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Abstract

Generalist robot policies, vision-language-action models that pair a large pretrained
vision-language backbone with a diffusion or low-matching action head, are increasingly
capable, yet hard to deploy in the real world. Three gaps separate such a policy
from a deployable one: a data gap (adapting to a new task still demands task-specific
teleoperation data), an inference gap (the policy samples its action distribution with
no control over how conservative or diverse the result is), and an architecture gap (a
large policy is too slow to replan often, so it must run its action chunks open-loop and
cannot react mid-motion). This thesis argues that these gaps can be closed not by
training larger models on more robot data, but by changing how a pretrained policy
generates its actions, with little or no additional training.

We develop three methods. DemoDiffusion (data) imitates a single human
demonstration instead of collecting teleoperation data: it retargets the human hand
motion into a coarse robot trajectory, then uses a frozen generalist diffusion policy to
refine it into plausible robot actions. It needs no task-specific or paired human-robot
data, and succeeds even where the base policy fails outright. Temporal Score
Rescaling (inference) rescales the learned score/flow at inference to draw from a
sharper or broader distribution than the model was trained on; it is training-free,
works with any diffusion or flow model, and improves image generation, depth, pose,
and protein design alongside robot policies. 7R? (architecture, inference) builds
on diffusion forcing to split conditioning into a fast proprioceptive channel and a
slow, asynchronously updated vision-language channel, so the policy reacts to fresh
proprioception while tolerating stale vision. A latency-adaptive schedule lets a single
model handle varying inference latency and emit actions in a single denoising step,
making a large policy reactive and real-time, several times faster than the original.

Together, these methods adapt, steer, and accelerate a pretrained policy, taking
vision-language-action models beyond what they can do as trained and toward real-

world deployment.
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Chapter 1
Introduction

A central goal of robot learning is a single generalist policy that can be told, in
natural language, to perform a wide range of manipulation tasks and simply do
them. The last few years have brought this goal remarkably close. Vision-language-
action (VLA) models, generalist policies built by attaching an action head to a
large pretrained vision-language backbone and training on hundreds of thousands
of teleoperated demonstrations, now follow language instructions, generalize across
scenes, and produce fluent multi-step behavior. These models are typically generative:
they represent the distribution over actions with a diffusion or flow-matching head
and sample action chunks from it, which lets a single policy capture the many valid
ways of completing a task.

Yet a capable pretrained VLA is not the same as a deployable one. When one tries
to put such a policy to work on a real robot and a new task, three practical gaps
appear again and again. First, a data gap: adapting the policy to a new task or
embodiment still tends to require task-specific teleoperation, which is slow to collect
and does not exist for the long tail of things we might want a robot to do. Second,
an inference gap: even a well-trained generative policy samples from its learned
distribution as-is, with no principled control over whether it draws the single most
likely action or explores the full breadth of behaviors, even though different situations
call for different amounts of diversity. Third, an architecture gap: the very size that
makes these policies capable also makes them too slow to replan often, so they must
execute their action chunks open-loop and cannot react to what they see mid-motion,
which is disqualifying for dynamic, contact-rich, closed-loop control.

This thesis argues that these gaps are not reasons to abandon generalist generative
policies but places to improve them, and that all three can be addressed by changing

how these policies generate their actions, rather than by training larger models with
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more robot data. It develops three methods that together span the three gaps, data,
inference, and architecture, each requiring little or no additional training of the

underlying policy.

1.1 Thesis Statement

Pretrained generalist generative policies are powerful but hard to deploy:
they demand task-specific data, sample without control over their own dis-
tribution, and run too slowly to react. Rather than train ever-larger models,
we can close these data, inference, and architecture gaps by changing how a
pretrained policy generates its actions, with little or no additional training.
Concretely, we adapt it to a new task from a single human demonstration,
steer its sampling distribution, and accelerate it into a reactive, real-time

controller.

The three methods share one idea: a modern generalist policy is a score/flow-based
generative model, and the sequence of denoising steps that turns noise into an action is
a rich surface for adding capability with little or no additional training. Each method

changes a different part of that process to close a different gap.

1.2 Contributions

The contributions of this thesis are as follows:

e One-shot imitation from a single human demonstration (DemoDiffu-
sion, Chapter 4).! Closing the data gap, we show that a frozen, pretrained
generalist diffusion policy can be turned into a one-shot imitator by treating a
kinematically retargeted human demonstration as a partially noised trajectory
and denoising it back onto the manifold of plausible robot actions, in the spirit of
SDEdit. The method needs no task-specific training and no paired human-robot
data, and it succeeds even on tasks where the underlying generalist policy fails

outright.

o Training-free control of sampling diversity (TSR, Chapter 5).? Closing

the inference gap, we introduce a mechanism to steer the sampling sharpness

DemoDiffusion was accepted to ICRA 2026 [85].
2Temporal Score Rescaling was accepted to ICML 2026 [116].



CHAPTER 1. INTRODUCTION 3

of any pretrained diffusion or flow model by rescaling its learned score/flow,
controlling a local sampling temperature without fine-tuning, without extra
model forward passes, and compatibly with both deterministic and stochastic
samplers. We characterize its behavior analytically for simple distributions and
validate it across five disparate domains, from robot manipulation to image

generation and protein design.

« Reactive real-time flow policies (7R?, Chapter 6).3 Closing the architec-
ture gap, and reaching into inference as well, we make large action-chunking flow
policies reactive and real-time through two ideas built on diffusion forcing: a
split of conditioning into a fast proprioceptive channel and an asynchronously
updated slow vision-language channel, and a latency-adaptive schedule that
emits actions in a single denoising step per call. Finetuned from a pretrained
policy on a real arm-hand platform, it closes the loop several times faster than

the original.

e A unifying view of generalist-policy deployment. We frame these meth-
ods as complementary ways of changing how a pretrained policy generates its
actions, and discuss (Chapter 7) what they reveal about adapting, steering, and

accelerating such policies with little or no additional training.

1.3 Thesis Organization

The remainder of this thesis is organized as follows. Chapter 2 reviews the technical
background: imitation learning and generalist manipulation policies, diffusion models
and flow matching, action-chunking and real-time execution. Chapter 3 reviews the
related work in four areas: generalist manipulation policies, learning from human
and non-robot data, real-time and reactive execution, and controllable generation in
diffusion and flow models. Chapter 4 presents DemoDiffusion, one-shot imitation
from a human demonstration. Chapter 5 presents TSR, temporal score rescaling
for controllable sampling. Chapter 6 presents mR2, reactive real-time flow policies.
Chapter 7 draws out the connections among the three methods, their shared limitations,

and directions for future work, and Chapter 8 concludes.

37R? is under review for CoRL 2026.



Chapter 2
Background

This chapter introduces the technical concepts that recur throughout the thesis. All
three methods act on generalist generative policies: policies that imitate demonstrations
(Section 2.1), represent actions with diffusion or flow-matching models (Section 2.2),
and predict actions in chunks that must eventually be executed on real hardware
(Section 2.3).

2.1 Imitation Learning and Generalist Manipula-

tion Policies

We study manipulation in the imitation-learning setting. A policy my(a | 0) is trained on
a dataset of demonstrations, each a sequence of observation-action pairs, to reproduce
the demonstrated behavior by maximizing the likelihood of demonstrated actions
under the policy. Observations o combine one or more camera views, proprioception,
and, increasingly, a natural-language instruction; actions a are typically end-effector
or joint targets.

A generalist manipulation policy pushes this recipe to scale. Rather than training
a separate policy per task, one trains a single language-conditioned policy on a
large, diverse corpus of demonstrations spanning many tasks, scenes, and, in some
cases, embodiments. Modern instances, often called vision-language-action (VLA)
models [56, 57, 133], initialize from a large pretrained vision-language backbone
and attach an action head, inheriting broad visual and semantic priors and then
learning to act. The policies used in this thesis, such as my [11, 45] and GRO0T-family
models [10, 80], follow this pattern. Because the space of valid behaviors for a given

instruction is genuinely multi-modal, these policies are almost always generative: they
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model a distribution over actions rather than a single deterministic mapping, which is

what motivates the diffusion and flow-matching machinery reviewed next.

2.2 Diffusion Models and Flow Matching

Diffusion and flow-matching models are the generative backbone of every method in
this thesis, so we review them in a common language. Both define a process that

gradually transforms clean data zy ~ pqata into noise and learn to reverse it.

Score-based diffusion. A forward process progressively adds Gaussian noise, pro-
ducing a family of noised marginals p; that interpolate between the data distribution
at t=0 and an approximately Gaussian distribution at t=1. Sampling runs the process
in reverse, and the only quantity needed to do so is the score of each noised marginal,
V. logpi(x). A network is trained by denoising score matching to approximate this
score [42, 104] (equivalently, to predict the noise € added to a sample), and new
samples are drawn by numerically integrating the reverse-time dynamics with either
a deterministic (probability-flow ODE) or a stochastic (reverse SDE) sampler. This
score-function view is central to Chapter 5, which intervenes directly on the predicted

score at inference time.

Flow matching. Flow matching [62] learns a time-dependent velocity field that
transports a simple base distribution to the data distribution along (often straight-line)
probability paths, trained by regressing the velocity onto a conditional target. At
inference, one integrates an ODE from noise to data. Flow matching and diffusion are
closely related, the learned velocity and the score are affine reparameterizations of
one another [3], so techniques derived for one transfer to the other. Flow-matching

policies are the substrate of Chapter 6.

Partial noising, then denoising (SDEdit). A key primitive for Chapter 4,
introduced by SDEdit [75], is that one need not start sampling from pure noise. Given
an approximate or corrupted sample, one can add a controlled partial amount of noise,
up to an intermediate time s, and then denoise all the way from s back to 0. The
result stays close to the input while being pulled onto the model’s data manifold; the
choice of s trades off fidelity to the input against realism under the model. This is the
mechanism by which a coarse trajectory can be refined by a frozen policy without any

retraining.
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2.3 Action Chunking and Real-Time Execution

Manipulation policies rarely predict a single action. Instead they predict an action
chunk [130], a short horizon of H future actions, and execute some or all of it before
replanning. Chunking improves temporal consistency and reduces compounding error,
and it is the standard output format of diffusion and flow policies. But it introduces
a tension central to Chapter 6: a chunk is generated from a single past observation
and then executed open-loop, so the policy cannot respond to new observations that
arrive mid-chunk. Replanning more frequently would restore reactivity, but running a
large backbone plus multiple denoising steps is slow, and this inference latency caps
how often a policy can replan, leaving committed actions stale. Diffusion forcing [16],
which assigns each position in the chunk its own noise level, provides a flexible way to
reconcile chunked prediction with frequent, partial replanning, and is the foundation

7R? builds on.
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Related Work

This chapter reviews the four areas the thesis builds on: generalist robot policies,
learning manipulation from human and non-robot data, reactive execution of action-
chunking policies, and controllable generation in diffusion and flow models. Method-

specific baselines appear in the respective chapters.

3.1 (Generalist Manipulation Policies

There has been a growing trend in developing ‘generalist’ robotic policies that can
perform multiple tasks based on a specified goal in the form of an image or a language
instruction. Collecting large-scale robot interaction datasets [32, 110] combined with
behavior cloning and vision-language pre-training [9, 11, 14, 46, 48, 57, 133] is the
predominant recipe for training such multi-task policies. However, since collecting
large-scale robot interaction datasets in natural settings like homes and offices is
challenging due to operational constraints, current best models still struggle to perform
manipulation tasks zero-shot and thus are not yet deployable in-the-wild.
Architecturally, predicting a chunk of future actions rather than a single action,
introduced by ACT [130], improves the temporal coherence of imitation-learned policies
and has since become standard, including for mobile and contact-rich manipulation [33,
131]. This design has been widely adopted by expressive multi-modal policies based
on diffusion [19] and flow matching [117, 127]. Foundation robotics models also couple
chunked flow-matching action heads with large vision-language backbones, yielding
vision-language-action (VLA) models that scale imitation learning across diverse tasks
and embodiments [20, 55, 56, 133]. Notable examples include my/my 5 and GROOT N
series, whose vision-language module feeds a flow-matching action head conditioned

on robot proprioception [11, 45, 80].
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Precisely to address this deployment gap, DemoDiffusion (Chapter 4) enables
using such generalist diffusion policies to follow a human demonstration, letting them

perform tasks that the pre-trained policy struggles to accomplish zero-shot.

3.2 Learning from Human and Non-Robot Data

Instead of requiring large-scale robot interaction datasets, a growing body of works
have begun utilizing human videos and large-scale web videos for robotics. These
approaches have been enabled by recent advances in computer vision for representation
learning [27, 38, 132], predicting tracks [26, 51], and reconstructing hand-object
interactions from monocular videos [88, 94, 118, 119]. Earlier works had already learned
self-supervised visual representations from such non-robotic datasets [21, 35, 36], which
can serve as the visual backbone of robotic policies [52, 72, 73, 78, 83, 114]. Recent
works in this paradigm predict manipulation-relevant cues from web videos in the form
of motion trajectories [8, 98, 107] and object affordances [5, 74, 99, 105] and combine
these predictive models with a limited amount of robot interaction data for training
policies via conditional behavior cloning. DemoDiffusion (Chapter 4) is orthogonal
to these approaches in that instead of using human videos for training, it requires a
single human demonstration during deployment for guiding a pre-trained generalist

policy to perform a new task.

One-shot imitation from robot demonstrations. One-shot imitation aims to
enable robots to perform a new task with guidance from a single demonstration. Prior
works have explored this in the context of a robot demonstration provided at test time,
via training demonstration-conditioned policies [22]. Recent works have developed
learning-based visual servoing systems [109] and algorithms for identifying object
invariances [129] to replicate the robot end-effector actions from the demonstration
onto novel configurations of objects. However, requiring a robot demonstration for
imitation is restrictive for ubiquitous deployment as end-users might find it challenging

to tele-operate the robot to collect demonstrations in natural human environments.

One-shot imitation from human demonstrations. To imitate a human demon-
stration for robot manipulation, a straightforward approach is kinematic retargeting
of the human hand pose to the robot end-effector pose per time-step, as demonstrated
by some recent works [60, 61, 82]. Although simple to implement, the human-robot

embodiment mismatch typically introduces errors in the retargeting and the open-loop
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execution is brittle to object pose variations during deployment. To remedy this,
another line of works seek to learn this retargeting implicitly by training a closed-loop
policy from paired human-robot datasets [47, 84] enabling more flexible deployments.
Since such paired datasets are difficult to collect, other works [4, 18, 37, 70] per-
form reinforcement learning with reward functions derived from video comparison.
However, such methods require online interaction and resets, limiting their practical-
ity. DemoDiffusion (Chapter 4) proposes an alternate paradigm: given the human
demonstration, it refines retargeted human behavior using a pre-trained robot policy,
avoiding brittle replays and enabling closed-loop control. This formulation avoids both
expensive paired human-robot data collection and cumbersome test-time fine-tuning

via interaction.

3.3 Real-Time and Reactive Policy Execution

For dynamic tasks, committing a (sub-)chunk open-loop is suboptimal, as it cannot
react to sensory input arriving mid-execution. The high inference latency of modern
VLAs has motivated methods for executing action chunks smoothly while the next
prediction is computed [115]. RT'C maintains continuity across asynchronous chunks via
inference-time inpainting on a frozen action prefix, while Training-Time RTC instead
folds this prefix conditioning into training, avoiding the extra inference-time cost [12,
13]. Streaming Diffusion Policy and Streaming Flow Policy emit actions incrementally
from a diffusion-forcing-style variable-noise buffer maintained across observations [43,
49]. None, however, address the latency of repeatedly conditioning on a large semantic
backbone; Streaming Diffusion Policy, for instance, uses compact visuomotor policies
and runs synchronously. Concurrent to 7R? (Chapter 6), FASTER [69] similarly
reduces reaction latency in flow-based VLAs via a diffusion-forcing-inspired horizon-
aware schedule with action-prefix conditioning, but forwards the backbone once per
chunk and conditions all actions on a single fixed observation, improving latency and
smoothness without improving reactivity to sensory input arriving during execution.

Coupling a large backbone with multi-step flow-matching denoising only exacerbates
the reactivity problem: the combined per-call latency limits how often the policy can
replan. Crucially, this backbone latency would persist even under a diffusion-forcing
schedule, since each emitted action still requires a full forward pass through the slow
semantic backbone. mR? (Chapter 6) instead exploits an asymmetry these models
already expose (proprioception is far cheaper to process than vision and language),

refreshing proprioceptive conditioning at every control tick while letting the slow
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vision-language features update asynchronously, making this same class of models

reactive.

