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Fig. 1. Overview of SERNF (Sample-Efficient Reinforcement Learning with Normalizing Flows). SERNF models action chunks using a conditional
normalizing flow policy, enabling expressive multimodal action distributions with exact likelihoods and therefore allowing direct, conservative off-policy
fine-tuning. An action-chunked critic evaluates entire action sequences, aligning value estimation with chunked execution and improving long-horizon credit
assignment. Initialized from real-world teleoperation data or policies trained in simulation, SERNF achieves high real-world performance under a limited
interaction budget, demonstrating stable and sample-efficient adaptation on challenging dexterous manipulation tasks.

Abstract—Real-world fine-tuning of dexterous manipulation
policies remains challenging due to limited real-world interaction
budgets and highly multimodal action distributions. Diffusion-
based policies, while expressive, do not permit conservative
likelihood-based updates during fine-tuning because action prob-
abilities are intractable. In contrast, conventional Gaussian
policies collapse under multimodality, particularly when actions
are executed in chunks, and standard per-step critics fail to
align with chunked execution, leading to poor credit assign-
ment. We present SERNF, a sample-efficient off-policy fine-
tuning framework with normalizing flow (NF) to address these
challenges. The normalizing flow policy yields exact likelihoods
for multimodal action chunks, allowing conservative, stable policy
updates through likelihood regularization and thereby improving
sample efficiency. An action-chunked critic evaluates entire action
sequences, aligning value estimation with the policy’s temporal
structure and improving long-horizon credit assignment. To
our knowledge, this is the first demonstration of a likelihood-
based, multimodal generative policy combined with chunk-level
value learning on real robotic hardware. We evaluate SERNF
on two challenging dexterous manipulation tasks in the real
world: cutting tape with scissors retrieved from a case, and in-
hand cube rotation with a palm-down grasp – both of which

require precise, dexterous control over long horizons. On these
tasks, SERNF achieves stable, sample-efficient adaptation where
standard methods struggle.

I. INTRODUCTION

Robotic manipulation systems increasingly rely on high-
capacity visuomotor policies trained from large offline
datasets. While these policies can achieve impressive perfor-
mance in controlled settings, deploying them reliably in the
real world remains challenging, as manipulation policies must
operate across a wide range of environments and conditions
that inevitably change over time. In practice, real-world de-
ployment is affected by numerous sources of mismatch, such
as unmodeled dynamics, hardware errors, camera drift, domain
shift, and task-specific issues that are difficult to capture during
data collection.

These challenges heavily affect dexterous and precise ma-
nipulation tasks, where collecting large amounts of high-
quality demonstration data is expensive in terms of both
equipment and time. Such tasks are often hard to teleoperate,



require expert skill, and are sensitive to small variations in
contact and timing, making scalable data collection costly
and error-prone. As a result, roboticists frequently deploy
policies that “almost” work, showing reasonable behavior but
not achieving the reliability and success rates required for real-
world, in-the-wild scenarios.

In contrast to the prevailing paradigm of scaling real-
robot datasets, we target settings where only limited task-
specific data is available and fine-tuning must extract maximal
improvement from each additional rollout.

In this setting, sample efficiency is a critical requirement
for policy fine-tuning algorithms. Since real-world robot inter-
action time is costly, an effective algorithm and architecture
should operate under a tight interaction budget and make
maximum use of each collected sample. Moreover, to enable
RL updates, the policy should be formulated probabilistically,
allowing optimization through likelihood-based objectives.

We propose to represent the policy with a normalizing
flow (NF) and to learn an action-chunked critic that evaluates
temporally-extended action sequences (chunks). This combi-
nation aims to (i) keep the policy expressive yet tractable
for likelihood-based regularization and stable updates, and (ii)
improve credit assignment and variance reduction when the
control interface executes action chunks.

We evaluate on two real-world dexterous manipulation
tasks chosen to reflect two dominant deployment pipelines
in robotics. (i) Scissors retrieval and tape cutting start from
a small set of human teleoperation demonstrations, repre-
senting the common imitation-learning workflow for contact-
rich tasks where simulation is difficult. (ii) In-hand cube
rotation starts from a policy trained in simulation and distilled
into our architecture, representing the mainstream sim-to-real
reinforcement-learning workflow for dexterous hands. Both
tasks are long-horizon, high-dimensional, and sensitive to
small contact and timing errors, making them strong stress
tests for sample-efficient fine-tuning.

The main contributions of this study can be summarized as
follows:

• We introduce an RL fine-tuning method for real-world vi-
suomotor control that combines normalizing-flow policies
with an action-chunked critic.

• We describe a practical training recipe for limited on-
robot data, including conservative regularization toward
the initial policy.

• We empirically evaluate our method on representative
dexterous and precise real-world tasks and analyze the
impact of chunk length and critic design.

II. RELATED WORK

a) Policy optimization for generative policies: Diffusion
and flow-matching policies enable expressive, multimodal
action distributions for imitation learning [7, 10, 51], but
their use in reinforcement learning is limited by intractable
action likelihoods, which hinder conservative or likelihood-
regularized fine-tuning. Recent work connects diffusion- or
flow-based models with policy optimization [2, 23, 34, 41, 52].

In contrast, we focus on normalizing flows, which retain
comparable expressiveness while providing exact likelihoods,
enabling stable and principled RL-based fine-tuning.

b) Normalizing flows for RL and IL: Normalizing flows
have recently been shown to be effective policy representations
for reinforcement and imitation learning [18, 29, 50], but their
application to real robotic systems remains limited. Prior real-
world deployments are restricted to on-policy settings [25],
while most existing work focuses on simulation [1, 9, 33].
Our work leverages normalizing-flow policies for visuomotor
control and focuses on stable, conservative fine-tuning on real
hardware. We are first to apply normalizing flows within an
off-policy reinforcement learning framework for real-world
robotic fine-tuning.

c) Temporal abstraction and action chunking: Tempo-
rally extended action sequences are now standard in robotic
control, enabling real-time execution and reduced feedback
frequency [7]. Prior work shows that aligning critics with
action chunking improves learning efficiency and credit as-
signment [28]. We extend these ideas by integrating action-
chunked critics into a real-world fine-tuning pipeline.

d) Offline + online RL: Real-world robot learning com-
monly combines offline initialization with limited online fine-
tuning. AWAC [37] and related methods enable off-policy
adaptation but lack explicit conservatism in highly multimodal
action spaces. Subsequent work studies the offline-to-online
transition [3, 38], trading off conservatism and exploration
at the cost of increased algorithmic complexity. Systems
approaches such as IBRL and SERL emphasize the practical
integration of demonstrations, off-policy RL, and tooling for
real robots [21, 31], while extreme online-only efficiency
has been demonstrated in locomotion from scratch [45].
In contrast, SERNF targets sample-efficient real-world fine-
tuning of pretrained visuomotor policies under multimodal
action distributions for sparse reward tasks by combining
exact-likelihood generative policies with chunk-aligned value
learning.

III. BACKGROUND

a) MDP with observations and action chunks: We con-
sider an episodic, discounted Markov decision process (MDP)
M = (S,A, P, r, γ, T ), with state space s ∈ S, continuous
actions at ∈ A, transition function P : S × A → S, sparse
reward function r, discount factor γ, and horizon T . The
agent receives observations ot ∈ O and selects an action
chunk at:t+H , which is executed open-loop over the next H
environment steps.

