 expert 76%
Pen 45 24 25 human 54%
Relocate 39 30 10 expert 74%

FurnitureBench. FurnitureBench [61] is a long-horizon assembly benchmark. We use its simula-
tor, FurnitureSim, at the low-randomization level with image observations from a front and a wrist
camera encoded by a frozen ResNet featurizer. Actions are 10-D absolute end-effector targets at
10 Hz executed in 8-step chunks, and an episode succeeds only when the furniture is fully assem-
bled. All methods are trained with the same stage reward, which gives 0.2 for each of grasp, lift,
align, and insert and 1 for assembly. The critic and residual act on normalized delta actions relative
to the current end-effector pose, the critic receives object-relative privileged features, and the resid-
ual is additionally conditioned on the base chunk. We train for 1M environment steps and evaluate
every 48k steps over 100 episodes. Table 3 lists the tasks.

Table 3: FurnitureBench tasks.

Task Horizon n-step return  Budget  Base success
One Leg 700 5 M 31%
Round Table 700 5 M 25%

B.2 BOOST Implementation Details

Shared hyperparameters for all methods on Robosuite are listed in Table 4, and FurnitureBench
hyperparameters in Table 6.
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Table 4: Shared per-task hyperparameters on Robosuite. All methods on a task use the same
base policy, image features, budget, data mix, and evaluation protocol. Slash-separated entries are
BOOST / DICE / DSRL / EXPO-FT.

Hyperparameter Square ToolHang Transport
env steps 600k 1.4M 600k
episode horizon 400 700 700
cameras 2 2 4
parallel envs 8 8 4
action chunk 4 8 8

base flow steps 10 20 10
action candidates K 16 16 16

grad. steps / iter 20/20/20/20 10/10/10/20 10/10/10/20
critic ensemble 4/10/10/10  4/10/10/10  4/10/10/10
n-step return 3 5 3

batch size 256 256 256
discount ~y 0.99 0.99 0.99
target rate K 0.01 0.01 0.01
critic hidden 1024° 1024° 1024°

Ir (DICE family / EXPO-FT) 107*/3-107* 107*/3.107* 107*/3-107*
expert demos used in online RL 50 50 50

BOOST hyperparameters. Table 5 lists the BOOST-specific hyperparameters used on Robosuite
and Adroit.

Table 5: BOOST hyperparameters.

Hyperparameter Value
dynamics head pre-training 10k steps

auxiliary weight 1

weight \ 100

pre-training 20k steps

imitation online successes per imitation batch 128 (once available)

demonstration pre-training 3000 steps

online updates 1 per iteration once successes exist

EMA rate kg 0.995

trust weight o 0 — 1 over 50k env steps after the first online update
proposal z=az+ (1 —a)ee~N(0,I)

steering head

The steering head p¢ is a conditional flow-matching MLP with three blocks of width 256. We
integrate its velocity field v¢ with 8 fixed Euler steps, independent of the base policy’s solver. We
train the head on the horizon-mean inverse latent and repeat each sample over the chunk before
mixing. The inverse latent z* = invert as (s, a) is the preimage of a recorded action under the
frozen base, 7°2%¢(s,2*) = a. We compute it on the base policy’s Euler grid with Anderson-
accelerated fixed-point iteration,

(s,a) € BT,

(Sa a) € Dofﬂine-
€))

For online successes we initialize at the executed latent zexec, Which yields the preimage closest

to the one actually executed. For demonstrations we initialize from the prior. We compute inverse

latents once per transition and cache them.

k k). . _base _J Rexec
2B — Anderson(z( )s (s,"), a), k < 10, 20 = {e ~ N(0, 1)

We update the actor and the target networks every second iteration, performing all gradient steps of
the iteration at once. The actor’s value term is normalized by the detached mean absolute @) and ap-
plied only to online transitions, while the BC penalty on the residual norm uses both demonstrations
and online data. We keep the soft-() filter of DICE [13] on this penalty (Section 3.1). The penalty
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on candidate k is dropped when the corrected chunk has higher value than the base proposal and the
recorded action’s value underestimates its Monte-Carlo return,

Gi(s) = I[Q(s,ax) > Q(s,7°*°(s,z1))] I[Q(s.a) — G(s) < €q], (10)
so that the penalty becomes 8, (1 — Gi)||mRE(s, 21 |3, where ax = a(s, zx) is the corrected
chunk of candidate k, G(s) is the Monte-Carlo return of the recorded transition, and ¢g = —0.5

(—0.55 on FurnitureBench) after a short warm-up.

FurnitureBench hyperparameters. Table 6 lists the hyperparameters that differ from the
BOOST values in Table 5 on the FurnitureBench tasks. All other hyperparameters follow the Ro-
bosuite values above. The Round Table column lists only the values that differ from One Leg; a
dash marks an unchanged value.

Table 6: FurnitureBench hyperparameters.

Hyperparameter One Leg Round Table
parallel envs 8 16
n-step return 5 -
shared gradient steps per iteration 20 -
base-only warm-up 48k steps -
residual initialization Zero -
BC weight 3 500 -
imitation imitation gate critic target critic -
soft-@ filter threshold —0.55 after 5k steps -
updates per iteration 1 2
batch size 256
steering head  learning rate 31074 -
demo fraction 0.5 — 0.2 over 100 successes —
trust weight o cap 1.0 0.8

B.3 Generalist-Policy Experiments

RoboTwin 2.0 with 7y 5. We adapt a frozen 7 5 checkpoint [63], co-trained on RoboTwin 2.0
data, on the bimanual Place Mouse Pad task in RoboTwin 2.0 [62] with the ALOHA-AgileX
embodiment. The base policy is served as a frozen model that maps an observation and input noise
to a 50-step action chunk, of which we execute 25 steps before re-planning. BOOST and DICE
therefore interact with my 5 only through its input noise and its outputs, and neither updates its
weights. We use the Robosuite hyperparameters of Table 5 with a continuously updated steering
head and an imitation weight of 1000. The reward is the task’s binary success signal. We compare
BOOST with DICE and DSRL, train for 200k environment steps, and evaluate every 50k steps over
50 episodes, reporting eval success averaged over three seeds with its standard deviation (Figure 6).
Table 7 summarizes the setup.