3.4 Controllable Generation in Diffusion and Flow
Models

A widely adopted mechanism for steering sampling in diffusion and flow models is
to leverage Classifier-Free Guidance (CFG) [41]. While this allows one to trade off
likelihood and diversity by controlling the effect of the conditioning on the drawn
samples, it is fundamentally different from temperature scaling. Moreover, CFG
cannot be applied to unconditional models and even for conditional ones, requires
training with condition dropout. An alternative to CFG by Karras et al. [53] is to use
a ‘bad version’ of the diffusion model for guidance, but its probabilistic interpretation
is unclear and it also requires intermediate checkpoints which are not widely available
even for open-weight models. In comparison, TSR (Chapter 5) serves as a plug-
and-play technique compatible with any diffusion and flow matching model without
any requirement on training. Moreover, as demonstrated for image generation, it is
orthogonal to CFG and can be applied together for further improvement in quality.

We are not the first to consider temperature sampling in the context of diffusion
models. In particular, Shih et al. [100] presented a technique to finetune diffusion
(and autoregressive) models for temperature scaled inference. Their approach assigned
an importance weight to each training sample based on its likelihood approximated by
computing its ELBO with respect to a pretrained diffusion model on the same data.
However, this approach is not training-free, making it difficult to leverage for large
models and impossible in scenarios where training data is unavailable. An alternative
training-free approach is to modify the reverse sampling by applying stochastic MCMC
corrector steps [28, 104], but can incur 5 times additional computation. Recent
work [101] avoid excessive corrector steps by re-weighting on batches of samples,
which is inefficient when only one sample is desired (e.g., image generation, robot
manipulation). In contrast, TSR is a training-free approach that has zero inference
overhead.

Perhaps the closest to TSR in terms of being efficient and training-free is the
technique of ‘Constant Noise Scaling” (CNS) where one scales the stochastic noise
at each sampling step by a constant. While CNS is the de facto approach to control

sample variance in several domains [34, 120], as Shih et al. [100] point out, it is only a
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‘pseudo temperature’ sampling method. Intuitively, the noise-to-score ratio controls the
strength of exploration versus converging to distribution modes during sampling. By
scaling down this ratio by a constant, CNS over-suppresses exploration at high noise
levels and under-suppresses it at low noise levels, leading to inadequate exploration
of the data space when the model should recover global structure. CNS behaves
differently from temperature scaling and drops modes even for simple distributions.
Moreover, CNS only applies to stochastic samplers and struggles with modern flow-
matching models. In contrast, TSR (Chapter 5) proposes a time-dependent score
scaling schedule that preserves the global structure of the sampled distribution and is

compatible with both deterministic and stochastic samplers.



Chapter 4

Bridging the Embodiment Gap:
One-Shot Imitation from Human

Demonstrations

Building on the manipulation background of Chapter 2, this chapter presents De-
moDiffusion, which closes the data gap identified in Chapter 1: adapting a pretrained
generalist policy to a new task without collecting task-specific teleoperation data.t

How do we build robot manipulation systems that can be readily deployed in
unstructured human environments? One possible answer is to learn ‘generalist’ policies
that are capable of accomplishing any generic task (specified via some description,
e.g. language or an image goal) in any environment. Indeed, there is a general
optimism about this paradigm, reflected in several ongoing efforts to collect large-scale
demonstration datasets to train such policies. While these efforts have produced
unified policies capable of diverse tasks [11, 14, 48, 57, 133], these policies still struggle
to perform meaningfully when deployed zero-shot to novel environments or asked to
perform unseen tasks. Deployment thus often requires additional fine-tuning using
task-and-scene-specific robot demonstrations [11], but this is a non-trivial overhead,
as collecting robot demonstrations in the real world can be time-consuming and
beyond the expertise of an average user. We instead pursue an alternate deployment
mechanism: leveraging a pre-trained generalist policy to perform a task by imitating
a single human demonstration.

We are of course not the first to consider this goal of allowing robots to imitate any

given human demonstration. One common approach [17, 61, 82, 111] is to instantiate

'DemoDiffusion was accepted to ICRA 2026 [85].
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Figure 4.1: Overview of DemoDiffusion. We show how generalist pre-trained
diffusion policies can be used to follow a generic human demonstration of a manipula-
tion task during deployment. Our real-world manipulation results encompass a wide
diversity of tasks involving everyday objects.

this as a kinematic retargeting task and compute open-loop robot actions that maximize
a manually defined similarity between the achieved robot end-effector configuration
and the observed human hand poses (e.g. matching locations of fingertips). However,
the human-robot embodiment mismatch makes it difficult for the retargeted actions
to achieve precisely the same effects as the human ones, and the open-loop execution
further makes the approach brittle to noise and scene variations. Another line of work
for human imitation attempts to learn robot policies through online reinforcement
learning [4, 18, 37, 67, 68], where the human demonstration helps define reward
functions. While this can overcome the embodiment gap, such test-time online RL
requires hours of online interaction and resets, making it difficult to adopt for generic
real-world manipulation tasks, especially in safety-critical scenarios. We seek an
approach that, like kinematic retargeting, can be deployed one-shot (i.e. without test-
time training), but still benefits from learned priors for precise closed-loop interaction.

Our approach builds on the insight that pre-trained diffusion policies can act as
priors for robot action. Inspired by prior work on leveraging pre-trained diffusion
models for image editing [75], we present DemoDiffusion, a formulation that utilizes a
diffusion policy trained on robot interaction data to synthesize coherent robot actions
from a human demonstration. Specifically, we first perform kinematic retargeting by
extracting human hand poses from the demonstration and obtain an open-loop robot

action trajectory. While this trajectory is typically suboptimal due to embodiment



CHAPTER 4. ONE-SHOT IMITATION FROM HUMAN DEMONSTRATIONS14

differences and a lack of closed-loop feedback, it serves as an effective initialization
that can be improved via a diffusion policy. We do so by injecting Gaussian noise
and applying the pre-trained diffusion policy to iteratively denoise the trajectory
conditioned on robot observations, yielding a refined, executable sequence of robot
actions. DemoDiffusion thus enables the robot to use the pre-trained policy as a prior
and adapt the human-derived trajectory to its own embodiment and environment in a
closed-loop manner.

In summary, we propose DemoDiffusion: a framework for robotic manipulation
that allows a robot to perform generic tasks in natural environments by following a
human demonstration with guidance from a pre-trained diffusion policy. Importantly,
our framework does not require any robot demonstration of the target task within
the target environment, online interaction, or fine-tuning. Our experiments across
simulation and real-world environments show that DemoDiffusion surpasses both
the base policy and the retargeted trajectory, achieving 83.8% success across eight

real-world tasks, even those where the pre-trained generalist policy fails entirely.

4.1 Method

We target the problem of one-shot visual imitation. Given a human demonstration
D depicting a manipulation task with description 7, we want a robot manipulator
to perform the same task. Unlike prior work that relies on test-time RL training [4]
or paired human-robot datasets [47], we wish to enable such imitation ‘one-shot’,
assuming access to a closed-loop diffusion policy 7p(a; | 0<t, T) pre-trained on some
broad robot interaction dataset D,,po;. Our assumption on the human demonstration
D is also very minimal: it can either be an RGBD video or a multi-view video of a
human doing a task, such that 3D hand poses per time-step can be reliably extracted

from it.

4.1.1 Overview

Our approach is based on two insights. The first is that the trajectory of the hand pose
in the human demonstration D provides useful information about the approximate tra-
jectory the robot end-effector should follow, and we can perform kinematic retargeting
of the hand trajectory {h;}._, to an open-loop robot end-effector trajectory {&;},.
The second insight is that the kinematically retargeted robot trajectory has the correct

form of motion, but these actions may not be very precise within the distribution of
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Figure 4.2: Retargeted human hand trajectory to a closed-loop robot action
sequence, for the task 7: “shut down the laptop”. The dotted line shows the
trajectory of robot end-effector poses after kinematic retargeting. The olive contour
plot depicts the distribution of trajectories from a pre-trained diffusion policy. Given
a kinematic retargeting, we first perturb it with Gaussian noise and progressively
remove the noise by simulating the reverse SDE with the diffusion policy. This process
gradually projects a potentially infeasible but approximately correct retargeting onto
the manifold of plausible robot actions that can perform real-world manipulation, in
this case closing the laptop without missing the edge.

plausible robot actions given the current observation. A diffusion policy models this
likelihood, and we can use a pre-trained ‘generalist’ diffusion policy 7p(a; | o<, T)
to refine the retargeted robot actions in a closed-loop manner, thus inferring actions
that, while still similar to the human demonstration, are more likely under the policy
and better aligned with the robot embodiment (see Figure 4.2). We describe both of

these steps in detail below.

4.1.2 Kinematic Retargeting of Human Hand Trajectories to
Robot End-Effector Poses

Given a human demonstration D of a manipulation task 7, our first step is to extract
the 3D hand pose trajectory {h;}Z,. Each hand pose h; € R**”/ corresponds to the
3D locations of J keypoints (e.g. wrist and fingertips), which we estimate using a
pre-trained monocular hand pose estimator applied to each video frame [87]. These

keypoints encode the motion of the human performing the task and form the basis for
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retargeting to a robotic end-effector.

To translate this human motion into a robot-executable trajectory, we define a
simple geometric mapping function frerarger : R¥*/ — R that converts the human
hand pose h; into a robot configuration a; = fietarget(h¢). The mapping aligns the
wrist pose of the human to the robot end-effector pose. For a two-finger gripper, we
use the distance between the thumb and the remaining fingers of the hand mesh to
infer a binary robot grasp, and for a dexterous robotic hand we match the robot hand’s
fingertip positions to those of a human hand using inverse kinematics. We set the
initial configuration of the robot as the kinematically retargeted initial configuration
from the human demonstration.

This kinematic retargeting procedure yields a full trajectory {a;}7_, in the robot’s
configuration space, which can be executed as an open-loop policy. However, due to
differences in morphology and embodiment between humans and robots, the absence
of environment feedback, and the inaccuracy of the hand estimation module, this
trajectory often leads to suboptimal or unstable behavior during open-loop execution.
We thus treat this as the basis for searching for a plausible robot action trajectory via

denoising with a (pre-trained) closed-loop diffusion policy.

4.1.3 Closed-Loop Denoising of Robot Actions with a Pre-
Trained Diffusion Policy

A diffusion policy 7p(a; | o<, T) [19, 91] pre-trained on diverse offline robot interaction
data reliably models the distribution of plausible robot actions a; given previous
observations o<;. To predict actions a;, diffusion policies start with Gaussian noise

éit(s) ~ N(0, I) and iteratively denoise it at different diffusion steps s:

a” V=7 (a” 0a), s=895-1...0 (4.1)

We use this to modify the kinematically retargeted trajectory {a;}]_, to obtain
robot actions that follow the high-level motion in the human trajectory and still lie
within the distribution of plausible actions under my. To do this, we modify this
typical reverse diffusion process so that, instead of starting with pure noise ét(s) at
step S, we start from an intermediate diffusion step s* such that 0 < s* < S. We
define {éﬁs*)}'fzo to be a noisy version of the kinematically retargeted trajectory as

follows:

5 — o Tame o~ NOLD). 12
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Here « corresponds to the diffusion schedule of the pre-trained policy. This procedure,
inspired by SDEdit [75] which adopted a similar approach for image editing, relies on
the assumption that {&;}7_, is an approximate version of the ideal action trajectory
that should be executed by the robot, and it potentially lies outside the distribution of
feasible actions under the pre-trained diffusion policy 7g. Intuitively, adding moderate
noise to the retargeted trajectory and then denoising preserves the high-level structure
of the human demonstration while allowing the policy to correct low-level infeasibilities
from the embodiment gap. The diffusion policy 7y then performs iterative denoising
steps, conditioned on the robot’s observations o<, to refine this noisy trajectory into
feasible robot actions, following Equation 4.1.

After s* denoising steps, the final output a; = aﬁo) is deployed on the robot. Im-
portantly, this process is carried out in a closed-loop manner: the policy uses real-time
observations from the cameras in the scene to iteratively improve its predictions,
thereby compensating for embodiment mismatch and external perturbations (e.g. ob-
ject slippage or occlusion). The key hyperparameter in this process for DemoDiffusion
is the diffusion step s*, which trades off between faithfulness to the demonstration
and likelihood under the robot policy: in the limit s* = .S we recover a rollout from
the base policy 7y, and in the limit s* = 0 we recover the kinematically retargeted
trajectory {a;}]_,. While derived in the context of diffusion, note that this iterative
refinement perspective also applies to flow-matching [62], which we demonstrate in

our real-world experiments.

4.2 Experiments

We evaluate our approach on dexterous grasping in simulation and across diverse
real-world tasks comprising prehensile and non-prehensile table-top manipulation.

Through our experiments, we aim to answer the following research questions:

e Can DemoDiffusion outperform pure kinematic retargeting from the human

demonstration?

e Do the human demonstrations allow DemoDiffusion to perform new tasks where

the pre-trained diffusion policy fails?

o How can we effectively trade off between faithfulness to the human demonstration

and performing the task reliably, with a varying noise level s*/S?7
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Figure 4.3: Dexterous grasping results in simulation. (Left) A human demon-
stration and DemoDiffusion rollout for dexterous grasping. (Right) Success rates
(mean + std over 3 seeds) as a function of the diffusion step s*. Here, s*/S = 0
corresponds to kinematic retargeting and s*/S = 1 corresponds to the robot policy.

o How robust is DemoDiffusion to noise in the human demonstration, or to a

different kinematic retargeting?

4.2.1 Dexterous Grasping in Simulation

To verify our intuition, we first consider a simulation environment where the target
task is restricted to picking up a generic object with a 16-DOF four-fingered Allegro
hand. Specifically, we train a dexterous grasping policy across a small set of generic
objects in simulation, and test our method on human hand grasping trajectories
on a different set of objects. This serves as the pre-trained diffusion model for this
experiment.

For training the robot policy, we collect a total of 985 grasping trajectories of the
Allegro hand over 58 training objects [125] (randomly sampled 26 and 32 objects from
ShapeNet [15] and PartNet [76], respectively), resulting in a 22.2% success rate. We use
a variant of 3D Diffusion Policy [123], which takes 3D point tracks of an object instead
of point clouds. At test time, we provide human grasping trajectories on a subset of the
Objaverse dataset [23], which are unseen during training. The test set contains 1220
objects, with one human grasping trajectory per object, provided by GraspXL [125].
Note that there is no error from hand estimation or the initial configuration of the
object in this setup. We use ground-truth human hand 3D keypoints, and the object

is located at the same location as in the human demonstration.

Results. As in GraspXL [125], we group the objects based on their size, resulting in

small, medium, and large objects. We compare DemoDiffusion with two baselines.
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Table 4.1: Simulated dexterous grasping results. The numbers show the average
of success rates over 3 seeds. We use s*/S = 0.2, where the robot policy uses S = 1000.
DemoDiffusion consistently outperforms both baselines across all groups.

Group Robot Policy  Kinematic = DemoDiffusion

Small 25.4 2.6 31.8
Medium 26.6 0.7 31.6
Large 274 1.5 29.6
Average 26.5 1.6 31.0

The first is open-loop kinematic retargeting obtained from the human demonstration.
The second is directly deploying the robot policy we trained. Table 4.1 shows the main
results. Our method outperforms the baselines, with the largest gains on small objects.
We hypothesize this is because larger objects are easier to grasp, supported by the base
robot policy’s performance improving for larger objects. This experiment shows that
even in a highly controlled setup where the robot environment is initialized identically
to that of the human demonstration, kinematic retargeting cannot solve the task, while
slightly refining with a generalist grasping policy significantly improves performance.
Using kinematic retargeting to initiate the denoising process also helps the denoising
process itself, outperforming the robot policy. Additionally, DemoDiffusion achieves

higher inference speed, by a factor of S/s*.

Ablation studies. We analyze the influence of s* on DemoDiffusion in Figure 4.3.
Overall, we observe a consistent trend of performance gain from s*/S = 1to s*/S = 0.2,

showing that DemoDiffusion is robust to the choice of this hyperparameter.

4.2.2 Real-World Manipulation

For the real-world experiments, we use a Franka Emika Panda arm equipped with a two-
finger gripper from Robotiq. We use the publicly available pre-trained flow-matching
policy mp(a; | o<, T) called Pi-0, released by Physical Intelligence [11], trained on
the DROID dataset [55]. This policy takes as input a language task specification
T and observations from two cameras in the scene, and outputs per-timestep joint
velocities. This policy was trained on a large offline dataset of tele-operated robot
demonstrations, and is a generalist policy that can perform a broad set of tasks. We
do not fine-tune or adapt this policy in any way and directly use it for DemoDiffusion.

We use an off-the-shelf monocular hand reconstruction model, Hamer [87], to obtain
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Figure 4.4: Real-world manipulation tasks. Human demonstrations for the eight
evaluation tasks, shown as two frames per task. Tasks span prehensile and non-
prehensile manipulation, including grasping, pushing, closing, wiping, and placing.