Following Li et al. [28], the H-step return is defined as

VH-step(st) =

t+H−1∑
τ=t

γτ−trτ + γHQH-step(st+H , at+H:t+2H), at+H:t+2H ∼ π(st+H), (1)

where QH-step is an unbiased action-value function over H-
step action chunks. This formulation propagates value infor-
mation back over H steps at once and better matches modern
imitation and visuomotor learning frameworks in which poli-
cies generate temporally extended action sequences.



b) Offline RL and multi-step bootstrapping: In offline
reinforcement learning [27], we assume access to a fixed
dataset D = {(s, a, s′, r)} collected from M by an unknown
behavior policy πβ . We train a critic Qϕ by minimizing a
temporal-difference loss with multi-step bootstrapping over
action chunks of length H:

LQ(ϕ) = E st, at:t+H ,
st+H , rt:t+H∼D

[(
Qϕ(st, at:t+H)−

H∑
τ=1

γτrt+τ − γHVϕ̄(st+H)
)2

]
, (2)

where ϕ̄ denotes the parameters of a slowly updated target
network with Polyak averaging configured by parameter τ .
The value function Vϕ̄ estimates the expected return under the
current policy,

Vϕ̄(st) = Qϕ̄(st, at:t+H), at:t+H ∼ πθ(st), (3)

with policy parameters θ. The policy is trained to maximize
the critic while remaining close to the behavior distribution:

θ = argmax
θ

Est∼DEa∼πθ

[
Qϕ̄(st, a)

]
, s.t. D(πθ, πβ) < ϵ, (4)

where D(·, ·) is a divergence measure and ϵ controls the degree
of regularization.

c) Conditional normalizing flows: Normalizing flows
(NFs) [42] are expressive models capable of representing mul-
timodal policies over high-dimensional action chunks [50, 29]
and can be simply trained with reinforcement learning [18].
An input latent variable z0 ∈ Rd is sampled from a base dis-
tribution p0, and transformed through a sequence of invertible
mappings fk(·; c) conditioned on c ∈ Rm:

zK = fθ(z0; c) = fK(· · · f2(f1(z0; c); c); c), (5)

where c typically encodes the current observation. The condi-
tional density follows from the change-of-variables formula:

log pθ(zK | c) = log p0(z0)−
K∑

k=1

log

∣∣∣∣det ∂fk(·; c)∂zk−1

∣∣∣∣ . (6)

Maximizing (6) enables exact likelihood evaluation and ef-
ficient sampling. As a policy parameterization, this allows
us to sample action chunks ak ∼ πθ(· | ok) and compute
log πθ(ak | ok), which is critical for conservative regulariza-
tion toward the behavior policy πβ during offline and online
fine-tuning.

IV. METHOD

A. Setting
We learn a visuomotor policy πθ(a | o) and deploy it in

a real robotic environment that provides observations ot and
rewards rt. The robot executes action chunks of horizon H:
at each decision step k, the policy samples a sequence ak =
(ak,0, . . . , ak,H−1), which is executed open-loop (or with low-
level stabilization). Observations ot include camera images,
robot proprioception, and a small number of actions from the
previous chunk that have not yet been executed. This enables
real-time chunking (RTC) [6] and provides the policy with
context about its recent action history. We found RTC to be
helpful not only because of improved inference time but also
in terms of improving the performance thanks to the context
about previous actions.
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Fig. 2. Actor–critic architecture of SERNF. The actor is a conditional
normalizing flow (NF) that models an invertible mapping between action
chunks and a base Gaussian distribution. It consists of K stacked NF blocks,
each applying affine transformations to a subset of tokens conditioning on
observations. In the forward process, sampled actions are mapped to the
base distribution, yielding tractable log-likelihoods used for behavior cloning
supervision (8). In the reverse direction, latent samples drawn from the
Gaussian are transformed into actions through fully differentiable operations,
enabling gradient-based policy optimization using the critic. The critic is a
transformer-based Q-network that predicts action-chunk values conditioned on
observations. Q-values are parameterized using an HL-Gaussian distribution
to improve regression stability. To mitigate overestimation bias, the final Q
estimate is computed by taking the minimum over multiple critic predictions.

B. Normalizing-flow policy

We parameterize the policy πθ(a | o) as a conditional
normalizing flow, which enables efficient sampling, end-to-
end differentiation and exact log-likelihood evaluation. This
property is critical for seamless integration into RL pipeline
and conservative regularization toward an initial policy during
offline and online fine-tuning.

We implement each normalizing-flow transformation
fk(·; c) using a transformer-based architecture [26]. Inspired
by NinA [50], we adopt coupling layers similar to Real-
NVP [13]. During the forward pass, ground-truth actions (nor-
malized to [−1, 1] using dataset statistics) are first perturbed
with small Gaussian noise N (0, σ2

noise), which has been shown
to be crucial for stable action modeling [18, 50]. To enable
bounded action space support, we then apply an element-wise
tanh−1 transformation as the next step.

Each flow step operates on latent variables zk =
[z1, . . . , zH ], where each element corresponds to one action
in the chunk. The variables are randomly partitioned into
two equally sized subsets xk1

and xk2
. Conditioned on c,

xk1
is processed by a nonlinear transformation gk(xk1

, c)
implemented via stacked self-attention over xk1

and cross-
attention between xk1 and c. The outputs s and b parameterize
an affine transformation applied to xk2 :

y2 = exp(tanh(s))⊙ xk2
+ b,

while y1 = xk1 . Concatenating y1 and y2 produces zk−1. This
design ensures invertibility and enables efficient computation
of the Jacobian determinant. The final latent variable z0
is used to compute log p0(z), allowing optimization of the
exact log-likelihood in (6). The inverse pass applies the same
transformations in reverse order. A schematic overview is



Algorithm 1: Normalizing-flow policy over action
chunks
Input: Observation o, base distribution p0(z),

invertible flow fθ(·; o)
c← Enc(o)
Forward pass (likelihood evaluation):
z0 ← fθ(a; c) ▷ actions → latent

log πθ(a | o)← log p0(z0) + log |det Jfθ (a; c)|
Inverse pass (action generation):
z0 ∼ p0(z)
a← f−1

θ (z0; c) ▷ latent → actions

log πθ(a | o)← log p0(z0)− log
∣∣∣det Jf−1

θ
(z0; c)

∣∣∣
Algorithm 2: Action-chunk selection with critic eval-
uation
Input: Observation ok, policy πθ, critic Qϕ, number

of samples Nπ

Output: Selected action chunk ak
▷ Sample and score candidate chunks
for i = 1 to Nπ do

a(i) ∼ πθ(· | ok)
q(i) ← minj Q

(j)
ϕ (ok, a

(i))

ak ← argmaxi q
(i)

return ak

shown in Fig. 2, and pseudocode is provided in Alg. 1. When
using N (0, I) as p0(z) for training we can sample from
N (0, σ2

sample), σsample ≤ 1 during inference to obtain more
likely actions which can help to improve performance [29].

C. Action-chunked critic

Following Li et al. [28], we learn a critic that matches the
chunked control interface:

Qϕ(ok,ak) ≈ E
[H−1∑

i=0

γirk,i + γHVϕ(ok+1)
]
, (7)

where ok+1 denotes the observation at the next decision
boundary.

Inspired by recent findings on value learning stability
[15, 48], we parameterize the critic as a categorical distri-
bution trained using a cross-entropy objective. We employ
HL-Gauss [22] as the distributional parameterization, which
improves stability and scalability in practice.