Table 7: RoboTwin 2.0 hyperparameters.

Hyperparameter Value

Base policy frozen g5, co-trained on RoboTwin 2.0, served
Action chunk / execution 50-step chunk, 25 steps executed

Reward binary task success

Imitation weight A 1000

Steering head updates continuous, once successes exist

Training budget 200k environment steps

Evaluation protocol every 50k steps, 50 episodes, 3 seeds
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Real-world Flex-m. The real-robot experiment adapts Flex-7, run in action-only mode, on the
bimanual YAM screwdriver task; see Section 4.4 and the all-camera rollout in Figure 8. Table 8
summarizes the setup.

Table 8: Real-world Flex-m hyperparameters (gripper self-repair, screwdriver phase).

Hyperparameter Value
base policy / action mode frozen Flex-7, action-only

setup control rate / episode timeout 30 Hz / 1000 ticks (=~ 33s)
training episodes / learner updates 104 (17 warm-up + 87 residual) / 1803
evaluation protocol 20 episodes per checkpoint
parallel envs 1
n-step return 3
gradient steps per robot chunk 5

shared base-only warm-up 9k executed ticks (= 17 episodes)
critic ensemble / learning rate 10 (min) / 10~*
demo fraction in RL batches 0.5 — 0.25 over 104 episodes
action selection best-of-4
initialization Zero

residual BC weight 8 5000
actor learning rate 31075
demo BC on inverted latents weight 100, ungated

imitation imitation gate critic -
soft-Q filter threshold —0.85 after 3k env steps
updates per new success 20
batch size 256

steering head learning rate 3-107*
demo fraction 1.0 — 0.15 over 10k iterations
trust weight o cap 1.0 (annealed over 105k env steps)

B.4 Baseline Implementation Details
All baselines share the base policy, demonstrations, budget, and evaluation of BOOST.

DICE. Candidates are K =16 draws from prior noise, each corrected by a randomly initialized
residual and selected with a 10-critic ensemble trained by temporal-difference learning.

EXPO-FT. The edit policy is an MLP (256%) with edit scale 0.1 and learning rate 3-10~*. Each
iteration scores 8 base plus 8 edited candidates with the critic, and the base flow itself is fine-tuned
every iteration (flow-matching update, Ir 3-10~%).

DSRL (NA). An action critic @ 4 is trained by temporal-difference learning on real actions, and
a noise critic Qyy is distilled from Q 4 (s, decode(w)), using 10 heads with a subsample of 2. The
actor is an MLP (20482, layer norm) that maximizes Qy with no gradient through the frozen base.
The latent bound is byy=1.5, with one latent per step broadcast over the chunk, and the reward
applies a —1 per-step bias with per-step discounting.

OGPO. We use the authors’ image recipe [12]: the whole flow actor is fine-tuned online with
a PPO-style objective over the denoising chain, treating each action chunk as one macro-action
whose terminal reward is the mean over a 10-critic ensemble () aggregated by mean rather than
minimum, target rate k=0.05). Each update samples 32 noisy denoising trajectories from a slow
EMA copy of the actor (x=0.005), which also supplies the old-policy log-probabilities and the best-
of-N candidates, and adds a success-buffer behavior-cloning term for stability. The runs use the
same frozen image features and the same per-task budget as every other method, with 16 collection
environments.
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C Additional Results

C.1 Full Results Tables

Tables 9 and 10 list the final eval success of every method on every task behind Figures 3 and 4,
averaged over seeds with standard deviations.

Table 9: BOOST is the only method above 90% on all three Robosuite tasks. Eval success (%)
at the end of training, averaged over 3 seeds with standard deviation (50 evaluation episodes). Bold
marks our method.

Method Square ToolHang Transport
EXPO-FT 93+1 70£6 86+ 7
DSRL (NA) 95+ 2 0£0 1+1
OGPO 68 + 3 37£2 76 +£4
DICE 85+3 36 £ 27 98 £ 2
BOOST (Ours) 97+ 3 96 £ 3 97+ 3

Table 10: BOOST is at or near the ceiling on Adroit and more than doubles the base policy’s
success on both FurnitureBench tasks. Eval success (%), averaged over 3 seeds with standard
deviation, using 50 evaluation episodes on Adroit and 100 on FurnitureBench. fcollapsed to 0%
within 192k steps.

Adroit FurnitureBench
Method Door Hammer Pen  Relocate One Leg Round Table
base pass@1 50 76 54 74 31 25
EXPO-FT 1000 100+0 96+2 96 +£ 0 52£5 12+3
DSRL (NA) 0+0 1000 1000 96+£0 0+0f 4
DICE 98+2 1000 7311 92+2 11+11 0
BOOST (Ours) 100+0 100+0 94+6 100+0 85+3 62

C.2 Real-Robot Task Sequence

Figure 8 illustrates the bimanual screwdriver task used for Flex-m adaptation in Section 4.4. The
synchronized camera views show the arm motion and close-up tool contact.

t=0 t=45 t=90 t=135 t=165 t=219

Figure 8: Dexterous real-robot task rollout. Rows show the overhead view and two wrist-camera
views of the screwdriver approaching and engaging the gripper held by the other arm. This sequence
comes from a real training rollout of BOOST with Flex-7 as the base policy.
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