Table 4.2: Quantitative results for real-world manipulation. Success rates (%)
are over 10 trials per task.

Task Pi-0 Kinematic DemoDiffusion

Shut Down Laptop 20 10 60
Close Microwave 10 80 90
Drag Basket 10 80 80
Wipe Table 50 0 100
Iron Curtain 20 70 90
Pick up Bear 0 40 60
Pick Place Bowl 0 70 100
Pick Place Banana 0 70 90

Average 13.8  52.5 83.8

per-timestep hand mesh reconstructions from each of the external cameras given a
human demonstration in the scene. Our experiments follow the protocol of a human
first demonstrating an object manipulation in the scene, followed by robot execution

after re-setting the scene.

Workspace. Figure 4.5 describes our real-robot manipulation setup. The scene
has 5 cameras, including 4 Realsense external cameras and 1 Zed-Mini wrist camera
mounted on the robot gripper. We calibrate the four external cameras and use them
to triangulate the 3D hand pose so that we can obtain the position and orientation
of a human hand in world coordinates, with the origin at the base of the robot.
The pre-trained policy Pi-0 requires just two cameras (marked in purple), and the
policy does not use any calibration information. While Pi-0 uses a Zed 2 camera for

the external view, we use a Realsense camera due to hardware availability, which
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Figure 4.5: Workspace with five cameras. We use the four external cameras for
triangulation to obtain the global pose of the hand mesh from a human demonstration.
The pre-trained policy uses the two cameras marked in purple.

introduces additional difficulty.

Tasks. We perform evaluations for 8 different manipulation tasks, whose language
descriptions and human demonstrations are described in Figure 4.4. Each of these
tasks requires a different manipulation strategy involving either prehensile or non-
prehensile manipulation. We collect just a single human demonstration per task, but
for robot execution we make organic variations in the location of objects in the scene.
Additionally, we add other objects to the scene as visual distractors, to see whether
DemoDiffusion can generalize under such settings. All variations are consistent across

the baselines and our method.

Baselines. For the real-world experiments, we compare DemoDiffusion with two
baselines. The first is open-loop kinematic retargeting obtained from the human
demonstration. The second is directly deploying the Pi-0 model with the language
instruction for the respective task. Since Pi-0 operates in the joint velocity space, for
DemoDiffusion we first convert the kinematically retargeted trajectory to the joint
velocity space with IK and then add noise to the trajectory, followed by denoising
with Pi-0. We deploy DemoDiffusion with a heuristically selected noise level s*/S
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Figure 4.6: Qualitative comparisons for real-robot manipulation. Rollout
progressions (start, intermediate, final frame) for two tasks. Kinematic retargeting
(top) produces plausible motion but loses contact before completing the task. Pi-
0 (middle) performs general reaching but fails to manipulate the correct object.
DemoDiffusion (bottom) reaches the object and maintains contact through task
completion. See the project page for full videos.

depending on the task — preferring the kinematic trajectory with s*/S = 0.2 when
Pi-0 has a zero success rate, and s*/S = 0.4 otherwise. Note that in the limit of 0
noise added, we recover the first baseline, kinematic retargeting, and in the limit of

maximum noise 1 we obtain the second baseline, Pi-0.

Qualitative visualizations. In Figure 4.6, we show rollouts for two tasks across
all the methods. We observe that Pi-0 can only perform general reaching behaviors:
it either fails to follow the manipulation trajectory needed for the task or confuses
the target object with a distractor. On the other hand, we observe that (open-loop)
kinematic retargeting from the human demonstration has a plausible motion of the
robot end-effector, but it completely misses grasping the iron and loses contact with
the laptop before fully closing it. Compared to these, DemoDiffusion reaches the
respective object and also follows the approximate motion of the retargeted trajectory

while remaining in contact with the object to solve the tasks.

Quantitative comparisons. In Table 4.2, we compare DemoDiffusion and the
baselines across all the real-world manipulation tasks. DemoDiffusion matches or
outperforms both baselines across all 8 tasks, with the largest gains on tasks requiring
precise contact — e.g. 60% vs. 10-20% on shutting the laptop and 100% vs. 0-50% on
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Table 4.3: Robustness of DemoDiffusion. We ablate DemoDiffusion under noisy
3D keypoints (2nd row) and with a different kinematic retargeting (3rd row). For
noisy 3D keypoints, we randomly shift the tracked hand 3D keypoints by 5cm. For
the different kinematic retargeting, we use the distance between the thumb tip and
the index fingertip instead of all fingers.

Shut Laptop Pick Place Banana

DemoDiffusion 60 90
+5cm noise 40 70
with Thumb-+Index 30 80
Thumb+Index 0 30

wiping the table. Notably, even for tasks where both baselines fail, DemoDiffusion
succeeds by operating at an intermediate noise level s* that combines the trajectory

structure from the human demonstration with the policy’s closed-loop refinement.

Noisy human demonstrations. To evaluate the robustness of DemoDiffusion to
imperfect inputs, we injected noise into the tracked human trajectories and evaluated
DemoDiffusion. Specifically, we place the object at the same location as in the human
demonstration, and randomly shift the tracked hand 3D keypoints by 5cm. The
results in Table 4.3 indicate that DemoDiffusion maintains high-quality performance
despite the presence of tracking noise, thereby reducing the reliance on highly accurate

3D annotations in the human demonstration.

Different kinematic retargeting. Lastly, we further assessed the sensitivity
of our method to the choice of retargeting by evaluating an alternative approach
(‘Thumb+Index’). Specifically, we use the distance between the thumb and index
finger [60], instead of all fingers, to infer the grasp. Table 4.3 shows the results.
While this alternative retargeting itself shows degraded performance compared to the
previous retargeting, DemoDiffusion consistently improves task performance despite

the suboptimal retargeting.

4.3 Limitations

Our approach has several limitations. First, it assumes that the robot should act
similarly to the human to successfully complete the task, which may not hold in

scenarios requiring different strategies due to embodiment or environmental constraints.
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Second, while effective for one-shot imitation (not requiring training or test-time fine-
tuning), the method does not produce a reusable task policy that can generalize across
arbitrary variations of the task. Third, the quality of the retargeted trajectory is
crucial: accurate 3D human motion capture is challenging, and errors in retargeting
can impact downstream performance, though our method shows a degree of robustness
to such noise. Additionally, the method implicitly assumes that the timing and speed
of human and robot actions are aligned; extending the approach to allow for temporal

alignment at test time is a promising direction of future work.

4.4 Summary

We presented DemoDiffusion, a simple approach that leverages generalist diffusion
models for imitating a human demonstration. By retargeting hand motion from
the human demonstration into an approximate robot end-effector trajectory and
modifying it through denoising with a pre-trained diffusion policy, DemoDiffusion
enables the robot to produce actions that are both aligned with the demonstrated
intent and contextually plausible. Our method consistently outperforms both the base
diffusion policy and the raw retargeted trajectory across diverse tasks in simulation
and the real world, without requiring additional training, paired demonstrations, or
reward functions. We envision that this can serve as a starting point for future efforts
at human imitation across generic scenarios, and perhaps also yield an improved

exploration strategy for methods pursuing policy adaptation with online RL.



Chapter 5

Steering Sampling Diversity via

Temporal Score Rescaling

This chapter presents TSR (Temporal Score Rescaling), a mechanism to steer the
sampling diversity of diffusion and flow models, letting a user sample from a sharper or
broader distribution than the one the model was trained on.! Whereas the preceding
chapter adapted a frozen generalist robot policy to a new task (Chapter 4), TSR
closes the inference gap and is the most general contribution of this thesis: the same
mechanism applies not only to robot policies but to any off-the-shelf diffusion or flow
model, from image generation to protein design.

Score-based generative models, such as denoising diffusion [42] and flow matching
(63, 66], have become ubiquitous across Al applications. Given training data {x"}, they
can model the underlying data distribution p(x) (or p(x|c) for conditional settings)
and at inference, they allow drawing samples x ~ p(x) e.g. to generate novel images.
However, in certain applications, we may not want to truly sample the original data
distribution. For example, when predicting depth from RGB input, we may want the
more likely estimate(s) as output. In contrast, an artist exploring design choices may
want the trained image generative model to yield more diverse samples, even if they
may be somewhat less likely in the data. In this work, we ask whether we can steer
the sampling process of diffusion or flow matching models to output more likely (or
conversely, more diverse) samples than the original training data.

This process of trading off sample likelihood and diversity at inference is commonly
referred to as temperature sampling [40] (a higher temperature leads to diverse samples,
and a lower temperature leads to more likely ones). While prior methods have investi-

gated temperature sampling for score-based generative models like denoising diffusion,

!Temporal Score Rescaling was accepted to ICML 2026 [116].
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Figure 5.1: Temporal Score Rescaling (TSR). TSR provides a mechanism to
steer the sampling diversity of diffusion and flow models at inference. Top-left:
Probability density evolution when sampling a 1D Gaussian mixture with DDPM, and
the effects of TSR, which can control the sampling process to yield sharper or flatter
distributions. Top-right, bottom: TSR can be applied to any pre-trained diffusion or
flow model, improving performance across diverse domains such as pose prediction,
depth estimation, and image generation.

developing an efficient temperature sampling method for pre-trained diffusion/flow
models remains an open challenge. For example, commonly leveraged techniques
like classifier-free guidance [41] or variance-reduced sampling [34, 120] can trade off
sampling diversity and likelihood, but as we show later, these are not probabilistically
interpretable as temperature scaling the data distribution. Conversely, methods such
as likelihood-weighted finetuning [100] or Langevin correction [28, 104] can indeed
allow temperature sampling, but at the cost of additional training or significantly
increased inference-time computation. In this work, we instead seek to develop a
(local) temperature sampling method that is: a) training free i.e. does not require
fine-tuning or distilling a pre-trained model, b) compatible with deterministic samplers
e.g. DDIM [102], ¢) efficient i.e. does not increase the number of score evaluations at
inference, and d) provably correct for some simple distributions.

Towards developing such an approach, we note that denoising diffusion and flow
matching models define a forward process to induce noisy data distributions p(x;) and
train neural networks to approximate the corresponding score functions V log p(x;).
We ask whether one can analytically relate these to the score of the (hypothetical)
distributions p(x;) that would be induced by the forward process if the original data

distribution were temperature scaled. We study the case of mixture of isotropic
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Gaussians, and derive a simple (time-dependent) rescaling function. As the reverse
sampling process for sampling flow /diffusion models relies only on the learned score
functions, our derived rescaling thus allows a training-free approach by simply scaling
the inferred score at each inference step. While the analytical derivation is restricted
to a simple setting, we show that our approach can be generally interpreted as a
‘local’” temperature sampling method, where it does not alter the overall distribution
of global modes, but controls the local variance of samples around it.

We perform experiments to highlight the broad applicability of TSR. We show
that it can efficiently allow local temperature sampling for denoising diffusion and
flow matching models and is compatible with generic stochastic and deterministic
samplers. We study diverse applications like image generation, depth estimation, pose
prediction, robot manipulation, and protein generation. Across these applications, we
show that TSR can provide a plug-and-play solution to control the sampling diversity
of pre-trained models and leads to consistent performance gains e.g. allowing more
precise depth and pose inference, or enabling image generation to better match real

data distribution.

5.1 Formulation

5.1.1 Preliminaries

Both diffusion and flow matching models fall under the family of stochastic interpolants
[3], which convert samples from data distribution xo ~ po(x) to Gaussian noise

e ~ N (0,I). The interpolant process can be defined as:
X; = X + 0€ (51)

Different noise schedules oy, o; correspond to different formulations of stochastic
interpolants. For example, for flow matching models, it is common to set a; =
1 —t, o, = t, while for variance-preserving diffusion models, they are defined such
that a? + 02 = 1.

We can sample from the data distribution by training a model so(x, t) = V log p:(x)
that estimates the score of the noisy distribution. Starting from xr ~ A(0,I), the
sampling process usually solves either a reverse-time SDE or a probability flow ODE.
In practice, the learned model could predict various equivalent parameterizations of
the score, such as noise €y(x;,t) (common in denoising diffusion) or the probability

flow velocity vg(x;,t) (common in flow matching), which can all be expressed as linear
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combinations of score and x; (see Section 5.1.3).

5.1.2 Temporal Score Rescaling

Given a pre-trained score function sy, we are interested in designing a temperature
sampling process that does not require training or additional computation at inference.
In particular, we propose a mechanism that achieves local temperature scaling, which
steers the variance of the sampled distribution while preserving the global distribution
structure (e.g. without mode dropping). More formally, we define local temperature
scaling as the task that takes in a data distribution py(x) modeled as a mixture of
(an unknown set of ) Gaussians and generates the corresponding ‘sharper’ or ‘flatter’

distributions pf(x) (parameterized by k):

po(x) =D wpN(x; o, i)

= 55(%) = D waN (% fys 1200)

Intuitively, pk(x) represents a distribution where the variance near each local mode in
the data distribution is scaled by %, while preserving all the means and weights. Such
a local scaling effect is different from the traditional temperature scaling that would
change the weights of modes and alter the distribution structure. We now formulate
our problem statement as: How can we alter the pretrained score function sy so that

a diffusion or flow sampler yields jk(x) instead of py(x)?

Isotropic Gaussian Data. To instantiate this, we start with a simple scenario
where the data are drawn from a single isotropic Gaussian distribution xq ~ N (p, o2I).
The target is to sample from the locally scaled distribution pk(x) = N (p, %QI) Under
the stochastic interpolant process (Equation 5.1), we define p;(x), pF(x) as the noisy
distributions at time ¢ for the original and scaled data distribution, respectively. Since
both the original and scaled data distributions are Gaussian, their corresponding noisy

distribution can also be shown to be Gaussian:

N(ap, (@Zo® + of)T)

3
—~
”
~—
Il

(5.2)
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Then, we can derive the corresponding score functions for the above distributions:

X — b
Vios ) = gy oF
. o (5.3)

Viog pF(x) = ———5——
g t( ) O{%%Q + O_tz

Comparing the two score functions above, we observe that the score for the scaled

distribution and the score for the original distribution follow a time-dependent linear

relationship:

V log ﬁf(x) = ——5—— Vlog pi(x) (5.4)
n +

where 1, = o? /o? is the signal-to-noise ratio. Note that k = 1.0 recovers the original
score. Given a score estimator sy(x,t) = Vlog p:(x), we can compute the score of
pr with the above score rescaling equation and thus sample from pf from the same

sampling process.

Mixture of Gaussians. We can show that the score ratio relationship (Equation 5.4)
is also a valid approximation if the data distribution is a mixture of well-separated
isotropic Gaussians. In Section B.2, we prove that the expected error between the
score computed by Equation 5.4 and the real score are bounded at all timesteps t.
On the high level, we derive an exponential bound for small ¢, where the modes are
well-separated and only one Gaussian component dominates. For large t, we derive a
polynomial bound based on the intuition that the distributions are similar to pure
noise N'(0,I). The error vanishes at both ends when ¢ converges to 0 or 1. The
maximum error at any intermediate ¢ also converges to zero as the modes become

more separated. We also empirically verify these results in Section B.1.5.

5.1.3 Steering Inference in Diffusion and Flow Matching

While the above analytical derivation for a score rescaling function focused on simple
distributions, we empirically find that it can be applied across generic distributions
and we operationalize Equation 5.4 to define TSR sampling, a simple algorithm for

steering sampling in diffusion and flow models:
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Figure 5.2: Qualitative Examples for Varying k. TSR allows for tuning the
generated outputs to be more diverse and detailed (lower k) or more smooth and likely
(higher k). While neither extreme is desirable, we notice a k slightly smaller than 1
gives pleasing images with enhanced details.

Sampling with Temporal Score Rescaling TSR (&, o)

Given a pre-trained score model sy, TSR sampling substitutes its score prediction
with:
So(x,t) = ri(k,0)sp(x,1),
ri(k, o)+ = 777:2727*‘ 55
mg +1

where k, o are user-defined parameters, and 7, is the signal-to-noise ratio of the

forward process.
- J

This makes TSR a plug-and-play method compatible with any parameterization of
sy and sampling algorithm, since conversions between score and model predictions are

always linear and invertible.

Denoising Diffusion. These models are typically instantiated via neural networks
€g that learn to predict the noise added. We can infer the predicted score from this
noise via a simple linear relation sy(x,t) = —o; 'ep(x,t). We can thus perform TSR
sampling in denoising diffusion models by simply using a rescaled noise prediction
€9(x, 1) in any diffusion sampler (e.g. DDPM, DDIM):

€o(x,t) = 1i(k,0)€p(x, 1) (5.6)
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Flow Matching. For flow matching models predicting the probability flow velocity

vy (x,t), the corresponding score function can be computed by [71]:

ave(x,t) — ayx

(5.7)

Sp X,t = ; ;
(%) oy(adyoy — o, 6y)
Combining Equation 5.5 and Equation 5.7, we can derive the corresponding flow
velocity vy for the scaled distribution, such that Sy is a proper scaled version of the
original score:

Vo(x,t) = a; ' (ri(k, o) (uve(x,t) — ayX) + arX) (5.8)

Applying this scaled velocity vy in the flow samplers yields desired samples from the
scaled distribution. Similar conversion can also be derived for other parameterizations

of diffusion models like xg-prediction and v-prediction.