D. Algorithm

Our approach, Sample-Efficient Reinforcement learning
with Normalizing Flow (SERNF), consists of four training
stages (Alg. 3).

a) I. Policy Initialization: We first train the normalizing-
flow policy using imitation learning on a filtered dataset of
successful trajectories Ddemo, a standard and effective baseline

Algorithm 3: SERNF training pipeline
Input: Demo data Ddemo, offline data D
Output: Fine-tuned policy πθ and critic Qϕ

▷ Stage I: Imitation learning
foreach minibatch (o, a) ∼ Ddemo do
LIL ← −E[log πθ(a | o)]
θ ← θ − ηπ∇θLIL

▷ Stage II: Offline critic warm-up
repeat

âk+1 ∼ πθ0(· | ok+1)

y ←
∑H−1

t=0 γtrk,t + γH(1− d)Qϕ̄(ok+1, âk+1)
LQ ← CrossEntropy(Qϕ(ok, ak), y)
ϕ← ϕ− ηQ∇ϕLQ

until convergence on D
▷ Stage III: Full offline RL
repeat

Update critic as above
aπθ
← Alg. 2

Compute log πθ(ad | o) using Alg. 1
θ ← θ − ηπ(E[Qϕ(o, aπθ

)]− λE[log πθ(ad | o)])
until convergence on D
▷ Stage IV: Online fine-tuning
while interaction budget remains do

Collect rollouts using Alg. 2
Add data to replay buffer
Update actor and critic with mixed (with ratio ρ)

offline and online data

for robot policy learning:

LIL = E(ot,a∗
t:t+H)∼Ddemo

[
− log πθ(a

∗
t:t+H | ot)

]
(8)

The resulting policy is denoted πθ0 . At inference time, we
can sample multiple candidate action chunks from πθ0 , eval-
uate their likelihoods exactly, and select the most likely one.
This strategy, which is difficult to implement for diffusion-
based policies, has been shown to improve performance [29]
and is also effective in our experiments.

b) II. Offline RL critic warm-up: Although imitation
learning yields strong initial policies, it typically relies on
high-quality demonstrations and cannot fully exploit subop-
timal data. Reinforcement learning, by contrast, can leverage
broader state–action coverage and optimize temporal efficiency
through discounting. Because the critic is randomly initialized,
we first warm up the critic by learning Q-values under πθ0

before updating the policy. The target value is

H−1∑
t=0

γtrk,t + γH(1− d)Qϕ̄(ok+1, âk+1), âk+1 ∼ πθ0 .

This warm-started critic can already be used to improve online
behavior by sampling multiple actions from πθ0 and selecting
the one with the highest estimated value, see Alg. 2.



c) III. Full offline RL: We then fine-tune πθ using a
full offline actor–critic pipeline. Directly maximizing Q(o, a)
can lead to exploitation of value estimation errors [27], so
we regularize the actor toward the data distribution, following
TD3+BC [17]:

max
θ

E[Q(o, a)]− λLIL.

This simple formulation with appropriate design choices has
been shown to outperform more complex alternatives [46, 47,
18] and adapts naturally to offline-to-online fine-tuning by
reducing λ during online interaction [4].

d) IV. Online RL fine-tuning: Finally, we perform online
fine-tuning on the real robot. Following Ball et al. [3], we
mix offline data with collected replay data at a fixed ratio ρ
and apply imitation regularization only to the offline data. All
other training components remain unchanged.

E. Implementation Details

Most hyperparameters are selected using simulation ex-
periments (subsection A) and transferred to real-world tasks
without modification, unless otherwise noted.

a) Policy architecture and normalizing flow: The policy
is parameterized as a conditional normalizing flow with 16
coupling attention-based blocks, each with hidden dimen-
sionality 256. We use an action chunk length of H = 10
across all experiments. During imitation learning, ground-truth
actions are perturbed with Gaussian noise N (0, σ2

noise), with
σnoise = 0.05 for simulation and σnoise = 0.01 for real-
world tasks; this magnitude is consistent with prior work [50].
At inference time, we sample latent variables with standard
deviation σsample = 0.7, which provides a good trade-off
between action diversity and distribution support.

b) Reinforcement learning and critic configuration: For
offline and online RL, we use two critics, following standard
practice. The imitation regularization coefficient is fixed to
λ = 0.1 across all tasks. Distributional critic hyperparameters
(including HL-Gauss configuration) are taken directly from
Tarasov et al. [48]. Additional training parameters can be
found in Appendix G2.

V. RESULTS

Appendix sections A-C provide detailed information on the
experimental setups we use, i.e. scissors extraction with tape
cutting (imitation learning → offline RL → online RL) and
palm-down in-hand cube rotation (RL in simulation → real-
world policy distillation → online RL).

A. Scissors Retrieval & Tape Cutting

Fig. 3 summarizes the performance evolution on the scissors
task as additional demonstrations and online interaction data
are incorporated. The initialized imitation policy presents a
50% success rate in the grasping phase but exhibits very
limited cutting performance. Offline RL substantially increases
the grasp success rate and exhibits limited pose adjustment
behavior. However, it acquired counterproductive backward
motion during cutting, preventing successful cuts. As the

Fig. 3. Performance evolution on the scissors task with respect to the number
of collected demonstrations. We collect 121 teleoperated demonstrations, of
which 71 are successful. The policy is first initialized via imitation learning
on successful trajectories, followed by offline RL fine-tuning using the full
dataset. Subsequently, we iteratively collect 10 online rollouts and fine-tune
the policy in an online RL setting. We report the success rates of grasping
the scissors (blue) and cutting the tape (orange), measured as the number of
successful executions out of 10 rollouts from a fixed test configuration. Offline
RL substantially improves the grasp success rate, while online RL gradually
increases the overall task success.

Fig. 4. Performance evolution of the cube rotation task with regards to real-
world data collected during online fine-tuning of SERNF. We report rotations
per minute (RPM, blue) and cumulative rotation per trajectory (orange). The
policy is initialized via teacher–student distillation in massive simulation,
trained for 20M steps, and subsequently deployed and fine-tuned online in the
real world using SERNF. For every 1,000 gradient updates, approximately 15
minutes of real-world interaction data are collected. The first 3,000 updates
are used for critic warm-up, after which actor fine-tuning begins. A temporary
performance drop is observed at the onset of actor fine-tuning due to increased
policy exploration, followed by significant performance improvements as
training progresses.

iterative online training progresses, the policy learns to ac-
tively adjust the scissors’ pose and execute effective cutting
motions. Once the robot successfully picks up the scissors,
it is generally able to complete the cut, leading to a steadily
increasing cut success rate that reaches 70% at the end of
training (see Fig. 3).

Notably, we observe a slight decrease in the grasp success
rate in the later stage of online RL. We attribute this behavior
to two factors. First, as more rollouts are collected in which the
robot smoothly grasps the scissors and repeatedly moves back
and forth until the timeout (2 minutes), the relative proportion
of grasping behavior in the replay buffer decreases, leading to
increased errors in grasp execution. Second, by intentionally
avoiding data collection from the test configurations, the model
has fewer opportunities to correct grasping errors specific to
those positions, which reduces grasp performance during eval-
uation. Despite this trade-off, online RL significantly improves
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Fig. 5. Qualitative rollouts of SERNF on real hardware. Top: successful scissors retrieval and tape cutting task. Bottom: in-hand cube rotation task.

overall task success by enabling more robust and consistent
cutting behavior.

1) Baselines Comparison: Table I shows that the
normalizing-flow imitation policy used in SERNF performs
on par with flow-matching and ACT baselines when trained
with imitation learning, indicating comparable expressiveness
of the architecture for dexterous manipulation.