5.2 Analysis

To understand the behavior of TSR, we first empirically validate it on toy data and
show it is more effective in scaling the variance of samples while preserving each local
mode compared to existing approaches. Then, we analyze how the input parameters

(k,o) control TSR and interpret their meanings in general settings.

5.2.1 Validation on Toy Distributions

Mixture of 1D Gaussians. We begin with a simple conditional generation task
using a uniform mixture of 1D isotropic Gaussians in Figure 5.3, where the left three
and right three modes correspond to two different classes. We apply classifier-free
guidance (CFG) with guidance scale 10, constant noise scaling (CNS) and TSR with
k = 10 individually to scale the conditional distribution and evaluate whether each
method preserves all modes under scaling. As shown in Figure 5.3, CFG produces
imbalanced samples, often favoring outer modes, while CNS shifts mass toward central
modes at the expense of others. By contrast, TSR samples evenly across all modes
while reducing intra-mode variance, demonstrating that it preserves the multimodal

structure even under conditioning.

General 2D Distributions. We also apply TSR to unconditional generation on
two complex 2D distributions: checkerboard and swiss roll. We train a small-scale

diffusion model for each distribution and compare the scaled distribution sampled
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Figure 5.3: Conditional generation on a mixture of 1D Gaussians. A uniform
mixture of 1D isotropic Gaussians, where the left three and right three modes form
two classes, is scaled with CFG, CNS, and TSR. CFG produces imbalanced samples
that favor outer modes and CNS shifts mass toward central modes, whereas TSR
samples evenly across all modes while reducing intra-mode variance.

by CNS and TSR in Figure 5.4. We observe that CNS consistently biases samples
toward the central modes, resulting in mode collapse and poor coverage of peripheral
regions. This supports the intuition that reducing noise too aggressively restricts
exploration during the sampling process. In contrast, TSR maintains coverage of
the global distribution while reducing local variance around each mode, producing
samples aligning with the true distribution. These results show that, although derived
for isotropic Gaussian data, TSR generalizes to more complex scenarios and provides

consistent improvements in both conditional and unconditional generation.

5.2.2 Interpreting Rescaling Hyperparameters

In the derivation of TSR, k referred to the factor of variance reduction and o referred
to the variance of the modes in the data distribution. However, in real-world scenarios
with more complex distributions, the variance of the data distribution is unknown.
We provide an intuitive explanation of the role of £ and ¢ on the rescaling factor r; to
democratize the practical use of TSR in various scenarios. Specifically, we show how
the rescaling factor r; changes over sampling time with different & and o values in
Figure 5.4. Intuitively, k indicates the max/min of the rescaling factor r;. As t — 0,
signal-to-noise ratio 1, — oo, and r; — k. Meanwhile, o indicates how early we want
to steer the sampling process. The larger o, the earlier the sampling is steered. A
very small o lets us use the original diffusion sampling (r; =~ 1.0) and only steer the

last few denoising steps.

5.3 Applications

We demonstrate the broad applicability and effectiveness of TSR by applying it to

a diverse set of real-world applications, spanning image generation (Section 5.3.1),
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CNS, k=10.0 TSR, k=10.0, sigma=0.1
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Figure 5.4: Left: Comparison on 2D Checkerboard and Swiss Roll Distribu-
tions. We compare samples from CNS and TSR. While CNS biases sampling towards
the central modes and drops peripheral ones, TSR preserves all modes while reducing
variance without generating divergent samples. Right: Effect of Hyperparameters
on the Rescaling Factor. In the rightmost column, we plot the TSR rescaling
factor r; on the y-axis against diffusion time ¢. With o = 1.0, varying k controls the
asymptotic value of r; (top); with k& = 2.0, varying o determines how early rescaling
takes effect during sampling (bottom).

protein design (Section 5.3.2), depth estimation (Section 5.3.3), pose prediction
(Section 5.3.4), and robot manipulation (Section 5.3.5). For image generation, we find
that a smaller k£ enhances details and improves performance, while for other tasks, a
larger k yields higher accuracy of model predictions. To ease the parameter selection

process, we include a general guideline in Section 5.3.6.

5.3.1 Text-to-Image Generation

We examine the effect of steering the sampling distribution for diversity versus
likelihood with TSR on Stable Diffusion 3 [30], a leading flow matching text-to-
image model. As a creative task, image generation benefits from sampling a flatter
distribution, which helps to recover more pleasing images with more high frequency
details. We evaluate FID [39, 86] and CLIP [90] scores against a 5k image subset from
LAION Aesthetics [97] across different CFG guidance scale wcg,, TSR parameter k& and
0. We fix the number of sampling steps to 30. In Figure 5.5, we see adjusting w.g makes
a trade-off between text-alignment and image fidelity—higher wcs, increases CLIP

score at the cost of worse FID. Meanwhile, TSR allows for additional improvement
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FID vs CLIP comparison
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Figure 5.5: Image Generation. TSR achieves better text-alignment (CLIP) and
image fidelity (FID), improving upon the Pareto frontier of CFG, which trades off
between FID and CLIP.

beyond the Pareto frontier of CFG. Compared to the regular Euler ODE sampling,
TSR reduces FID score from 24.77 (£ 0.10) to 22.81 (£ 0.13) and increases CLIP
score from 32.82 (£ 0.014) to 33.05 (& 0.018). These results are averaged over 5
random seeds. TSR achieves the optimal performance with £ = 0.93,0 = 3.0. To
verify the transferability of these parameters, we apply the same (k, o) to Flux.1 dev
[58] and Stable Diffusion 2 [92] and report the results in Table 5.1. The optimal (&, o)
found on SD3 consistently improve performance on other models as well, suggesting
the robustness of the choice for (k, o) across models.

Notably, while it is possible to perform stochastic sampling with flow models like
SD3, we found that it performs significantly worse than ODE sampling with the
same compute budget (see Section B.1.1), making CNS impractical. We also show
in Section B.1.1 that TSR achieves superior performance with denoising diffusion
model (SD2, 92) compared to CNS and other common samplers. Qualitatively, we
observe in Figure 5.2 that lower k leads to images with more high-frequency detail
(in the extreme case more noise), and higher k leads to smoother images. We infer
that using a smaller £ flattens the modeled distribution and allows better coverage

of the desirable image space. Overall, our results highlight that the control over the
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Table 5.1: Evaluation of Text-to-Image Generation across Models. TSR
consistently improves image quality across Stable Diffusion 3 [30], Stable Diffusion 2
[92], and Flux.1 dev [58]. The optimal (k, o) found on SD3 generalize effectively to
other models. For SD3 and Flux.1 dev, the default scheduler is Euler-ODE. For SD2
the default scheduler is DDPM.

SD3 SD2 Flux.1 dev
FID | CLIP 1t FID | CLIP1T FID ] CLIP T

Default Scheduler 24.77  32.82 2281 33.66 53.99  31.97
+ TSR 22.81 33.05 19.75 33.75 51.79 32.14

likelihood-diversity trade-off enabled by TSR is beneficial in image generation.

5.3.2 Protein Generation

Generative models have emerged as a powerful paradigm in AI for Science. For
example, protein discovery [1, 50, 113] is an application where such models have seen
widespread adoption. However, not all generated proteins are valid in the real world.
Thus, improving the designability of generated proteins is an important goal. CNS
has previously been used to enhance sampling quality [34, 120].

We conduct experiments with FoldingDiff [113], a diffusion-based protein generation
method, and compare TSR with CNS. Evaluation uses two complementary metrics:
designability score [113], measuring structural quality and real-world feasibility, and
protein FID [31], capturing distributional similarity and thus diversity. Ideally, a
method should achieve a high designability score and a low FID. As shown in Figure 5.6,
samples from TSR lie in the bottom right regions, which shows TSR maintains protein

diversity better than CNS, while improving the designability.

5.3.3 Depth Estimation

The task of monocular depth estimation is inherently challenging due to its uncertainty—
an object may appear large but distant, or small but close. Recent methods [29, 54, 95]
address this with diffusion models, where different samples correspond to plausible
variations or interpolations of the underlying depth structure. We adopt Marigold [54],
which fine-tunes a pre-trained text-to-image diffusion model for depth estimation and
achieves strong results. However, individual samples can be suboptimal due to both

the sampling stochasticity and the ambiguity of depth estimation [54]. To mitigate
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Figure 5.6: Protein Generation. TSR improves the designability score while
preserving the diversity (FID) better compared to CNS. The original sampling has a
designability score of 0.22.

this issue, it is desirable to increase the likelihood of each sampled estimate—i.e.,
to encourage samples to concentrate around the dominant modes of the learned
distribution. Doing so reduces sampling variability and suppresses uncertain or noisy
depth predictions.

We evaluate on the ETH3D [96] and NYUv2 [79] datasets. As shown in Table 5.2,
TSR outperforms the default DDIM and CNS on prediction accuracy. By sampling
from a sharper distribution, TSR yields more probable outputs given the input image.
Qualitative comparisons in Figure 5.7 further show that TSR produces cleaner depth
maps than DDIM, particularly in high-uncertainty regions.

5.3.4 Pose Prediction

Previous work [44, 59, 112, 126] has shown that diffusion models can effectively predict
object and camera poses in the SO(3) space. We demonstrate TSR can improve
such models’ accuracy by sampling from a sharper distribution. Our evaluations
are based on the SO(3) diffusion models proposed by Hsiao et al. [44], where we
apply TSR and evaluate on the SYMSOL dataset [77], which contains geometric
shapes with a high order of symmetries. We visualize the effect of TSR in Figure 5.8
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Table 5.2: Quantitative Evaluation of Depth Estimation. TSR improves depth
estimation and outperforms the naive baseline.

ETH3D NYUv2
AbsRel | ;7 | AbsRel | 671 1

DDIM 7.1 90.4 6.0 95.9
+ CNS 6.82 95.6 5.8 96.0
+ TSR 6.68 95.7 5.84 96.0

Table 5.3: Pose Prediction. Mean error (deg) and accuracy within thresholds 0.2,
0.5, 1. (k,0) = (7.0,0.5) for TSR, k = 1600 for CNS.

Error (deg) | Acc@ (deg) *
0.2 0.5 1.0

Score Sampling 0.444 9.4 683 979
+ CNS (1600) 0.350 20.0 84.9 99.1
+ TSR (7.0, 0.5) 0.356 185 84.0 99.0

where we show the sampled poses on an example image from SYMSOL. TSR samples
poses more concentrated around ground truth modes (the circle centers) than the
baseline score matching sampling used in Hsiao et al. [44]. In quantitative evaluation
(Table 5.3), TSR predictions have lower average error and higher accuracy under a
range of accuracy thresholds compared to score matching sampling, highlighting the
benefits of predicting samples close to modes. We find that CNS also reduces pose
error, achieving a performance slightly better than TSR on SYMSOL. However, we
note that TSR remains robust and applicable over many tasks and sampling methods

where constant noise scaling is not possible.

5.3.5 Robotic Manipulation

Lastly, we examine the applicability of TSR on predicting robot actions, with a focus
on robotic manipulation. One notable difference of this domain compared to others
is that the policy only models a distribution of actions for a short horizon, as it is a
sequential decision-making problem.

We chose Pi-0 [11], a generalist robotic flow-matching policy released by Physical
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Figure 5.7: Qualitative Depth Estimation Comparisons. Compared to DDIM,
TSR with & > 1 predicts cleaner depth in the regions with high uncertainty (highlighted
by pink boxes).

Table 5.4: Results for Robotic Manipulation. Success rates are computed across
3 seeds, 10 tasks, with 50 rollouts per task. The results are computed with the best
(k,o) for TSR.

Model / Task ID 0 1 2 3 4 5 6 7 8 9 Average

Pi-0 86.0 97.3 80.7 96.0 84.7 93.3 813 947 23.3 80.0 81.7
+ TSR (1.25,0.25) 86.7 97.3 773 97.3 84.7 96.0 82.7 96.0 21.3 88.7 82.8

Intelligence, finetuned on LIBERO [64], a simulation benchmark for robotic manipula-
tion. Specifically, we evaluate the policy over 10 tasks in the LIBERO-10 benchmark
with shared (k, o) values. The results are in Table 5.4. Without any further training,
TSR improves the performance of 6 tasks and maintains performance for 2 tasks.
One notable point is that the two tasks (Task ID 2 and 8) where TSR shows worse
performance are precisely those in which the base Pi-0 policy itself exhibits low success
rates. This suggests that the suboptimal performance may be due to a common
‘sharpening’ (k > 1) hyper-parameter across tasks as this may be suboptimal when
the policy is not correct, and that tuning TSR’s k for each task may yield further

gains.
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Figure 5.8: Predicted poses on SYMSOL. TSR reduces pose prediction error: each
dot marks a sample’s first canonical axis (colored by rotation), while circles denote
ground-truth poses.

5.3.6 Parameter Selection Guidelines

Similar to CFG [41], the hyperparameters ¢ and € in TSR only need to be tuned
once per model. Moreover, as shown in Table 5.1, the same set of hyperparameters
can generalize across different models within the same task. To further simplify
hyperparameter selection, we provide the following practical guidelines.

As shown in the appendix across multiple tasks (Figure B.1, Figure B.4, and
Figure B.6), the effect of o and € on generation quality follows a predictable parabola-
like trend when varying one parameter while fixing the other. Based on this observation,
we first fix o (e.g. 0 = 1.0) and identify the optimal ¢* via binary search. We then
fix € and tune o in the same manner, optionally repeating the process once more if
needed. This procedure is usually substantially more efficient than exhaustive grid

search.

5.4 Limitations

We presented TSR, an approach to alter the sampling distribution for pre-trained
diffusion and flow models. While we demonstrated its efficacy across several (toy
and real) tasks, there are fundamental limitations worth highlighting. First, unlike
temperature scaling, TSR can only alter the ‘local’ sampling and there might exist
applications where a global temperature scaling is more desirable e.g. TSR does
not change the weights of the components in a Gaussian mixture, only the variance.
Moreover, while TSR does empirically steer the sampling diversity in generic scenarios,
the theoretical guarantees are limited to simpler settings and one may be able to

derive a better algorithm for different distributions. Nevertheless, as TSR can be



CHAPTER 5. STEERING SAMPLING DIVERSITY 40

readily applied to any off-the-shelf denoising diffusion and flow matching model, we
believe it would be a generally useful technique for the community to explore. In
particular, the alternative strategy of ‘constant noise scaling’ is already adopted across
applications [34, 120], and our work offers an alternative that is empirically better

and more widely applicable (e.g. in deterministic sampling).

5.5 Summary

This chapter introduced TSR, a training-free mechanism that steers the sampling
diversity of any pre-trained diffusion or flow matching model by rescaling its predicted
score with a single time-dependent factor r,(k, o). We showed that this factor arises
analytically as the ratio between the scores of the original and a locally variance-scaled
data distribution for isotropic Gaussians, proved that the approximation remains
valid for well-separated mixtures of Gaussians, and interpreted the effect as a ‘local’
temperature that reshapes samples around each mode without disturbing the global
mode structure — distinguishing it from constant noise scaling, which we showed cannot
realize true temperature scaling. Because the score-to-prediction conversions are linear
and invertible, TSR drops into existing deterministic and stochastic samplers with
zero inference overhead. Empirically, a single knob delivered consistent gains across
five disparate domains — image generation, protein design, depth estimation, pose
prediction, and robot manipulation — with a smaller k£ helping creative image synthesis

and a larger k sharpening perception and control outputs.



Chapter 6
Reactive Real-Time Flow Policies

This chapter presents 7TR?, which closes the architecture gap identified in Chapter 1.
The preceding chapters adapted a frozen generalist policy to a new task from a single
human demonstration (Chapter 4) and steered its sampling distribution (Chapter 5),
both leaving the policy’s speed untouched; this chapter instead makes such large
foundation-model policies fast enough to react.

We have witnessed remarkable progress in training ‘robotics foundation mod-
els’ [10, 11, 14, 45, 57, 133], and three design choices have become ubiquitous across
recent efforts. First, large pre-trained backbones such as vision-language models
(VLMs) [2, 6, 7, 24, 65, 108] are leveraged to process visual (and language) input and
extract rich, generalizable representations for downstream action prediction. Second,
expressive policy architectures such as diffusion [19] and flow matching [81, 121]
allow effectively capturing the multi-modal action distributions inherent in diverse
human demonstrations. Finally, action chunking [128, 130] enables these models to
jointly predict multiple actions, providing a richer training signal and improving the
temporal consistency of executed actions.

On the one hand, these choices have been crucial in unlocking generalizable and
scalable imitation learning. However, they result in limited reactivity and increased
latency, making these foundation models ill-suited for dynamic manipulation tasks
that demand fast, smooth, and reactive control. Specifically, the execution of a ‘chunk’
of predicted actions is performed open-loop, without the ability to react to the sensory
input streaming in. While the reactivity can in theory be improved by only executing
a small ‘sub-chunk’ (in limit just one action) and re-predicting with updated sensory
input, naively doing so is infeasible due to the significant computation required in the

‘perception-to-action’ prediction, a large visual (and language) processing backbone

I7R? is under review for CoRL 2026.

41
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Figure 6.1: Overview of 7R?. Top. While standard diffusion/flow matching relies
on stale observations to predict actions via iterative denoising, 7R? disentangles the
observation into a fast channel (proprioception) and a slow channel (image encoding,
VLM embedding, etc.), and uses up-to-date observations for each denoising step.
Bottom. To incorporate latency and smooth execution, we adopt an adaptive noise
schedule, where the action chunk is divided into three regions: clean actions to be
taken during inference, actions with increasing noise level following Diffusion-Forcing,
and pure noise with the same length as clean actions. Compared to Train-Time RTC,
this enables faster inference and smoother actions.

followed by multiple denoising iterations for flow matching policy inference. This
computational bottleneck coupled with action chunking flow matching thus results in
two (related) fundamental limitations: a) reduced reactivity, as a large (sub-)chunk of
actions must be executed open-loop while the next chunk is predicted, and b) increased
latency, as the predicted actions are a function of ‘stale’ sensory input.

7R? overcomes these limitations, enabling reactive real-time policy inference with-
out compromising on the design principles of large pre-trained backbones, expressive
multi-modal policies, and multi-action prediction. We note that instead of flow (or
diffusion) policy inference, which maps uniformly random noise to action chunks over
multiple denoising iterations, leveraging the flexible schedule in ‘diffusion forcing’ [16]
offers several benefits: a) the immediate actions to be executed can be at a lower noise
level and predicted in fewer iterations, and b) different denoising iterations involved in
predicting an action can rely on updated sensory input as available. Although prior
work has explored diffusion forcing for policy learning [43], we address the key issues

that prevent its widespread adoption for robotics foundation models.
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First, while the (immediate) action denoising requires less computation, the back-
bone (e.g. VLM) feature processing becomes the bottleneck for ‘perception-to-action
prediction’ latency. Our key insight that allows circumventing this bottleneck is that
not all input modalities need to be processed at the same rate: proprioceptive signals
(joint positions, velocities, torques, and contact forces) can be retrieved and processed
orders of magnitude faster than images or text. Moreover, for dynamic tasks, proprio-
ception carries sufficient information for local reactive corrections (e.g., responding to
an unexpected contact or compensating for object slip), while vision and language
provide the global context needed to guide coarse motion plans. We thus disentangle
the conditioning for action denoising into asynchronously updated ‘slow’ and always
up-to-date ‘fast’ features, effectively allowing high-frequency proprioceptive control
within an action chunk. Second, despite our asynchronous diffusion forcing, practical
constraints (communication delays, GPU bandwidth) often prevent zero latency. We
develop a delay-adaptive noise schedule for diffusion forcing that enables seamless
real-time execution despite latency, allowing the model to continue executing the
‘previous’ actions while ensuring smooth temporally-coherent outputs from subsequent
denoising iterations.

Together, these design choices allow 7R? to achieve closed-loop replanning at 25 Hz
using a large-scale VLA (GRO0OT N1.7 [10]) on A5000 GPUs, roughly ~4x faster than
the original model’s replanning rate. Crucially, this means the policy predicts each
action using a fresh observation every 40 ms, rather than committing to a long action
chunk and replanning only sparsely (e.g. at ~7 Hz). 7R? thus matches the reactivity
of simple feedforward policies while retaining the expressivity of flow matching, the
training benefits of chunk-based inference, and the semantic grounding of pretrained
backbones. We first validate 7R? in simulation where we highlight the benefits of
increased reactivity and reduced latency compared to the typical action chunking
flow policies. We also show how, instead of training from scratch, we can finetune
pre-trained VLAs with a diffusion forcing schedule and demonstrate the efficacy of
7R? for complex real-world manipulation tasks, where we find that it improves over
the baselines by up to 11% in simulation and 20% in the real world over the strongest

baseline, corresponding to relative gains of 52.3% and 50%, respectively.

6.1 Method

Our goal is to modify existing VLA architectures for higher reactivity and lower

inference latency. We first review the building blocks — flow matching and diffusion
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forcing — and then introduce two modifications that together yield a real-time, closed-

loop flow policy compatible with any existing VLAs.

6.1.1 Preliminaries
Flow Matching and Action Chunking Policy

We build on flow matching [62, 124] with action chunking [128, 130]. Flow matching
learns a velocity field vg(xy, t) that transports samples from noise pg = N(0,1) to data
P1 = Ddata along the conditional interpolation x; = (1—t) € + txy, t € [0, 1], trained

against the conditional velocity us(x; | x1) = %1 — €:
Lont = o, e[l0(x1,1) — (x1 — €)]] - (6.1)

In the action-chunking policy setting, x; = (ay,...,a;1p) is a chunk of H future
actions conditioned on observation o;, generated jointly by K denoising steps; the
robot executes the first h < H actions before re-planning. Crucially, all H positions
share a single noise level ¢t and the chunk is committed open-loop: the h
executed actions never account for new observations during their execution

window, limiting the reactivity that manipulation tasks demand.

Diffusion Forcing and Streaming Diffusion

Diffusion forcing [16, 103] generalizes flow matching by assigning each chunk position

p €{0,...,H—1} an independent noise level 7, € [0, 1]:
Xrp = (1-7,) €, + 7p ay, (6.2)

and the model vy(x,, T, 0) predicts a per-position velocity. The flexibility of position-
dependent noise levels enables closed-loop action prediction by conditioning successive
denoising steps on progressively more recent observations within a single chunk.
Streaming diffusion [43] is one such instantiation: it imposes a linearly increasing noise
schedule across the chunk so that the leading positions are fully denoised within a few
steps, and each denoising step incorporates a fresh observation.

In this work, we also adopt diffusion forcing, focusing on an underexplored regime:
enabling large-scale VLASs to be more reactive and closed-loop, where large latency
naturally arises from its model size and components. The following two subsections

present the architectural and scheduling modifications that make diffusion forcing a
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practical real-time policy on top of any VLA action head.

6.1.2 Proprioception-Reactive Diffusion Forcing

A VLA processes the observation o; = (s;, I, T;) — proprioception s; (joint positions,
end-effector pose), image I;, and language T — to predict an action chunk (ay, ..., a;.p).
Internally, the inputs are preprocessed (dominated by image processing) and passed
through the VLM backbone, producing language-aligned features; proprioception is
processed by a small MLP into a state embedding; the DiT action head then conditions
on the concatenated representation and runs K denoising steps over the chunk. In
practice, these components differ greatly in cost. On RTX A6000 with GRO0T-N1.7,
image preprocessing + VLM (~ 60 ms) plus DiT denoising (K=4 steps, ~ 80 ms)
sum to ~ 140 ms per call — ~ 7 control ticks at 50 Hz. This motivates disentangling
the slow VLM path from the fast action prediction loop.

We propose to disentangle the DiT’s conditioning (Figure 6.1, left) into a slow
channel (vision and language features from the VLM and image/text encoders) and
a fast channel (proprioception, fresh every tick). This split mirrors the structure of
manipulation itself: vision and language provide coarse spatial and task guidance,
while fresh proprioception drives the fine motor refinement that precision demands.
Diffusion forcing additionally reduces the per-call denoising work: because the front of
the chunk is kept near 7 = 1, a single denoising step per call suffices to produce clean
actions at the front (one or more, depending on the schedule; see Section 6.1.3), versus
K steps in standard chunked denoising. Combining the two, the DiT action head runs
one denoising step against fresh proprioception and a cached slow feature; vision and
language are processed asynchronously in a background thread (image preprocessing
+ VLM forward) and refresh the cache when complete, so the action head conditions
on a slow feature of age dy, ticks (the vision/text wall-clock latency). Per-call cost of
the action head is therefore one NFE only (~ 20 ms), independent of backbone size.

To absorb the resulting slow-channel staleness, we delay the slow channel at training
time by dyim ~ Uniform{0,...,d5%} and supply the delay value through a learned
scalar embedding added to the slow representation; at deploy time the measured d,,,
uses the same embedding. The resulting policy is proprioception-reactive: it reacts to
fresh joint state every denoising step while tolerating bounded staleness on vision and
language, recovering closed-loop control even behind a large VLA backbone. We refer

to this architecture variant as asynchronous vision/text processing.
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Figure 6.2: Inference cycle, one call. (a) Buffer at 7% at the start of the call. (b)
One Euler substep (one NFE) shifts the schedule right by d slots: positions [d, 2d) reach
7=1 and are released, and the ramp extends through the back. (c¢) The buffer slides d
positions: just-emitted actions become the new front conditioning, d fresh-noise slots
(7=0) are appended — the schedule reproduces exactly.

6.1.3 Latency-Adaptive Flow Schedule

By combining diffusion forcing with asynchronous vision/text processing and single-
step DiT inference, the per-call delay d of the action prediction loop reduces to one
denoising step of the action head. However, in reality, d varies: it depends on each
component size and inference GPU, includes network latency when policy and robot
run on separate machines (e.g., Ethernet round-trips in remote-inference setups), and
fluctuates with computational load and per-call jitter. The policy must therefore
handle a range of inference delays d € [1, dpax]-

A naive linearly increasing noise schedule, as in standard streaming diffusion [43],
does not address this regime: it implicitly assumes d = 0 (instantaneous inference,
no in-flight actions), so when applied at d > 0 the returning chunk can jump at the
chunk boundary [13, 106]. We address both issues with a per-position noise schedule
parameterized by the inference delay d: a clamped-clean front carries the d in-flight
actions as inpaint conditioning, a ramped interior emits d clean actions per call at the
cost of one denoising step, and randomizing d at training lets a single model adapt to

whatever value is measured at each call.

Staircase schedule (Figure 6.1, right). For a target inference delay d, TR? uses

the three-region staircase 7*¢ € [0, 1%

1 0<p<d

d<p<H-d (6.3)

0 H—-—d<p<H-1
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with interior slope s = 1/(H—2d). Three roles by position: front [0, d), the in-flight
actions, clamped clean as inpaint conditioning; interior [d, H—d), a linear ramp from
clean to noise; tail [H—d, H), the d pure-noise slots appended at the back per cycle.
This staircase can be viewed as a diffusion-forcing generalization of training-time
RTC [12]: both clamp a clean front of d in-flight actions for inpaint conditioning, but
RTC applies a single shared noise level over the remaining H — d positions, whereas the
staircase replaces it with a ramped interior plus a pure-noise tail to enable single-step

emission under diffusion forcing.

Training. At each batch we sample d ~ Uniform{1, ..., dnax} and build 7. The
front d slots are filled by the ground-truth actions and excluded from the loss via
m, = 1[p > d] (mirroring inference-time inpaint conditioning); the interior and tail are
noised at the staircase levels and contribute to the per-position MSE. We additionally
apply symmetric jitter 7, < clip(r, + d,,0,1) with 9, ~ Uniform[—j, j] to absorb
small deviations from the central staircase that arise from per-call d variation. With
probability 0.2, we instead train on a standard flow schedule (single 7 ~ Uniform|0, 1]
shared across positions, no mask), so the same network can also denoise a full chunk

from pure noise, used at inference to warm-start the buffer at episode start.

Compatibility with existing VLA action heads. The procedure above plugs
into any DiT-style VLA action head with a one-line architectural change: the AdaLLN
conditioning (which modulates each DiT block by the noise level 7) becomes per-
position, with one (v,, 3,) pair per chunk position rather than one shared across
positions. All other components (attention, MLP, VLM backbone, slow/fast feature
paths) remain unchanged, so existing pretrained VLAs can be fine-tuned with 7R?

without touching the backbone.

Inference cycle (Figure 6.2). At episode start we warm up the buffer with
standard-flow inference (denoising all H positions from pure noise) and re-noise to
match 74 for the initial measured d. From then on, each call applies one denoising

step that updates each position by
X, X, + AT, vp(X,T,0),, T, T+ ATy, (6.4)

with region-dependent per-position advances A7, chosen so the schedule shifts right
by d slots: positions [d, 2d) reach 7=1 and are emitted, and the rest of the buffer
rotates forward (Figure 6.2b). The buffer then slides by d positions, with d fresh-noise
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Figure 6.3: Simulation results. Left (a). Without any inference delay, executing
a smaller number of actions within the chunk benefits the performance for a flow
matching policy. TR? also achieves the same performance via replanning every timestep,
while only the last denoising step is conditioned on up-to-date state. Right (b).
When there is an inference delay for each component, 7R? reduces the effective delay
d by reducing the number of denoising steps and asynchronously processing the visual
features. For each datapoint, d indicates the effective delay of proprioception, while
d, is visual delay.

slots (7=0) appended at the back (Figure 6.2c). The schedule reproduces exactly
when d holds steady; when d changes between calls the A7, pattern adapts to the new

*,d

measured d, and the buffer is pulled toward the new 7% over a few calls.

6.2 Experiments

6.2.1 Simulation Experiments

Setup. We first test TR? on the Leap Cube Reorientation task in MuJoCo Play-
ground [122], a common task that requires reactivity to keep the cube from falling
and to achieve the target cube pose. Demonstrations are collected at 50 Hz from
4 RL experts (different seeds), yielding 200 trajectories per task. All methods are
trained as state-based flow policies, with prediction chunk length H = 16. We run two
studies: an execution-horizon h sweep under zero inference delay (Section 6.2.1), and
a deployment study under a fixed latency budget (Section 6.2.1). Full implementation
details are in Appendix C.
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Execution-horizon (/) sweep without inference delay

We first study the setting where inference delay d = 0, to isolate two things: (i) the
tradeoff between task performance and execution horizon h (executing more actions
open-loop misses the recent state), and (i) whether 7R?’s amortized denoising, where
each action’s final denoising step conditions on the most recent observation, matches
the reactivity of h=1 flow at a fraction of the per-call cost. At evaluation, standard
flow matching uses 16 denoising steps to predict the whole chunk, whereas 7R? uses
one denoising step and emits one action at a time. We sweep h € {1,2,4,8} for
standard flow; 7R? emits one action per call (h = 1, 1 NFE per call). Results in
Figure 6.3 (left) confirm the h tradeoff for standard flow (performance degrades as h
grows, with i € {1,2} best on the reactivity-sensitive tasks), and show that 7R? at
h=1 matches the flow configuration of h € {1,2}. This supports that amortizing the
denoising budget across calls does not sacrifice quality, even though each call costs
only one NFE. We next introduce realistic latency and test each deployment regime

under that constraint.

Deployment under VLA-level inference delay

To consider a realistic latency, we take into account GRO0OT-N1.7 computation cost
(Section 6.1.2: vision/text ~ 60 ms, K=4 NFE denoising ~ 80 ms) and define unit
delay dy as the K = 4 denoising cost; vision/text ~ 0.75dy and one NFE = d,/4.
The effective per-call delays are then 1.75dy (end-to-end inference), 1.0dy (7R?
without asynchronous processing), and 0.25dy (7R? with asynchronous processing).
Setting dy € {1,2,3} control ticks and ceil-rounding gives effective proprioception
delay d € {2,4,6}/{1,2,3}/{1,1,1}, respectively. For TR? with async processing, we
additionally delay the object pose by dy;s € {1,2,3}. For all methods, we set execution

horizon h = d across all methods.

Results. We compare four methods: (i) naive-async, (ii) train-time RTC [12],
(iii) 7R? without async processing (Section 6.1.3), and (iv) 7R? with async processing
(Section 6.1.2). Figure 6.3 (right) shows the results. 7R? with async wins at every
do (0.41,0.41,0.44), beating naive-async (0.30,0.24,0.18) and RTC (0.35,0.40,0.21)
with margins that widen as delay grows. The reason is effective delay: baselines
pay d=[1.75d,] per call while TR? pays d=d, (without async) or d=1 (with async).
Async processing lets us hold the action delay at 1 while only the visual delay d,is

grows, so performance degrades gracefully with d,;s — supporting the view that vision
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Table 6.1: Real World Results. (xArm6 + XHand, fine-tuned GRO0T N1.7). d is
the measured wall-clock inference delay in 25-Hz control ticks (1 tick ~ 40 ms), which

is the same as execution horizon h for all methods other than synchronous inference.

For each task we report success rate (SR) over N trials and a partial-progress score
(Prog) capturing the fraction of subgoals completed per episode.