Moreover, simply adding more data does not resolve the
problem: augmenting imitation learning with additional teleop-
erated demonstrations yields only marginal improvements and
fails to enable cutting. Naively incorporating trajectories col-
lected during online interaction further degrades performance,
likely due to a distribution mismatch between expert tele-
operation and on-policy data. In contrast, SERNF effectively
leverages both offline and online data through reinforcement
learning, achieving substantially higher grasping performance
and enabling successful cutting only after online fine-tuning.

B. In-hand Cube Rotation
Figure 4 shows the performance evolution of SERNF during

real-world online reinforcement learning fine-tuning. During
the first 3,000 gradient updates after the teacher–student dis-
tillation initialization, the critic is warmed up while the actor
remains frozen, resulting in relatively stable but limited per-
formance. Early online performance achieves modest rotation
speeds, with most trajectories failing before completing a full
rotation.

Once actor fine-tuning begins, a brief performance drop is
observed due to increased exploration. Subsequently, perfor-
mance improves rapidly as the policy learns to both retain the
cube and execute faster rotations. By 5k steps after distillation,
the policy reaches 1.49 RPM, and finally peaks at 6.25 RPM
over 58 trajectories with a training time of 7k steps after
distillation and 105 minutes of real-world data. At this stage,
the policy consistently achieves continuous rotations, with an
average cumulative rotation of 1.01 full turns per trajectory
(see Fig. 5, bottom).

These results demonstrate that real-world RL fine-tuning
substantially refines the distilled policy, transitioning from
fragile, short-horizon behavior to stable grasp maintenance
with rapid, continuous in-hand manipulation.

VI. CONCLUSION, LIMITATIONS, AND FUTURE WORK

a) Conclusion: We presented SERNF, a framework for
sample-efficient real-world visuomotor policy fine-tuning that
combines expressive normalizing-flow policies with action-
chunked critics. By aligning policy representation, likelihood-
based regularization, and value estimation with temporally

TABLE I
SCISSORS TASK SUCCESS RATES FOR SERNF AND BASELINES.

+ SUPERSCRIPT DENOTES SUCCESSFUL TRAJECTORIES.

Policy N trajectories Grasping Cutting

ACT IL 71+ 0.5 0.0
Flow-Matching IL 71+ 0.5 0.1

NF IL with original data 71+ 0.5 0.1
NF IL + online RL data 83+ 0.1 0.0
NF IL + more teleoperation 97+ 0.6 0.0

SERNF (Offline only) 121 (71+) 0.8 0.0
SERNF (Full) 181 (83+) 0.7 0.7

extended action execution, SERNF enables stable off-policy
reinforcement learning under limited real-world interaction
budgets. Crucially, aside from pretrained visual encoders,
SERNF requires only a small amount of task-specific real-
world data, yet succeeds on two long-horizon dexterous tasks
that are difficult to solve with IL or RL and sim-to-real alone.
Our results in these challenging dexterous manipulation tasks
demonstrate improved update stability, credit assignment, and
learning efficiency. We believe SERNF provides a practical
foundation for scalable and reliable real-world fine-tuning of
high-capacity visuomotor policies.

b) Limitations: Despite strong empirical results, several
limitations remain. First, real-world scalability is constrained
by the need for on-robot interaction and careful safety mea-
sures during fine-tuning. We focus on two dexterous manip-
ulation tasks, and scaling to many tasks or continual multi-
task fine-tuning on a single robot remains an open challenge.
Second, reward design plays a critical role in practice. Our ex-
periments rely on sparse, manually annotated rewards, which
limit scalability and may hinder learning when rewards are
poorly aligned. Finally, computation and implementation com-
plexity is higher than for simple Gaussian policies: normalizing
flows introduce additional architectural and training overhead,
increasing engineering and computational costs.

c) Future work: Several directions are promising. Au-
tomating reward labeling with VLMs could substantially
reduce manual effort and enable scaling to larger datasets
and task collections. Applying SERNF to large-scale VLA
models is another natural extension, where multimodal action
distributions and chunked control are already standard [23]. In
addition, evaluating SERNF on standard offline and offline-to-
online RL benchmarks, such as D4RL [16] or OGBench [40],
would help characterize its behavior across a broader range of
environments.
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Tschannen. Jet: A modern transformer-based normalizing
flow. arXiv preprint arXiv:2412.15129, 2024.

[27] Sergey Levine, Aviral Kumar, George Tucker, and Justin
Fu. Offline reinforcement learning: Tutorial, review,
and perspectives on open problems. arXiv preprint
arXiv:2005.01643, 2020.

[28] Qiyang Li, Zhiyuan Zhou, and Sergey Levine. Re-
inforcement learning with action chunking. CoRR,
abs/2507.07969, 2025. doi: 10.48550/ARXIV.2507.
07969. URL https://doi.org/10.48550/arXiv.2507.07969.

[29] Simon Kristoffersson Lind, Jialong Li, Maj Stenmark,
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Fig. 6. Real-world experimental setup. Left: scissors retrieval and tape
cutting with a 7-DoF Franka Panda arm and ORCA hand, using two wrist-
mounted RGB cameras and one external workspace camera. Right: in-hand
cube reorientation with the ORCA hand, performing continuous palm-down
rotations, using single-camera vision-based pose estimation.

TABLE II
SUCCESS RATES (OVER 4 SEEDS) ON ROBOMIMIC MH DATASETS.

Environment Imitation Learning Offline RL

Lift 0.79± 0.00 0.91± 0.04
Can 0.96± 0.00 0.96± 0.02
Square 0.61± 0.04 0.68± 0.05

APPENDIX

A. Simulation Tasks

We first validate our approach in simulation to identify rea-
sonable hyperparameters before deploying on real hardware.
We use the RoboMimic benchmark [32] and consider the Lift,
Can, and Square manipulation tasks. For all tasks, we use
the Mixed Human (MH) datasets, which contain a mixture of
successful and suboptimal demonstrations and are therefore
more challenging than Expert Human datasets. Policies operate
on image-based observations with resolution 84×84, encoded
using a ResNet-18 backbone [20]. We evaluate performance
using success rate over 100 rollouts.

Table II reports success rates (mean ± standard deviation
over 4 random seeds) for imitation learning (IL) and offline
RL fine-tuning. All policy architecture and offline RL hyper-
parameters are tuned exclusively on the Square task and then
reused without modification for Lift and Can.

Offline RL fine-tuning consistently improves performance
when the initial policy does not already solve the task. On
the Square task, offline RL yields an absolute improvement of
approximately 7%, while the Lift task shows an even larger
gain (from 0.79 to 0.91). In contrast, performance on the
Can task remains unchanged, as the imitation policy already
achieves near-perfect success.

Due to constrained computational resources, we limit train-
ing to approximately 270k gradient updates in total, whereas
prior works in offline RL commonly use 1–2 million updates.
Despite this reduced budget, offline RL already provides clear

gains, and we observe that performance continues to improve
with additional training. The primary goal of this simulation
experiment was to identify a set of stable hyperparameters
and verify the benefits of reinforcement learning over pure
imitation.

Notably, the selected hyperparameters transfer well across
tasks, including for the offline RL stage, which is often highly
sensitive to tuning choices [14]. Most of these hyperparameters
are reused unchanged in our real-world experiments.

B. Scissors Retrieval & Tape Cutting

This task features highly multimodal action distributions
and is hard to simulate due to complex interactions. We
test whether SERNF can successfully fine-tune an imitation-
initialized policy under limited real-world data.