Don’t Spill Tidy up Book Insert Box

Setting d SR Prog SR Prog SR Prog
Flow, Synchronous (h = 10) 4~5 4/20 16/80  4/20 9/40  11/20  56/80
Flow, Naive Async, dense, TE [130] 4~5 7/20 30/80 7/20 15/40 12/20 61/80
Flow, Train-Time RTC [12] 5 9/20  45/80  8/20  18/40 10/20 53/80
R2 1-2 10/20 55/80 12/20 24/40 16/20 68/80

(a)

Figure 6.4: Real-world tasks and qualitative results. Left (a). Real-world
manipulation tasks: Don’t Spill (left), Tidy Up Book (middle), Insert Box. Each
image shows how the task should be solved. Right (b). Rollout comparison on Tidy
Up Book: mR? tracks the contact dynamics smoothly, while Train-time RTC jitters
and fails to pick up the book due to inaccuracy.

provides coarse guidance while up-to-date proprioception drives manipulation.

6.2.2 Real-World Experiments

We now mirror the deployment study above on a real xArm6 + XHand setup by fine-
tuning the GROOT-N1.7 model [80] for dexterous manipulation. Demos are collected
at 25 Hz (capped by the teleoperation recording pipeline), so we report d in 25-Hz
ticks (1 tick =~ 40 ms); We use RTX A5000 for both training and inference, resulting
in d =4 ~ 5 for baselines and d = 1 ~ 2 for TR%. We include arm and hand joint
angles, along with hand per-joint torque and fingertip forces in the proprioceptive
state.
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Tasks. We evaluate our method on three contact-rich dexterous manipulation tasks.
Don’t Spill requires placing a ball into a bowl and moving the bowl onto a cutting
board without dropping the ball. Tidy Up Book requires extracting a book from a pile,
grasping it, and placing it into a basket. Insert Box requires pushing a box against a
wall to stand it upright before inserting it between a row of books.

All three tasks demand highly reactive behavior. Picking up the ball requires
dynamic grasping, moving the bowl without tilting it relies on proprioceptive feedback,
and both extracting a book from a pile and pushing a box upright require precise
contact-rich interactions and reactive control. We collect 200, 300, and 300 teleoperated

demonstrations for Don’t Spill, Tidy Up Book, and Insert Boz, respectively.

Baselines. We compare 7R? against three baselines, all fine-tuned from GRO0T-
N1.7. (1) Flow, Synchronous stalls the robot for the full d=4 ~ 5 ticks while inference
runs, then executes the predicted chunk (h = 10). (2) Flow, Naive Async (dense,
TE) [131] runs the policy asynchronously without conditioning on in-flight actions:
dense re-issues a query every d ticks (whenever the previous call returns), and TFE
(temporal ensembling) [130] for overlapping action predictions for the same timestep.
(3) Flow, Train-Time RTC [12] additionally trains the policy to inpaint a clean d-action

front, anchoring the new chunk to the executed history at the chunk boundary.

Results. Table 6.1 summarizes the experimental results. TR? with asynchronous
vision—language inference operates near the per-control-tick limit (d=1 at 25 Hz, with
occasional increases to d=2 under network delays), whereas all flow-based baselines
incur the full GROOT pipeline latency of d € {4,5}. Synchronous inference produces
jittery motion at chunk boundaries because the robot pauses while waiting for the
next action chunk, leading to failures such as the ball rolling off the table. Naive
asynchronous inference combined with temporal ensembling yields smoother motion
but sacrifices execution precision. Train-Time RTC [12] is the strongest baseline;
however, TR? outperforms it across all metrics, with the largest gains on reactivity-
critical tasks such as Tidy Up Book and Insert Boz, achieving approximately 50%
relative improvement. We observe that RT'C also struggles to recover from failures
because previously generated in-flight actions bias the policy toward continuing its
recent motion, which reduces its ability to react promptly, particularly in Insert Boz.
Qualitatively, 7R? produces smoother and more accurate motions, even during failure

recovery. These results demonstrate the value of real-time proprioceptive feedback
enabled by 7R2.
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6.3 Limitations

Our approach has several limitations. First, we do not address sources of latency
external to the model itself, such as communication delays between the inference server
and the robot client. Second, we keep the base policy architecture unchanged; designing
it to emphasize proprioceptive features more strongly (e.g., dedicated attention heads
for proprioceptive tokens) could further amplify reactivity, and we leave this direction

to future work.

6.4 Summary

We presented mR?2, a principled modification to existing VLA architectures that yields
real-time, closed-loop policies through two orthogonal contributions: asynchronous
vision/text processing that decouples the slow VLM backbone from the action loop,
and a latency-adaptive flow schedule that absorbs variable inference delay via a per-
position noise schedule parameterized by d. Together, they reduce per-call delay
by up to 4x while remaining compatible with any VLA action head. This enables
7R? to handle highly reactive behaviors — non-prehensile, contact-rich manipulation
— where baselines struggle, both in simulation and on real hardware. Additional
implementation details, training and inference algorithms, and hyperparameters are

provided in Appendix C.



Chapter 7
Discussion

The three methods in this thesis target different bottlenecks in deploying generalist
policies (data, inference, and architecture) but they are more alike than their applica-
tions suggest. This chapter draws out what they share, how they might compose, and

the limitations they have in common.

7.1 Adapting, Steering, and Accelerating: A Uni-
fied View

A generative policy turns noise into an action through a sequence of denoising steps
guided by a learned score/flow. Each method in this thesis intervenes on that process,
adding capability with little or no additional training. DemoDiffusion (Chapter 4)
intervenes on the starting point and extent of denoising: instead of sampling from
pure noise, it seeds the process with a retargeted human trajectory and denoises
only partway, so a frozen policy adapts to a new task from one demonstration. TSR
(Chapter 5) intervenes on the score/flow itself: rescaling it during sampling draws
from a sharper or broader distribution than the model was trained on, again with no
additional training. 7R? (Chapter 6) intervenes on the conditioning and schedule of
denoising: with a lightweight finetune, it decouples fast and slow conditioning channels
and reshapes the per-position noise schedule so that actions can be emitted in a single
step and the loop closed in real time. Viewed this way, the thesis studies how much
can be gained by treating the generative process of a pretrained policy, rather than a
fresh model trained from scratch, as the object of design.

The interventions are largely orthogonal and could in principle compose. A deployed

generalist policy might be adapted to a new task from a human demonstration with
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DemoDiffusion, have its sampling sharpened by TSR to pick more reliable actions,
and be made reactive with 7R?2, the first two needing no additional training and the
third only a lightweight finetune. TSR in particular is not robot-specific: because it
acts on the score of any diffusion or flow model, the same mechanism that sharpens a
manipulation policy also improves image generation, depth estimation, pose prediction,
and protein design. This suggests that lessons about controllable inference transfer

across modern generative models, not just robot policies.

7.2 Limitations

Several limitations are common to the three methods. First, all inherit the capabilities
and failure modes of the pretrained model they build on: DemoDiffusion cannot refine
a trajectory into a behavior the base policy has no notion of, 7R? does not change
what the backbone represents, and TSR can only reweight the distribution a model
has already learned, not add missing modes. Second, each exposes inference-time
hyperparameters (the denoising strength for DemoDiffusion, the schedule and channel
timing for 7R?, and the rescaling magnitude and onset for TSR) that currently require
task-specific tuning, though each chapter offers guidelines. Finally, the methods are
demonstrated on today’s policies; whether the same interventions remain the best

levers as backbones and training recipes evolve is an open question.

7.3 Future Work

These observations suggest two main directions for future work. The first concerns
data for dexterity: all three methods build on a pretrained policy that itself requires
real robot data, and none of them magically extends a policy to more dexterous tasks
that this data does not already cover. Enabling dexterous manipulation, especially
with multi-fingered robotic hands, will therefore depend on better ways to collect
dexterous real-robot data, for example through large-scale training in simulation or
assistive teleoperation that lowers the cost and improves the quality of data collection.
The second is specific to 7R?: it feeds fresh proprioceptive and tactile signals to the
policy more frequently, but does not change how those signals are conditioned or fused
into the policy. Studying better ways to condition proprioception and touch, so that
a policy exploits these fast, contact-rich signals rather than merely receiving them

more often, is a promising direction for more reactive and contact-rich manipulation.



Chapter 8
Conclusion

This thesis started from a practical tension. Pretrained generalist policies, vision-
language-action models with expressive diffusion and flow-matching heads, are remark-
ably capable, yet turning one into a working robot exposes stubborn gaps: adapting
it to a new task still needs task-specific data, sampling from it offers no control over
the distribution it draws from, and running it fast enough to react strains a large
backbone. The unifying claim is that these gaps can be closed not by training larger
models, but by changing how a pretrained policy generates its actions, with little or
no additional training.

We developed this claim through three methods, each working on the same gen-
erative process at a different point. DemoDiffusion (Chapter 4) works on data: it
turns a frozen generalist policy into a one-shot imitator by treating a kinematically
retargeted human demonstration as a partially noised trajectory and denoising it back
onto the robot’s action manifold. It succeeds even where the base policy fails and
needs no task-specific or paired data. TSR (Chapter 5) works on inference in full
generality: rescaling the learned score during sampling acts as a local temperature
that sharpens or broadens the output distribution of any diffusion or flow model,
improving robot policies alongside image generation, depth, pose, and protein design,
with no fine-tuning. 7R? (Chapter 6) works on architecture and inference: with a
lightweight finetune, it splits conditioning into fast proprioceptive and slow vision-
language channels and adopts a latency-adaptive, single-step flow schedule, making a
large action-chunking policy reactive and real-time on real hardware.

Seen together, adapting, steering, and accelerating are three ways of cashing out
the same idea: the process that turns a generative policy into behavior is itself a
design surface, and working with it, rather than only scaling the model behind it, is

a powerful and inexpensive way to make capable models deployable. We hope this
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perspective encourages more work that treats the generative process, not only the

weights, as a first-class part of building generalist robots.



Appendix A

DemoDiffusion: Additional Details

This appendix provides additional experimental details, implementation details, and

results for the real-world and simulation experiments of DemoDiffusion (Chapter 4).

A.1 Real-World Manipulation

A.1.1 Hardware Setup

We replicate the DROID [55] setup for the hardware. Due to hardware availability,

we use a RealSense D455 instead of a ZED 2 for the rear-view camera.

A.1.2 Task Setup Description

The overview of the scenes for each task at test time is shown in Figure A.1. During
data collection, we mark the target object location with a tape. During evaluation,
we randomize the target object location within the tape, which is consistent across all
methods. Overall, kinematic retargeting may fail due to small misalignment of object
placement, inaccurate 3D hand keypoints, or camera extrinsics, etc. Pi-0 may fail if
it cannot identify the object to interact with and manipulates other objects in the
scene. It may also reach the target object but fail to manipulate it in the desired way.
Note that previous approaches [17, 61, 82, 111] use kinematic retargeting to transfer

human demonstrations to the robot.

Pick and Place the Banana. The task is to pick up the toy banana and place it
on the plate on the right side of the table. The episode is considered successful if the

banana is successfully placed on the plate.
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i

Pick and Place the Banana Drag the Basket Pick up the Teddy Bear Pick and Place the Bow!

Iron the Curtain Shut Down the Laptop Close the Microwave Wipe the Table

Figure A.1: Real-world manipulation tasks at test time. Each image corresponds
to an example of the scene for each task at test time. To test our method in a natural
setup, we add other objects to the scene as visual distractors. For each rollout, we use
the same set of distractors across methods.

Drag the Basket. The task is to drag the basket to the right side of the table. The
human demonstration grasps the edge of the basket and pulls it to the right. The
episode is considered successful if the robot grasps the basket / puts the gripper inside

the basket and moves it to any side of the table.

Pick Up the Teddy Bear. The task is to pick up the teddy bear located at the
center of the table. The human demonstration grasps the neck of the bear and picks
it up. The episode is considered successful if the robot picks up the bear by the end
of the episode.

Pick and Place the Bowl. The task is to pick up the bowl and place it on the
stove on the right side of the table. The episode is considered successful if the bowl is

successfully placed on the stove.

Iron Curtain. The task is to grasp the ironing machine located at the center of the
table and slide it to the right side of the curtain. The episode is considered successful

if the robot grasps/pushes the ironing machine to any part of the curtain.

Shut Down the Laptop. The task is to close the laptop located in front of the
robot. The episode is considered successful if the angle of the laptop is smaller than

10 degrees at the end of the episode.
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Close the Microwave. The task is to close the microwave located at the corner of
the table. The episode is considered successful if the handle part touches the body

part of the microwave at the end of the episode.

Wipe the Table. The task is to pinch/poke the given tissue and wipe the table.
The episode is considered successful if the robot pinches/pokes the tissue and performs

one stroke to any side of the table without missing it.

A.1.3 Text Prompts

We use the following text conditions for Pi-0 [11], which are also used for DemoDiffu-

Ston.
Table A.1: Text prompts used for real-world manipulation tasks.

Task Prompt
Pick and Place the Banana pick and place the banana on the plate
Drag the Basket drag the basket to the right
Pick Up the Teddy Bear pick up the bear doll
Pick and Place the Bowl pick and place the bowl on the stove
Iron the Curtain mowve the ironing machine to the right
Wipe the Table wipe the table
Close the Microwave close the microwave
Shut Down the Laptop close the laptop

A.1.4 Inference Details

At each timestep ¢, we index the human demonstration at the same timestep ¢t and
compute the kinematically retargeted actions. As Pi-0 predicts a chunk of actions with
length H = 10, we also use the action chunk computed from the human demonstration
from timestep ¢ to t + H — 1. The episode length is set to be the same as the length

(number of timesteps) of the human demonstrations across all methods.

A.1.5 Kinematic Retargeting Implementation Details

A human demonstration D of a manipulation task 7 consists of the 3D hand pose
trajectory {h;}L,. Each hand pose h; € R**”/ corresponds to the 3D locations of .J
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Table A.2: Hyperparameters in the real-world experiments.

Hyperparameter Value
Open Loop Horizon 8
Predict Action Horizon 10

Denoising Steps at Inference (Pi-0) 20

keypoints (e.g. wrist and fingertips). To kinematically retarget these 3D keypoints
to a robotic end-effector, we use the human’s wrist position A, thumb tip position
B, and the average of the other fingertips C. Specifically, A%, along with the cross
product of AB and A_C’, defines the orientation of the end-effector, and the human’s
wrist position is used as the position of the end-effector. As Pi-0 uses joint velocity as
its action space, the end-effector pose is further converted into joint velocity using
inverse kinematics. For the gripper, we use the norm of BC as its width. To stabilize
grasping, we set the gripper action to be fully closed if the norm of BC' is smaller

than 80% of the gripper’s maximum width, similar to Lepert et al. [60].

A.1.6 Hyperparameters

To show our method’s applicability across diverse setups, we do not change the speed of
the given human demonstration when performing kinematic retargeting. At inference,
we use the following hyperparameters for Pi-0 and DemoDiffusion, with the only
difference being the number of denoising steps, as DemoDiffusion starts denoising from
intermediate steps. Specifically, we use the hyperparameters in Table A.2. Depending

on the noise level s*/S, DemoDiffusion uses 20 x s*/S denoising steps.

A.1.7 Additional Results

Results with different hyperparameters. We present the results of DemoDif-
fusion using two different hyperparameter settings, s*/S = 0.2 and s*/S = 0.4. The
results are summarized in Table A.3. Overall, we observe a consistent trend based on

the performance of the base diffusion policy (Pi-0):

o When the base policy Pi-0 achieves a non-zero success rate, s*/S = 0.4 generally
yields better performance. This is observed in tasks such as shut laptop, close

microwave, drag basket, wipe table, and iron curtain.
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Table A.3: Additional quantitative results for real-world manipulation. Suc-
cess rates (%) for DemoDiffusion at two noise levels compared with the baselines.

Kinematic DemoDiffusion DemoDiffusion

Task Pi-0 Retargeting (0.2) (0.4)
Shut Laptop 20 10 40 60
Close Microwave 10 80 80 90
Drag Basket 10 80 70 80
Wipe Table 50 0 60 100
Iron Curtain 20 70 70 90
Pick Up Bear 0 40 60 40
Pick Place Banana 0 70 90 20
Pick Place Bowl 0 70 100 0
Average 13.8 52.5 71.3 60.0

« Conversely, when Pi-0 has a zero success rate, s*/S = 0.2 tends to perform
better. This is the case for tasks including pick up bear, pick place banana, and
pick place bowl. We observe that while s*/S = 0.4 shows adaptive end-effector

motion, it tends to avoid activating the gripper at the correct timestep.

These findings suggest that a more effective base policy enables DemoDiffusion to
benefit from a higher noise level, as it can leverage the base policy’s strengths more
effectively. In contrast, when the base policy is less reliable, a lower noise level tends
to show better performance. We believe this can serve as a guideline for choosing the

noise level s*/S for DemoDiffusion.

Zero-shot generalization to new objects. Lastly, we investigate whether De-
moDiffusion can achieve zero-shot generalization to new objects within the same
category. We use the same human demonstration and text prompt we previously used
while evaluating on a new object within the same category. Results are shown in
Figure A.2. Although we only provide a human demonstration on a different object,

we observe that DemoDiffusion can adapt its behavior to a new object.
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i

Drag the Basket Wipe the Table Pick and Place the Bow!

Figure A.2: Zero-shot generalization to new objects. We evaluate DemoDiffu-
sion’s generalization capabilities to new objects on 3 tasks — drag the basket, wipe the
table, and pick and place the bowl. While the objects have different colors and shapes
from those of the objects in the human demonstration, DemoDiffusion adjusts its
behavior to these new objects. Please refer to the website for detailed visualizations.

A.2 Dexterous Grasping in Simulation

A.2.1 Task Setup Description

In our simulation experiment, the task is to pick up the object. The rollout is
considered a success when the object’s z position is higher than 0.10 m at the end of
the episode. Similar to the real-world experiments, at each timestep of inference, we
compute a kinematically retargeted action chunk from the human demonstration at

the same timestep.

Training data. As we do not have a generalist pre-trained diffusion policy in
simulation, we first train a diffusion policy while constraining the target task to picking
up generic objects. Specifically, we collected a total of 985 grasping trajectories of the
Allegro hand over 58 objects in the RaiSim simulator for training. The trajectories
were generated by rolling out the expert Allegro RL policy with random grasping
directions. The 58 objects are randomly sampled from ShapeNet [15] (26 objects)
and PartNet [76] (32 objects). The training objects and expert Allegro RL policy are
provided by GraspXL [125].

Test data. At test time, we provide human grasping trajectories for a different set
of objects. As it is challenging to provide human demonstrations in simulation, we
instead use a MANO [93] hand RL policy to collect human demonstrations. The test
set contains a total of 1220 objects, which is a subset of the Objaverse dataset [23].

The objects are divided into three groups based on their size: small scale s € [3, 5] cm,
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medium scale m € [5, 7] cm, and large scale [ € [7,9] cm. As the object meshes do not
contain material information, we assume fixed density, resulting in diverse mass. We
additionally use the same friction coefficient for all objects. Again, the test objects
and expert MANO [93] RL policy are provided by GraspXL [125]. Additionally, we do
not change the speed of the given human demonstration when performing kinematic

retargeting.

A.2.2 Kinematic Retargeting Implementation Details

Following Wang et al. [111], we use inverse kinematics to match the fingertip positions
between the human hand and the robot hand, ignoring the pinky finger. The pose of

the robot hand base is initialized to be the same as that of the human hand.

A.2.3 Robot Policy Implementation Details

We train a hierarchical policy, where the high-level planner predicts the robot’s future
goal state, and the low-level controller predicts the action given the desired future robot
state. Both policies were trained using a variant of 3D Diffusion Policy [123], where
we modify the point cloud encoder to take point tracks, for a richer representation of
the object. Specifically, while the original point encoder takes object points at each
timestep, the modified encoder takes a sequence of object points (object tracks) as
input.

The high-level planner and low-level controller use a subset of the following as

input and output. All rotations are represented in Euler angles.

Robot state. Contains its wrist position in the world frame, rotation in the world

frame, and absolute hand joint angles.

Object state. Contains 3D points of its surface. For a history of robot state, we
assume 3D point tracks to be given (i.e. each 3D point across timesteps corresponds

to the same point of the object).

Robot goal state. Contains its wrist position in the local frame (wrist frame at
the previous timestep), rotation in the local frame, and relative hand joint angles to

the previous timestep.
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Action. Contains the desired robot’s wrist position in the local frame (previous
wrist frame), desired rotation in the local frame, and desired relative hand joint angles
to the previous timestep. Note that the action and the robot’s goal state are not the
same. For instance, the desired hand joint angles can penetrate the object surface,
while the robot’s state cannot. Such a difference creates contact force, enabling a

stable grasp.

High-level planner. The high-level planner takes in a history of robot states and
object states, and predicts a sequence of robot goal states. At test time, we use
the kinematic retargeting result as an initial estimate for the robot’s goal state. We
then apply DemoDiffusion to refine the robot goal state, and feed it to the low-level

controller.

Low-level controller. The low-level controller takes in a history of robot states
and a sequence of robot goal states, and predicts a sequence of robot actions. The goal
state encoder has the same architecture as the robot state encoder. Once it outputs
the action, the action is used as a position target for a PD controller provided in the

RaiSim simulator.

A.2.4 Hyperparameters

For policy training, we use the default hyperparameters provided in the 3D Diffusion
Policy [123] with minimal modifications. For the simulation environment, we use the
default hyperparameters provided by GraspXL [125]. Specifically, we use the same
parameters (Table A.4) for both the high-level planner and low-level controller.
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Table A.4: Hyperparameters in the simulation experiments.

Hyperparameter Value
H 4
Nobs 2
Naet 1
Ngoal 2
Niatency 0
Number of Object Points 1024
Train Timesteps 1000
Inference Timesteps 10
Episode Length 155
Wrist Position Pgain 100.0
Wrist Position Dgain 0.1
Wrist Rotation Pgain 100.0
Wrist Rotation Dgain 0.2

Finger Rotation Pgain 100.0
Finger Rotation Dgain 0.2




Appendix B

Temporal Score Rescaling:
Additional Details

This appendix supplements Chapter 5. Section B.1 provides additional qualitative
and quantitative results across the application domains, together with mode-collapse,
empirical score-error, and 2D toy-distribution studies. Section B.2 gives the full proof
that TSR yields a valid score approximation for mixtures of well-separated Gaussians,
and Section B.3 proves that Constant Noise Scaling cannot realize true temperature

scaling.

B.1 Additional Results

B.1.1 Image Generation

We show additional qualitative examples generated by Stable Diffusion 3 with TSR in
Figure B.3. We show TSR with varying k£ and highlight the control over the expression
of high-frequency details. To better demonstrate the effect of user-input parameters
(k,0) on image quality, we plot FID and CLIP scores ablating over different (k, o)
in Figure B.1. The trends in Figure B.1 clearly demonstrate that TSR with a k
slightly smaller than 1 and various ¢ values improves both metrics, and the optimal
performance is achieved at kK = 0.93,0 = 3.0. We compare the regular Euler-ODE
sampling and TSR on different CFG guidance scales in Figure B.2, highlighting that
TSR is orthogonal to CFG and improves model performance at various CFG settings.
In Figure B.2, we also present the performance of CNS, which has to be applied on
a stochastic sampler (Euler-SDE). As Stable Diffusion 3 is a flow matching model,

stochastic samplers perform significantly worse than ODE samplers, especially when
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the inference steps are less than 100. These results align with the findings in Ma et al.
[71]. Therefore, CNS does not practically apply to flow matching models like SD3. In
Table B.1, we additionally present quantitative results on Stable Diffusion 2, which is
a denoising diffusion-based model. While CNS can improve over DDPM sampling, it
is outperformed by TSR.

FID vs k comparison CLIP vs k comparison
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Figure B.1: Ablations over the TSR parameters (k,oc) on Stable Diffusion 3.
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Figure B.2: Ablations over CFG scale and samplers. Left: Comparing regular
sampling with TSR with various CFG guidance scale on Stable Diffusion 3. Right:
Comparing deterministic and stochastic samplers with TSR or CNS. Stochastic
sampling is much worse on flow models, making CNS impractical.

B.1.2 Pose Prediction

We show more pose prediction results in Figure B.5. TSR predicts tighter samples

around the ground truth mode, which can be observed by the low spread of sampled
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Figure B.3: Additional qualitative examples of TSR on Stable Diffusion 3.
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Table B.1: Results on Stable Diffusion 2. TSR improves FID and CLIP on various
samplers, outperforming CNS.

FID | CLIP 4
DDIM 21.28  33.54
+ TSR (0.95, 1.0) 20.05 33.61
DDPM 22.81  33.66
+ Constant Noise Scaling (0.96) 19.87  33.68
+ TSR (0.9, 1.0) 19.57 33.77
EulerDiscrete 2211 33.54
+ TSR (0.95, 1.0) 19.95 33.61

poses compared to score sampling. We also include ablations over parameters (k, o) in
Figure B.4, showing that TSR consistently improves accuracy by increasing k, across

different o.

Mean Rotation Error vs k (Grouped by sigma)

sigma=0.1
—e— sigma=0.5
—e— sigma=1.0

0.42

0.40

Rotation Error (deg)

0.38

Figure B.4: Ablations over (k,0) on pose prediction. TSR with various (k, o)
configurations effectively outperforms the baseline sampling method k£ = 1. While
TSR is not sensitive to ¢ in pose estimation, TSR reaches optimal performance with
k~T.

B.1.3 Depth Estimation

We also show the effect of ¢ and k& on the AbsRel metric in Figure B.6. Compared
with the DDIM sample (k = 1), TSR demonstrates consistent performance gain in
various (k, o) configurations. We also include more depth samples and comparisons in
Figure B.7. A consistent improvement of TSR result can be observed, compared to
the DDIM samples.
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Input Image Score Sampling PSR(c =05k =7)

Figure B.5: More predicted poses on SYMSOL. We show all 5 classes of shapes
in SYMSOL. We use 0 = 1,k = 7 for these visualizations. TSR consistently reduces
prediction error across all classes compared to score sampling. We modify the location
of samples to exaggerate error by a factor of 15 to show the visual difference given
plotting constraints.
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Figure B.6: Effects of (k,0) on depth estimation. Comparing with DDIM
sample (k = 1), TSR demonstrates consistent performance gains in various (k, o)
configurations.

B.1.4 Quantifying Mode Collapse

To systematically evaluate the mode-collapse behavior of temperature-scaling ap-
proaches (Constant Noise Scaling and TSR), we train an unconditional DDPM on
the MNIST dataset [25] and apply each sampling method. We additionally train a
classifier to label generated samples and assess whether Constant Noise Scaling or
TSR exhibits mode drop, i.e., produces an imbalanced distribution of digits.

Figures B.8 and B.9 summarize the results, using £k = 5.0 for Constant Noise
Scaling (CNS) and (k, o) = (5.0,1.0) for TSR. CNS disproportionately generates digits
‘1’ (40.4%) and ‘9’ (28.7%), likely because their straight or curved components appear
frequently across other digits, making them easier to synthesize under decreased noise.
In contrast, TSR produces a distribution of digits that closely matches that of DDPM,
indicating that it preserves all modes. Furthermore, TSR generates noticeably clearer
samples than DDPM, demonstrating the benefit of tempered sampling. In summary,

TSR maintains mode coverage on MNIST while improving sample quality.

B.1.5 Empirical Analysis on Score Approximation

To empirically analyze our proposed approximation, we conduct an experiment using
a 2D mixture of four Gaussian distributions, which is visualized in Figure B.10. We
denote the distance between neighboring modes as A and the variance of each mode
as 0. Setting the scaling parameter k = 2, we systematically vary A and o to study
the behavior of the approximation error. We quantify the deviation by computing the
expected absolute relative difference (Abs. Rel.) between the score estimated by TSR

and the ground-truth score.
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Figure B.7: More Depth Prediction Comparison. We include more samples from
NYUv2 and ETH3D. TSR demonstrates consistent improvement compared to the
DDIM samples.

As illustrated in Figure B.10, the error vanishes at both ends in the range of
timestep ¢t and peaks at intermediate ¢. Furthermore, we analyze the maximum error
occurring across all timesteps with respect to o and A. The results demonstrate that
the maximum error vanishes as the mode variance o decreases or the mode separation
A increases, verifying that the approximation becomes exact as the modes are more

separated. These results empirically confirm the theoretical bound we proved in
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DDPM Constant Noise Scaling + Temporal Score Rescaling

~
o
&
~0
A\

+
9 o]
/ 5
[ /
7 L
/ &
f 3
|
7
Y
|'

O
7
o
0
7
/
3
5
S
¢

—~xu D —~PF~an N
L I PV RVECIRN |
b — L L —0 -0 woy
S—~W0W—wo
o O ONWNAA WY

0
1
§
n
3
7
I
&
b
2

D D m—m D — -
—~=~J o0 ~ .0 D~ &

O —0 D ND —
DAL~~~y W
W AW
W_2WSNO~ONN-~e
—~ DN §NO
VRO Y R — w0 W

8 g
© 17
7 4
3y
q 2
>2
9 5
%2
78
25

— NN O e — — W

¢
4‘9
3
2
d
3
3
7
¥
2

N LV — 0 - 02 % — 0
NN o WD

W E Al T e N

0 T D wd D ) m——
N — w0 N~ — —

I
q
4
|
[
9
7
7
/
q

Noe NN AW w

Figure B.8: Samples generated on MNIST using DDPM, Constant Noise Scaling
(CNS), and TSR. CNS tends to favor generating 1 and 9, while TSR produces clearer
digits while preserving diversity across modes.
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Figure B.9: Class distribution of generated MNIST samples under DDPM, CNS, and
TSR (CNS: k = 5.0; TSR: (k,0) = (5.0,1.0)). CNS exhibits mode imbalance, whereas
TSR maintains a balanced distribution consistent with the dataset.

Section B.2.

B.1.6 Additional Comparison on 2D Toy Distribution

We compare against two additional existing methods that can have similar effect as
CNS in temperature sampling. One is constant score scaling (CSS), adopted by Skreta
et al. [101]. Instead of scaling down the noise term like CNS in Equation B.5, CSS
constantly scales the score prediction at each diffusion step, which is equivalent to

solving the following reverse SDE:

dx = [f(x,t) — kg(t)*V log p,(x)]dt + g(t)dw (B.1)

The other method is the MCMC corrector studied in [28, 104]. At each CNS sampling
step, we apply additional n stochastic MCMC corrector steps with the score prediction
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Figure B.10: Empirical Score Approximation Error. For the mixture of Gaussians
depicted on the left, with mode distance A and mode variance o, we compute the
expected error of TSR approximation at £ = 2. The maximum error is bounded and
decreases as ¢ decreases or A increases (right column).

scaled by k, which approach the sampled distribution toward the target tempered
distribution p(z)*.

We compare TSR against the above two methods, along with CNS and DDPM
sampling, on the same checkerboard setting shown in Figure 5.4. We present the
qualitative comparison in Figure B.11. Constant score scaling (CSS) demonstrates
similar mode-dropping behavior as CNS. We apply the MCMC corrector with CNS
with 2x, 5x, and 10x more score evaluation compared to regular sampling. While the
MCMC corrector alleviates mode-dropping, it still prefers central modes. TSR is the

only method that preserves the uniform weights across modes in this setting.

B.2 Proof for TSR for Mixture of Well-Separated

Gaussians

We show that for a mixture of well-separated Gaussians, the score approximation in
TSR is valid, with the approximation error vanishing asymptotically.

We begin by introducing the notation and defining the estimation error in Sec-
tion B.2.1. Our main result is stated in Section B.2.2. The proof of this result is
given in Section B.2.3, supported by several lemmas whose proofs are provided in
Section B.2.4.
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Data sample

CNS + MCMC (5x) CNS + MCMC (10x)

5

Figure B.11: Comparison with the CSS and MCMC baseline. On the 2D

checkerboard distribution, both CNS and CSS demonstrate mode-dropping behavior.

We apply the MCMC corrector to CNS with 2x, 5x, and 10x more score evaluations.

While the MCMC corrector alleviates mode-dropping, it still prefers central modes.
Notations:

e «y, 0y, k: Diffusion/flow schedule coefficients and sharpening factor.

o pi(x): Induced distribution at time ¢ given the data distribution sharpened by
k.

e A > ¢§: Distance between two mixture means at ¢t = 0. Define A; = o A.
e o: Variance of each Gaussian in the mixture at ¢t = 0.

2.2
p = O‘tka + o2: Variance of each Gaussian at time ¢ with sharpening factor k.

. o}

o 0;,(x) =x — ayp,,: Offset vector from x to the center of the n-th Gaussian at

diffusion time t.

o pi.(x) o< exp (—”5’“”(’()”2>: Unnormalized density of x under the n-th Gaussian.

t,n gzk
k
. wf,(x) = %: Responsibility of the n-th Gaussian for x.

e N: Number of Gaussians in the mixture. Dependent on the dataset only.

e d: Dimensionality of the data, i.e. d = 2 for 2D Gaussian Mixture.
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o Apax = max;; [p; — p;|: Maximum pairwise distance between Gaussian means

in the mixture. For a general dataset, this term is bounded by (N — 1)A.

B.2.1 Error in TSR Score Approximation

Score. The score of the original data is given by:

Zwtn 5t” )

n

Viogpi(x) = —

(020? + 02) 02 + 0?)