1) Task Definition and Experimental Setup: The robot is
required to grasp a pair of scissors from a case and cut a tape
suspended from a support. All experiments are conducted on
a 7-DoF Franka Emika Panda arm equipped with a dexterous
ORCA hand [11] Fig. 6, left. The arm is controlled in end-
effector pose space, parameterized by position and quaternion
orientation. The overall action space comprises 24 degrees of
freedom. This task requires a high degree of precision, as the
scissor finger holes are only minimally larger than the robot’s
fingers. Moreover, the cutting motion is performed while the
scissors are manipulated in mid-air, and even small errors can
result in dropping them. The experimental setup includes three
RGB cameras: two egocentric cameras mounted on the hand
and one external camera mounted on the table. Additional
details regarding real-time inference and the experimental
setup are provided in Appendix E1.

2) Policy Initialization: The policy for this task is initial-
ized using imitation learning from 121 collected demonstra-
tions. The dataset was collected by teleoperating the robotic
system with motion capture gloves. Among these, only 71
demonstrations are fully successful and exhibit high-quality
execution of both the grasping and cutting motions, highlight-
ing the high precision required by the task. These successful
demonstrations are used to train the initial imitation learning
policy, while the remaining unsuccessful demonstrations are
incorporated later during the offline RL fine-tuning stage.
Additional details on the teleoperation and data collection can
be found in Appendix E2.

3) Implementation Details: To process the image stream
from the 3 views we use a pre-trained frozen DINOv2[39]
image encoder. The images are processed independently with
the same encoder, and then the image features are concate-
nated. After the initial policy is trained via imitation learning,
we augment the dataset with all available data points, including
both successful and unsuccessful demonstrations. The reward
is defined as sparse: a reward of 1 is assigned for successfully
retrieving the scissors from the case, and an additional reward
of 1 is assigned for successfully cutting the tape. Reward
labels are manually assigned by a human annotator. After
labeling the dataset, we perform an offline critic warm-up
phase for 5,000 gradient steps following Section IV-D0b,



followed by 1,000 steps of full offline reinforcement learning
as described in Section IV-D0c. We then perform 5 iterations
of online reinforcement learning fine-tuning (Section IV-D0d),
where, at each iteration, 10 policy rollouts are collected and
labeled using the defined reward at randomly selected locations
distinct from the test configurations. For each online RL
iteration, the policy is trained for 500 steps.

4) Metrics and Evaluation: Performance is quantified using
success rates for the two sequential stages of the task: (i)
grasping the scissors from the case and (ii) cutting the tape.
Since these subtasks are executed in sequence, successful
tape cutting requires successful completion of the grasping
stage. Success rates are computed over 10 runs, with each
run conducted at a different test configuration of the scissors
case and tape holder. The test configurations are illustrated
in Appendix E4. The episode terminates when the tape is
successfully cut, when the scissors are dropped, when the robot
arm reaches unsafe or infeasible configurations, or when a
maximum time limit of 120 s is reached.

C. In-hand Cube Rotation

This task represents a common sim-to-real pipeline in
dexterous manipulation: it features highly dexterous move-
ments and is impossible to teleoperate reliably due to latency,
retargeting errors and lack of haptic feedback to the operator.
We test if SERNF can successfully bridge the sim-to-real gap
with limited real-world fine-tuning.

1) Task Definition and Experimental Setup: The second
task is an in-hand cube orientation task, where the ORCA
hand palm faces downward and the cube is manipulated
without any external support (Fig. 6, right). The states are the
hand joints and the cube pose, while the actions correspond
to desired joint commands. The total action space dimension
is 17 DoF. This task fully exploits the dexterity of the ORCA
hand and represents a highly dynamic and precise scenario, as
even minimal control errors can lead to catastrophic failure, re-
sulting in the cube being dropped. For real-world deployment,
an RGB camera observes the cube from below. Cube pose
estimation is obtained by detecting its corners using a custom
neural network initialized from a pretrained Mask R-CNN
model, followed by a PnP-based pose reconstruction similar to
the pipeline in [19]. Additional details on cube pose estimation
and real-time inference are provided in the Appendix F2.

2) Policy Initialization: The starting policy is first trained
via PPO in simulation with domain randomization (DR) for
sim-to-real generalization. Training is performed in a par-
allelized IsaacLab simulation environment [36]. The teacher
policy is then distilled to our initial policy. The details of the
distillation and the simulation reward definition are provided
in Appendix F5.

3) Implementation Details: After the initial policy is
trained via distillation, we directly perform online reinforce-
ment learning refinement (Section IV-D0d). This choice is
motivated by the large sim-to-real gap in the simulated data,
which makes the inclusion of real-world data necessary. This
new setting highlights the flexibility of the proposed method,

as the training stages can be adapted or modified while still
improving policy performance.

The reward is again defined as sparse: a reward of 1 is
assigned for every 90◦ rotation of the cube. The rewards are
assigned manually, but can be easily automated, for example
by using the trained cube pose estimator.

We perform 7 iterations of online reinforcement learning
fine-tuning. In each iteration, the policy is executed for 15
minutes, and each successful 90◦ rotation is labeled with
a positive reward. When the cube is dropped, the policy
execution is restarted. Each online fine-tuning iteration is
trained for 1000 gradient steps.

4) Metrics and Evaluation: Performance is measured as (i)
the average cumulative cube rotation achieved before the cube
is dropped and (ii) the average number of rotations per minute
during the evaluation period. Testing consists of 15 minutes
of consecutive runs. Each run terminates when the cube is
dropped.

D. Baselines

With the baseline definition, we want to answer two key
questions:

1) Can the SERNF architecture effectively learn dexterous
robotic manipulation policies?

We compare SERNF against state-of-the-art robotic ma-
nipulation policies based on flow-matching architecture. Flow
matching is commonly adopted as a faster-inference alternative
to diffusion models while retaining the ability to model multi-
modal action distributions. This class of architectures is widely
used in the action heads of modern vision–language–action
(VLA) models [7, 5, 24]. Note, that RL policy finetuning with
flow-matching is not as straightforward as for NFs. We also
use ACT [53] as an additional baseline, that proved to be
effective in highly dexterous and precise tasks.

2) Are the robot trajectories leveraged effectively?
Both the offline and online components of the algorithm

either reuse previously collected data or acquire new data,
and we aim to evaluate whether this data is being leveraged
effectively compared to naive alternatives. To this end, we
compare against two additional baselines: (i) an imitation
learning policy trained on all successful trajectories collected
throughout training, including both the original teleoperated
demonstrations and those obtained during online RL refine-
ment; and (ii) an imitation learning policy trained on the orig-
inal expert demonstrations augmented with additional expert
data to match the total number of demonstrations used by
SERNF. In both cases, the SERNF architecture is trained using
only the imitation learning loss (8), with the RL part disabled.

E. Scissor Retrieval & Tape Cutting Task

1) Experimental Setup Details: We mount the Orca Hand
[11] on a Franka Emika Panda robot using a custom 3D-
printed mount with a 60-degree tilt. Two OAK-1 Lite cameras
are attached to the mount: one positioned underneath the hand
to enable accurate finger placement, and the other facing left
to provide visual guidance during scissor manipulation. The
third camera is an OAK-D Lite that provides a front view. We
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Fig. 7. Observation and real-time action-chunking structure for both tasks. At
each decision step, the policy takes as input the current observation together
with a sequence of prefix actions, which are previously predicted actions that
are queued and ready to be executed, and predicts a temporally extended
action chunk. The figure also illustrates how the next observation and next
prefix actions, used for reinforcement learning updates, are defined based on
the executed portion of the action chunk. (a) Scissor retrieval and tape cutting:
the policy uses 1 step of observation and 3 steps of prefix actions, and predicts
a subsequent chunk of 10 actions. (b) In-hand cube rotation: the policy uses
4 steps of position observations and 2 steps of prefix actions, and predicts a
chunk of 6 future actions.

use a single pair of craft scissors with a length of 144 mm
and a width of 65 mm, to cut 3M Scotch Magic Tape, which
is suspended freely and allowed to hang naturally. The same
pair of scissors is used throughout all experiments.

The Franka low-level controller runs on an Intel NUC at
1K Hz, receiving end-effector pose commands and executing
pose impedance control. A separate PC equipped with Intel i9-
11900K CPU and Nvidia RTX3090 runs the policy inference
at 10Hz and a hand controller that commands the finger motors
at 40 Hz. Communication between cameras, controllers, and
the policy inference node is handled using ROS 2. The
PC, NUC, and Franka controller are connected via Ethernet
through a network switch. A ROS 1–ROS 2 bridge is used
to interface the Franka controller with the policy inference
node. All camera images are cropped and resized to 224 ×
224 before being passed to the policy. The inference policy
runs at 10 Hz.

2) Teleoperation and Data Collection: Expert demonstra-
tions are collected using Rokoko Smart Gloves in combination
with the Rokoko Coil Pro, which together provide finger
motion capture and wrist pose estimation in 3D space. Human
finger postures are retargeted to the robotic hand joint angles
using an energy-based retargeting method [44].

All demonstrations attempt to complete the full cutting task
from a randomized initial configuration. Operators teleoperate
the system with direct visual observation of the scene and
make their best efforts to execute the task smoothly. Failed
trajectories are not intentionally collected; however, the overall

demonstration success rate is approximately 59%, primarily
due to scissor drops, activation of the Franka protective mode,
or unintended tilting of the scissor stand. The demonstrations
are collected by two operators, each exhibiting distinct teleop-
eration styles. The duration of the demonstrations ranges from
10 to 60 seconds. The recorded rosbag is sampled to a 10 Hz
sequence with linear interpolation.

Rewards are labeled manually after demonstrations are
collected. A sparse reward of 1 is assigned in the following
cases:

• Successful scissor retrieval: the hand securely grasps the
scissors and the scissors do not have contact with any
objects other than the hand.

• Successful tape cutting: the tape is fully cut into two
separate pieces.

3) Action Chunking and Real-Time Inference Implementa-
tion: As shown in Fig. 7, the policy uses 1 step of observation
and 3 steps of prefix actions following the observation and
predicts a subsequent chunk of 10 steps of actions. The
observations contain the RGB images, the joint positions of
the hand, and the end effector pose of Franka. The actions are
represented as relative positions of the end effector within the
current pose frame.

4) Test Configurations: We evaluate all policies under a
fixed set of predefined test configurations. Specifically, we
define 2 distinct test positions for the scissors and 5 distinct
test positions for the tape holder. A total of 10 combinations
can be seen in Fig. 8.

For each evaluation episode, a test configuration is sampled
from the predefined set. The length of the tape is randomized
across trials while ensuring that it remains freely hanging and
always reachable and cuttable by the robot. During on-policy
reinforcement learning rollouts, the initial configurations are
randomized to increase the diversity of collected experience.
All other experimental conditions, including the scissors, tape
type, and hardware setup, are held constant across evaluations.

Fig. 8. Test configurations for the scissor retrieval and tape cutting task. The
figure shows the 10 predefined test positions used for evaluation, covering
variations in the relative placement of the scissors and the tape holder. The
tape length is randomized across trials while ensuring that the tape remains
freely hanging and can be successfully cut in all configurations.

F. In-hand Cube Rotation Task

1) Experimental Setup Details: We mount the Orca
Hand [11] horizontally with an OAK-D Lite camera providing
the view from the bottom. Both the training and the inference
runs on a desktop with NVIDIA RTX 4090 GPU.



Fig. 9. Examples of synthetic training samples. Images are rendered
during parallelized IsaacLab training with randomized camera poses, lighting
conditions, and hand textures. Additional data augmentations are applied
offline, including random cropping, color jitter, random rotation, motion
blur, and synthetic occlusions. Backgrounds are randomly sampled from the
Places365 dataset [55] (A, B), IsaacSim textures and materials (C, D), and
custom in-house images of ceilings and walls (E, F).

2) Cube Pose Estimation: We use an OAK-D Lite camera
mounted approximately 30 cm below the hand holding the
cube. To estimate the cube pose, which is provided as input
to the policy, we follow the same approach as in [19]. We
also use the same cube, as its colors and surface features are
beneficial for tracking.

A large synthetic dataset is generated using parallel Isaa-
cLab environments. During policy rollouts, images are ren-
dered from a bottom-up viewpoint across 200 parallel environ-
ments, and cube corner keypoints are automatically labeled by
projecting the 3D cube corners into the image. Using an RTX
5090 GPU, we collected approximately 4 M images in 2 hours.
During data generation, the camera pose, lighting conditions,
and object textures are randomized.

We train a Mask R-CNN model, also adopted from [19],
consisting of a bounding-box ROI head, a mask head, and a
keypoint head on top of the ROI features. The total number
of parameters is around 60M. Input images are resized to
240 × 320. To improve robustness to real-world deployment
and severe occlusions, we apply heavy data augmentation,
including random cropping (scale 0.7–1.0), small random
rotations (±10°) with anisotropic stretching, Gaussian blur
and noise, random occlusions, and background replacement.
Examples of augmented samples are shown in Fig. 9.

The network is trained for 200,000 steps with a batch size
of 16 and a learning rate of 1 x 10−8. At inference time, the
network predicts the cube keypoints, which are then used in a
PnP-RANSAC pipeline to estimate the 6-DoF cube pose. The
resulting pose is further smoothed using a low-pass Kalman
filter for improved stability. The pipeline runs real-time at 16
Hz.

Despite these measures, performance remains challenging
due to severe finger occlusions during in-hand rotation and
suboptimal lighting conditions. To mitigate pose estimation
errors, we apply extensive domain randomization to the cube
pose during RL policy initialization, improving robustness to
inaccuracies in real-world pose estimates.

3) Action Chunking and Real-Time Inference Implementa-
tion: As shown in Fig. 7, at each decision step, the policy

receives as input a history of four timesteps of joint posi-
tions, cube position, and cube orientation (represented as a
quaternion), as well as one timestep of the previous action and
the previous joint position command. The goal command is
also included as part of the observation. Conditioned on these
observations and a sequence of two prefix actions, the policy
predicts an action chunk consisting of six timesteps of target
joint positions. The predicted joint positions are smoothed
using an exponential moving average with a smoothing co-
efficient of 0.5.

4) Teacher Policy Training: We train the teacher policy
fully in simulation using IsaacLab, in an environment that
models single-axis spinning of a 45 mm cube with the Orca
hand.

a) Simulation setup.: Each environment instance con-
tains an Orca hand and a rigid cube object placed above a
small kinematic platform. The platform provides support for
the first 6 seconds in each episode. After the support phase,
the platform moves out of the way, allowing the cube to fall
freely. We run 8192 parallel environments. The simulation runs
at 120 Hz with control frequency at 20 Hz and a finite-horizon
episode length of 32 s.

b) Observations, Commands, and actions.: The teacher
uses low-dimensional state observations (no images): normal-
ized hand joint positions and relative joint velocities, cube
position and orientation (quaternion), cube linear and angular
velocities, the commanded target angular velocity, the previous
action, the previous joint-position command, and a counting
down of the support of the platform. No noise is added
to the observations for teacher policy training. The action
is a target joint-position command (scaled to joint limits)
filtered with an exponential moving average (EMA) with
coefficient α = 0.5. During each episode, we sample a target
cube rotation command around the vertical axis with angular
velocity up to 1.5 rad/s. The command is held for 8–12 s before
resampling.

c) Reward shaping.: The teacher is trained with a dense
reward designed to stabilize grasping while tracking the com-
manded spin. Table III summarizes the reward terms and
weights used in simulation. Episodes terminate on timeout or
if the cube drops below a height threshold.

d) Domain randomization.: At startup, we scale the
robot link friction uniformly from the range [0.5, 1.3] and scale
robot link masses by [0.95, 1.05]. On reset we randomize:
actuator stiffness and damping (log-uniform scaling, 0.75–
1.5 and 0.3–3.0), small perturbations to joint limits, cube
friction (static in [0.5, 1.3]), cube mass scaling (uniform in
[0.2, 1.0]), cube initial pose/velocity perturbations, and gravity
perturbations (Gaussian additive noise with standard deviation
up to 0.5 m/s2 along z).

e) Teacher PPO training.: We train the teacher with
PPO as implemented in RSL-RL [43]. The policy and value
networks are MLPs with hidden sizes [512, 512, 256, 128]
and ELU activations. We use observation normalization for
both actor and critic, and a learned log standard deviation



TABLE III
REWARD SHAPING TERMS USED FOR TEACHER TRAINING IN SIMULATION.

Term Explanation Weight

Object position
tracking

Exponential tracking to the origin. +10

Rotation magni-
tude tracking

Exponential tracking to the command. +10

Rotation
direction
alignment

Alignment between cube angular veloc-
ity and commanded axis.

+30

Angular acceler-
ation

Penalty on cube angular acceleration. +1

Reaching object Encourage finger tips to get close to the
object.

+15

Pose closure Encourage the vectors from the finger
tips to the object’s center of mass to be
opposite to each other.

+2

Joint velocity
penalty

ℓ2 penalty on joint velocities. −10−4

Action penalty ℓ2 penalty on actions. −5× 10−4

Action rate
penalty

ℓ2 penalty on action differences. −10−2

DOF
acceleration
penalty

ℓ2 penalty on joint accelerations. −10−7

for the Gaussian policy (initial std 1.0). The PPO training
hyperparameters are summarized in Table IV.

TABLE IV
TEACHER PPO TRAINING HYPERPARAMETERS.

Hyperparameter Value

Rollout length (steps per env) 24
Max iterations 10,000
Learning epochs per iteration 5
Minibatches per epoch 4
Learning rate 10−4

LR schedule adaptive (target KL)
Desired KL 0.01
Discount factor γ 0.99
GAE parameter λ 0.95
PPO clip ϵ 0.2
Entropy coefficient 10−4

Value loss coefficient 1.0
Clipped value loss enabled
Gradient norm clip 1.0

5) Policy Distillation Procedure: We distill a PPO-trained
teacher policy into the SERNF model using IsaacLab. We
follow the principle as in [35], with adaptation to chunked
actions. During distillation, we applied strong observation
noise to the student to improve the robustness. This noise
consists of additive Gaussian noise and a random offset that is
reset at the beginning of each episode. Noise is applied to both
joint positions and velocities as well as to the object state.

We simulate 1,024 parallel environments during distillation.
At each time step, the teacher policy produces an action that is
recorded as a supervisory signal for the student. The executed
action is selected stochastically: with probability pteacher, the
teacher’s action is executed, and with probability 1 − pteacher
, the student’s predicted action is executed. A data buffer of
student observations and the corresponding teacher actions is

populated for 128 time steps. Observation–action pairs are
then extracted using a sliding window following the structure
illustrated in Fig. 7.

The student policy is trained using a behavior cloning loss
to match the teacher’s actions. The probability pteacher starts
at 1.0 and decays by a factor of 0.999 at each iteration to
gradually shift the control from the teacher to the student. We
initialize the policy by running this distillation process for 200
iterations, corresponding to approximately 20 million gradient
steps.

G. Additional Implementation Details

1) Network Architectures:

Visual Encoders

• ResNet-18 (Robomimic). Two separate ResNet-18 back-
bones are used for img0 and img1. Each encoder
follows the standard torchvision ResNet-18 up to the last
convolutional stage (no global average pooling and no
FC classifier). Activation: ReLU. Normalization: Batch-
Norm2d. Image normalization uses ImageNet mean/std
inside the forward pass. For 224× 224 inputs, the output
is a 7× 7 grid of 512-dim tokens (49 tokens).

• DINOv2 ViT-L/14 (Scissor). The encoder is
dinov2-vit-l from timm (ViT-L/14 with 4
register tokens). Images are resized to 224 × 224
with resize-naive. The backbone outputs patch
tokens (16×16 grid, 256 patches) taken from the
penultimate block; a linear projector maps 1024-dim
patch features to 512-dim tokens. Activation: GELU.
Normalization: LayerNorm. Finetuning mode: norm
(only LayerNorm parameters are trainable). A single
backbone is shared across the three camera views via
backbone_instance_name.

• No visual encoder (Orca in-hand). Only low-
dimensional proprioceptive and command inputs are
used.

Normalizing Flow Actor

• Model. RealNVP with 16 affine coupling layers and an
initial invertible ArcTanh.

• Coupling network. Each coupling layer uses a causal
TransformerBlock with hidden dim 256, 8 heads, and
block depth 1. The block consists of FlowBlocks with
self-attention, cross-attention, RMSNorm, RoPE posi-
tional embeddings, and SwiGLU MLP (SiLU gating).
Final scale/shift heads use GELU.

Critic Network (Q Chunking)

• Architecture. Each critic is a transformer encoder
(d model=512, nhead=8, 3 encoder layers, FF dim=256,
activation=GELU, dropout=0.1) operating over observa-
tion tokens plus an appended action token.

• Action token. Actions are projected via Linear + ELU
to 512-dim, with a learned action positional bias.

• Output. Distributional Q with 101 bins.



• Ensemble. Two critics are used in all NFQ-chunking
configs.

• Normalization. LayerNorm in each TransformerEncoder
layer.

Parameter Counts

• ResNet-18 (per encoder). 11,176,512 parameters (no
final FC).

• DINOv2 ViT-L/14 (per backbone + projector).
303,711,744 parameters.

• Flow actor (per policy). 16 coupling layers; per-layer
parameters are 3,283,904 + 1,282 × action dim, giving
total 16× (3,283,904 + 1,282× action dim).

• Critic (per critic). 3,999,077+512×(action dim+Ta+
1).

2) Additional hyperparameters values: We apply dropout
for πθ regularization, using a rate of 0.5 during policy initial-
ization (reduced to 0.2 for real-world experiments to accelerate
convergence under limited compute). During reinforcement
learning, the dropout rate is reduced to 0.1, as higher values
were found to degrade offline RL performance, while a small
amount of dropout remains beneficial [21, 49].

The number of inverse samples used for action selection
is set to 128 in simulation, 64 in real-world inference after
policy initialization, and 24 during RL fine-tuning due to GPU
memory constraints on the real robot system.

For the scissors task, the batch size is 256 for imitation
learning and 48 for all RL stages. For the cube rotation task,
the batch size is 1024 for distillation and 512 for the RL stage.

We use a high discount factor γ = 0.997, which is well
suited for the sparse-reward, long-horizon manipulation tasks
considered in this work. Target networks are updated using
Polyak averaging with τ = 0.05. During the online RL stage of
the simulated tasks, offline and online data are mixed with ρ =
0.5. In the real world tasks, during the online reinforcement
learning stage, training batches are constructed from a mixture
of offline and online data sampled in proportion to their sizes,
with offline data assigned a mixing weight of 0.5.

All models are trained using the AdamW optimizer [30]
with weight decay set to 10−4 throughout. The learning rate
is 10−4 during policy initialization and increased to 2× 10−4

during reinforcement learning to accelerate adaptation. We use
default Adam values β1 = 0.9, β2 = 0.999, ϵ = 10−8.

For scissors task, we first train imitation learning policy with
200,000 update steps, then the critic warm-up stage consists
of 5,000 gradient updates, full offline RL of 1,000 steps, and
online RL of 4,000 steps.

For the cube rotation task, we first distill policy using 20
million updates, then 3,000 steps of critic warmup, 1,000 steps
of full offline RL and 3,000 steps of online RL.

For simulation tasks, we train imitation learning policies for
30,000 steps.

3) Baseline Implementation Details: We compare SERNF
against strong baseline methods to evaluate the expressiveness

and accuracy of our approach in the imitation learning setting.
To ensure a fair comparison, the dataset, optimizer settings,
data augmentation strategies, and image encoders are kept
identical across all methods.

a) Action Chunking Transformer: We implement the Ac-
tion Chunking Transformer (ACT) [54] using a Transformer-
based architecture. A chunk size of 20 is used, as larger chunk
sizes are typically required to achieve strong performance with
ACT [54]. The style variable has a dimensionality of 32, and
the KL divergence loss is weighted by 10.

Conditioned only on low-dimensional state inputs, the ac-
tion encoder is a transformer with a model dimension of 512,
8 attention heads, 3 layers, a feedforward dimension of 2048,
and a dropout rate of 0.1. The action decoder uses the same
configuration and is conditioned on both low-dimensional
inputs and visual observations. Causal masking is applied to
both the encoder and decoder.

Temporal aggregation is used to ensure smooth and accurate
action execution, with an exponential weighting parameter of
k = 0.01.

b) Flow matching: The flow matching baseline is im-
plemented with DiT block policy backbone [12]. The model
has a dimension of 512, 8 attention heads, 4 DiT blocks, a
feedforward dimension of 2048, a dropout rate of 0.1, and uses
8 flow steps. Causal masking is applied throughout the model.
Both training and inference follow the procedure described
in [7]. Real time chunking [8] is applied, with the same
configuration as our SERNF, as shown in Fig. 7

H. Additional Experimental Results
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Fig. 10. Effect of action chunk length H on imitation learning performance
across RoboMimic Lift, Can, and Square tasks with 4 random seeds.

1) Ablation Studies: We conduct ablation studies to analyze
the sensitivity of SERNF to key architectural and algorithmic
design choices. The ablations in this subsection are per-
formed on simulated RoboMimic environments (Lift, Can, and
Square).
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Fig. 11. Effect of normalizing-flow depth (number of coupling blocks) on
imitation learning performance across RoboMimic tasks with 4 random seeds.
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Fig. 12. Effect of λ on offline RL performance across RoboMimic tasks
with 4 random seeds.

a) Effect of action chunk length.: Fig. 10 shows the effect
of varying the action chunk length H ∈ {6, 8, 10, 12, 14}.
Across all environments, intermediate chunk sizes yield the
most consistent performance. Our choice of H = 10 performs
robustly across Lift (0.79±0.02), Can (0.95±0.03), and Square
(0.63 ± 0.04), balancing temporal abstraction and controlla-
bility. Shorter chunks (H = 6) lead to a clear degradation
on the Square task (0.39 ± 0.16), while larger chunks do
not consistently improve performance and can slightly reduce
stability due to increased open-loop execution.

b) Effect of normalizing-flow capacity.: Fig. 11 ablates
the number of coupling blocks in the normalizing-flow policy,
varying the depth from 8 to 24 layers. Performance improves
with increasing capacity up to a point and then saturates.
A model with 16 coupling blocks achieves strong and sta-
ble performance across all tasks (Lift: 0.77 ± 0.08, Can:
0.94 ± 0.01, Square: 0.64 ± 0.06), while shallower models
underfit and deeper models provide only marginal gains at
higher computational cost. Based on this trade-off, we adopt
16 coupling blocks in all experiments.

c) Effect of BC coefficient.: Fig. 12 studies the impact
of the behavior cloning weight λ ∈ {0.01, 0.03, 0.1, 0.3, 1.0}

on offline RL performance. We observe that performance is
sensitive to this hyperparameter, with very small values leading
to unstable learning (especially on Can), while overly large
values bias the policy toward imitation and can reduce returns
on Lift. Overall, λ = 0.1 provides a good balance between sta-
bilizing policy optimization and allowing improvement beyond
the dataset, and we therefore use λ = 0.1 in all experiments.

2) Failure Mode Analysis: The primary failure modes
observed in the scissors task include grasp failure, scissor
dropping, and task timeout. Achieving a stable grasp is par-
ticularly challenging due to the absence of tactile sensing and
frequent occlusion of the index finger by the thumb in wrist-
mounted camera views. In both teleoperation and autonomous
execution, the fingers must be inserted deeply into the scissor
handles to achieve a secure grasp, which further increases
sensitivity to perception and control errors. Task timeouts
are typically caused by accumulated positioning errors while
navigating toward the tape. Additionally, the tape’s semi-
transparent appearance makes it difficult for the front-facing
camera to accurately estimate the relative depth between the
scissors and the tape, leading to imprecise cutting motions.

For the cube reorientation task, the dominant failure modes
are cube dropping and lack of motion. Cube localization
is highly noisy due to frequent occlusion by the fingers,
resulting in a significant sim-to-real gap that degrades policy
performance.

I. Computational Requirements and Software Details

Training of real-world policies was performed on NVIDIA
H200 and A100 GPUs (single GPU job), while policy infer-
ence and cube-task distillation were run on an NVIDIA RTX
4090. Simulation experiments were carried out on NVIDIA
TITAN RTX GPUs. GPUs were utilized at full capacity to
accelerate training and inference; however, all stages can be
executed on less powerful hardware by reducing batch sizes
or the number of sampled candidate actions during policy
evaluation.

For the scissors task, imitation learning pretraining required
approximately 35 hours, followed by 21 hours of offline
reinforcement learning. For the cube task, simulation-to-real
distillation required approximately 4 days on a consumer-
grade GPU, while the subsequent real-world offline RL stage
completed in about 2 hours.

At inference time, the policy executes one action chunk of
length H = 10 in approximately 0.24 seconds for the most
compute-intensive scissors task on an NVIDIA RTX 3090 Ti.
For the cube task, inference latency is below 0.1 seconds per
action chunk. These runtimes are compatible with real-time
control in all evaluated tasks.

During on-policy training of the scissors task, gradient
updates are performed on an NVIDIA H200 GPU, while
policy inference and data collection run on a separate desktop
equipped with an NVIDIA RTX 3090. The training and infer-
ence processes operate asynchronously and coordinate through
file transferring and human commands: model checkpoints



and experience buffers are stored in the disk and transferred
between machines. The inference process loads the latest avail-
able checkpoint for policy execution, while newly collected

experience is saved to disk and made available to the training
process. The model is implemented in PyTorch, and experience
buffers are stored on disk using Zarr.
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