For the target distribution p* (xo) SN (zypy, & 2°T) the corresponding noisy distri-
bution p*(x;) = ¥; N(z; azps,;, (atg + 02)I), we have:

1
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Zwtn 5t”( )
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In TSR, we approximate the score of p*(x;) by:

2 52 2
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Definition B.1 (Error in TSR Score Approximation). Define the amount of error in

the score approximation as the expected difference between the scores:

Error(t) = Ey HZ wy, (x wtn( )80 (x|

B.2.2 Upper Bound of the Error

The objective of this proof is to establish a bound on the error term Error(t). Our

main results are as follows:

Theorem B.2 (Upper Bound of the Error). For Error(t), there exist two upper

bounds:

Amax PA?
Error(t) < Begy =6 - o - exp <—at )

2 2
Ok 80’t,1

Amax 1 1
Error(t) < By = at< - 2>N(d0tk + a?A? )

2 2 max
40t,k O Ota
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Theorem B.3 (Vanishing Behavior of Error). Assuming o = €A, when 1 — a? > \/e,

we have:

Bpoly ~ O(\/E)

When 1 — a? < \/e (i.e. ay ~ 1) we have:

Bexp ~ O(ﬁ exp(—\%))

Conclusion. Combining Theorem B.2 and Theorem B.3, when ¢ — 0, we have
Error(t) — 0. Therefore, when the Gaussians are well-separated (¢ — 0), the

approximation error vanishes to 0.

B.2.3 Proof of Theorem

Before proving the theorems, we first state several lemmas that are useful to the proof,

whose proof will be given in the next section.

Lemma B.4. The TSR approzimation error Error(t) is bounded as follows:

Amal’ .
Error(t) < atUQ By | dist(w] (x), wg (x))]] (B.2)
.k

where dist(w} (x), wh (x)) = X, [lwk, () — uk, (x)].

Lemma B.5. There exists a polynomial bound for Exwpfﬂdist(wtl (x), wF(x))]|:

2A2
E k||di3t(w,}(x),wf(x))|| < 6-exp (—at )

xr~ph 80'25271

Lemma B.6. There exists an exponential bound for E fHdist(wtl (x), wk(x))]|:

X~p

. 171 1
Bt dist (el (9, wE GOV < (= )N (do + ol

Proof of Theorem B.2. Combining Lemma B.4 and Lemma B.5, we obtain the poly-
nomial bound for Error(t).

Similarly, Lemma B.4 and Lemma B.6 will give us the exponential bound for
Error(t). O

Proof of Theorem B.3. For simplicity, we assume diffusion scheduling, that is, 02 =

1 — o in this part. We also assume o = €A. As the dataset is fixed, we can rewrite

Anax = ¢A, where ¢ is a constant that only depends on the dataset.
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Vanishing of Polynomial Bound. Following the polynomial bound from

Theorem B.2, we have:

Ay (1 — 1/k)o2a?
Byoy = N 0w (L UR)Tagy 10 4 p2p2

max
Ok 0t10% k
3 2 2A2
QP Apax0 a; AL
- (d+ —="%)
Otk 01

— N(1—1/k)

Consider 1 — a7 > /eA?, we have: o7), = ajo/k+ (1 —af) > (1 — a7) > /eA”.
Therefore, we have:
QA iy 0 cae? A3

d<
ot T eAt

d:afcdi

Since oy < 1 and ¢ and d are constant given a dataset, we can absorb them into a

3 A 2
constant. Therefore, 2 d < () £, for some Cy = O(cd).
t.k
1 1 o a?AmanQ a?A?nax
Similarly to previously proved, for the second term, =3 - —t5mex we have:
t.k t,1

max

ado?A3 a2 B A3(2A?) NG
o = < Cy
Of 071 €At - \/eA?

A

where C is a constant term based on the dataset (and ay).
Therefore, we have the following.
ve <C

€
ATOR =0

5

Bpoly S Cl

We can see that the polynomial bound is O(4/€) for such oy, which goes to 0 as € — 0.
Vanishing of Exponential Bound. Assuming the diffusion schedule, and

consider ay such that 1 — a? < \/eA?, we have:

atAmax CY?A2
2 2 5 exXp(——5— 2
ajo?/k+1— a;f 8(ajo? +1— af)

Bexp = 6 )

With our assumption of 0 = €A, for a small e:

o =ajo’ +1—af =N + (1 —ajf)
<2(1—af) <2VeA?
aZA? < a?A? _ o?

S 8.2/eA2  16\/e

- 2
8y
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aZA? a?
eXp( "~ 8a2, > = eXp( N 16\/2)

As a?0?/k +1 — o? is dominated by 1 — a?, we have a?o?/k +1—a? ~ 1 — o?.

Therefore,

Therefore, we have:

2 CKQ

B < OétAmax GC&t
exp

<6 1w P Ie e~ e o T\t/z)

As we consider a; such that 1 — a? < 1/eA?, then we can write the exponential bound
as O(ﬁ exp(—\%)), which also vanishes as e — 0.

Conclusion. In both cases, at least one bound is vanishingly small as e — 0. [

B.2.4 Proof of Lemma

Proof of Lemma B.4. Upper bound of the error. Using the triangle inequality
and the fact that 3, w/,(x) = 1 and 3, wf, (x) = 1, we have the following result:

Brror(t) = Byt S0 6) = ()3 ()

< i et | S () =t () B0 () |

t

< —E b> ((wi,n<x> — W, (%)) S mas|
atdmax
< By Xl () —wp, ()
t,k

Therefore, the approximation error is bounded as follows:

Error(t) < ataAQmaX EXNpkHdzst(wt (x), wr(x))] (B.3)
ik
where dist(w; (x), wy(x)) = £, |y, (x) = wr, ()] O

Proof of Lemma B.5. Exponential Bound. Following our problem setting, we have:

1 N

NZN(xa Qb (%202 + ‘7152)])‘

3
5
||

and
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where p;(x) is the original distribution, and ¢;(x) is the desired distribution with
altered variance.

For each x, the responsibility vector under a mixture is defined as:

r®(x) = (Tgp) (x),. .. ,1“55) (X))

(p) _ N oupg,aio’+o?)
where ;" (x) = S e oty a2t rd)
N (z; atui,a%zﬂ/k«#a?)
S N @ aimga3e/kto?)’
Now we have B, ¢[|dist(w} (x), wf(x))[| = Exo[D(x)], where D(x) = [|r®)(x)—
@ (x)|;.

Define i(x) = max;r;, and e; as the one-hot vector where the ith entry is one.

7@ (x) is defined analogously as r® (x) =

%

Using the triangle inequality, we have:
D(x) = [Ir® =@y < [[r® — es 9l + lleq 00 — g0l + les,oo = 1.
and that

1P — €; 0ll1 = 2(1 — Ti (X))
e, — ei |l = 2% 1{i, # iy}
179 — e300l = 2(1 — T} (X))

Concentration of responsibilities for the true component. Let:
€ = max Poryviu,00) [ = ) < 2 — g ]

That is, the probability that a sample from component ¢ is closer to another component
7. Then:

E,p |1 — max rj(»p) (X)} <e = E,,[Dx)]~2e
Recall A := min;; ||p; — p;|| to be the minimum pairwise distance between the means.

Using Gaussian tail bounds, we can approximate:

AQ
€ =~ exXp <—&‘_2>
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Hence, we have:

a?A?
By (2(1 - Tfp<x)(X))) <2-exp (- 8t > )

O¢1

A
E, x(21 =1 (%)) <2-exp (— L )
Dy ( a(x) ) 80t2,k
Bounding Pr(i, # i,). As p(x) and ¢(x) share the same modes, we have
Pr(i, # i,) < >, Pr (z'p # i, | © ~ component z) Pr(z from 4), which can also be
bounded using Gaussian tail bounds as above.

Therefore, we have:

EmﬂD@DSEWW“%mMU+EUMN—%iH)+EW%®—“WM

q

= E.(201 (%)) + Ea (25 1{ip #ig}) + Ea(2(1 = 78 () (x)))
<2-e A + (e 2A2 +e _oid )+2-e oA
2A2
< 6-exp ( 048;2 )
t,1

Finally:

]

Proof of Lemma B.6. Polynomial Bound. We consider the softmax representation

of the responsibilities:

Ix — aup, |

2
20t7k

wh(x) = softmax(zf(x)), where  z),(x) == —

Using the Softmax Lipschitz bound that| || softmax(z) — softmax(2’)||; < 1/2||z — 2’|l |,

we have: .
lwy (x) — wy (x )||1_*||Zf( ) — 2 (¥)[h-

Compute the logits difference coordinatewise:

18em () 1820 (x)[I*

171 1
— (= ) 1.
2\oj, Otk

)
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Adding absolute values,

It = 200l = 3 (o = o) 2 Wuac0l?

2
Otk t1

Bounding E, | >N . [|6,.(x)|?|. Let  ~ p¥ be drawn from the mixture with
n=1 y t

means {a;p;} and variance o7,. Write the expectation as a mixture-average:

N ) 1 N N )
B 31810001 = 5 2 Eantapoton| X 1o = aom ).
n=1 i=1 n=1

When the sample was generated from component 7, for any other n, we have

I I

Bl — aue,|* = B[ lx — aus, + aupt; — aup,|P] = Ellw — o> + llonps; — g,

because the cross-term has zero mean.
Since the first term equals the trace of the covariance = do?,, we have:

EHJ} — Oét[,l/nHQ = do—tZ,l + Hat<y’z - l""n)“2

Summing over all N (including n = 4, for which the pairwise term is zero) gives
Emwf\/(ami,oill) {Zan 5t,n(x)} = ngt2,1 + 27]:[:1 o (pe; — )|

Now, bound the pairwise squared distances by the diameter squared: ||ov (g, ; —
fip)|I* < 0f A

max’

Therefore, we have: Ex[zfj_l H(St,n(x)Hz} < N(dail + a2 )

max

We then have the polynomial bound as:

171 1
EoplD0] < (o5 = o5 )N (dofs + 0?2,

= 4\ 2
4 Ok Ot1

B.3 Constant Noise Scaling

In this section, we provide a more detailed analysis of Constant Noise Scaling. As
discussed in Section 3.4, CNS has been adopted as a practical technique to control the
trade-off between sample variance and diversity. We intuitively explain and empirically

verify that CNS does not correspond to true temperature scaling. We now provide a
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more rigorous proof that CNS cannot produce the temperature-scaled distribution.
Following Song et al. [104], a regular score-based model sp(x,t) = V log p;(x) trained

on data distribution pg(x) can sample by solving the reverse time diffusion SDE:
dx = [f(t)x — g(t)*sg(x,t)]dt + g(t)dw (B.4)

where f(t),g(t) are the time-dependent drift and diffusion coefficients, dw is the
standard Wiener process. CNS solves the following SDE instead:

= X — @2 Sp(x @ w
dx = [f(t) (\/E) (kso(x, t))]dt + i (B.5)

Practically, CNS scales the stochastic noise added at each sampling step by 1/ VEk.
When k£ > 1, less noise is added and the process generates samples with reduced
variance, and vice versa. To analyze the relationship between CNS and temperature

scaling, we denote the temperature-scaled data distribution gy(x), such that go(x) o<
po(x)F.
Theorem B.7. For general data distribution py(x), there is no prior distribution

¢r(x), such that Equation B.5 starts from ¢p(x) and generates the temperature scaled

distribution qo(x) o< po(x)¥.

Proof. We start by considering the following forward SDE:

9(t)
dx = f(t)xdt + —=dw B.6
f(t) 7 (B.6)
Let the initial distribution at ¢ = 0 be ¢o(x), we define the time-dependent distribution
generated by this forward SDE as ¢;(x). Then, one corresponding reverse SDE that
can sample go(x) takes the form of

dx = [£(t)x — (P2 10g gu(x))ldt + L (B.7)

vk Vk

Comparing Equation B.5 and Equation B.7, we can infer the following Lemma:

Lemma B.8. The CNS reverse-time SDE Equation B.5 and the SDE Equation B.7
are equivalent if and only if V1og q;,(x) = ksg(x,t) for all time t.

By construction, Equation B.7 evolves from ¢7(x) to ¢o(x). Now we assume
CNS (Equation B.5) starts from the same prior distribution ¢r(x) = N(0, £1); by

Lemma B.8, CNS correctly performs temperature scaling and samples from go(x) if
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and only if Vlog ¢:(x) = ksp(x,t). Now we show that this condition is not true in
general.

Left Side. To compute ¢;(x), we need to solve the SDE in Equation B.6. For
an initial condition x = Xy, the solution X (¢) is given by the following stochastic

interpolant:
X(t) = ay(t) Xo + o4(t)e, €~ N(0,1) (B.8)

alt) = | " F($)ds = o
oq(t) = /Ot 9(5)" exp (—2 /Os f(u)du)ds = gt

k k
Therefore, we can compute the ¢, (x) by

2
Oy

) = [ a@N s ary, FDdy (B.9)

Right Side. For the original diffusion process without scaling, we can compute the

noisy distribution py(x) at time ¢ as

p(x) = [ @IV ary,ofD)dy (B.10)

Comparing Equation B.9 and Equation B.10, we can infer that V log ¢;(x) # ksg(x,t)
for general distribution. One simple counterexample is where py(x) is a mixture of
Gaussians. By previous reasoning, CNS cannot generate go(x) if the prior distribution
is gr(x).

What if we allow initial samples drawn from distributions other than ¢r(x)? We
consider the special case where po(x) = N(0,I), then p;(x) = po(X), ¢:(X) = qo(x).
The condition Vlogg:(x) = kse(x,t) trivially holds true. By Lemma B.8, CNS
(Equation B.5) and Equation B.7 are equivalent. Therefore, CNS can generate go(x) if
and only if the prior distribution at time 7" is the same as ¢r(x). For any other prior
distribution, CNS would not be able to generate go(x).

In conclusion, there does not exist a prior distribution ¢/-(x), from which CNS can

always generate the temperature scaled distribution go(x). O]



Appendix C

7R?: Additional Details

This appendix provides additional details for 7R? (Chapter 6): full implementation
details for the simulation and real-world experiments, the per-batch training step
and deployment-time inference loop as pseudocode, and the complete hyperparameter

settings.

C.1 Implementation Details

C.1.1 Simulation

Task. The Leap Cube Reorientation task in MuJoCo Playground [122] requires a
16-DoF Leap Hand to orient a cube without dropping it from the palm. We modify
the original environment in two ways: we raise the control rate from 20 Hz to 50 Hz
to enable more reactive control, and we restrict the goal distribution to four blue
side up yaw poses {0, 7/2, 7, 37/2} rather than uniformly random goals. An episode
succeeds if the cube reaches any of the four goals within 0.2 rad in 600 steps; we report

multi-success rate (MSR) over 100 episodes per condition.

Dataset. Four PPO experts (different seeds) generate 50 trajectories each, 200
total at 50 Hz. The simulator injects per-step sensing noise into the observation,
sampled independently for each component: uniform noise in [—0.05,0.05] rad on
joint angles, uniform noise in [—0.02,0.02] m on cube position, and Gaussian noise
with scale 0.1 on the cube orientation quaternion (the quaternion is re-normalized
after perturbation). The recorded demonstrations preserve this noise, so the training
distribution already includes realistic sensing noise on both the proprioceptive and

vision-derived components.

85
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Xface_up_-Z yawd Xaca_up_-Z yaws0 Xface_up_-Z yaw180 Xfacs_up_-Z yaw270

/ /

(+0.00, +1.00, +0.00, +0.00] (+0.00, +0.71, +0.71, +0.00) (+0.00, +0.00, +1.00, +0.00) (+0.00, +0.71,-0.77, +0.00)

Figure C.1: Leap Cube Reorientation goals. The Leap Hand grasps a cube
and must rotate it until the blue face points up at one of four target yaw poses
(0°,90°,180°,270°). The bottom caption shows the corresponding goal quaternions

(w,x,y, 2).

Observation space. FEach observation o; concatenates:

« Proprioception (32 dim): noisy joint angles (16) and per-joint tracking error —

noisy joint angle minus the most recent motor target (16).

 Vision-derived cube pose (9 dim): palm-to-cube position error (3) and absolute

cube orientation in the world frame (6).

The 9-dim vision-derived subset stands in for VLM features per Section 6.1.2; asynchronous-

vision/text evaluations apply staleness only to this subset.

Action space. 16-dim relative joint commands at 50 Hz. Each action a, € [—1,1]*¢

is scaled by 0.5 and added to the current motor target.

Architecture. All variants share a Conditional U-Net 1D action head with chunk
length H=16 and nops=2. The U-Net uses FiLM [89] modulation by the noise level 7
at every residual block; 7R? replaces the shared FiLM projection with a per-position
one — one (7, 5,) pair per chunk position — analogous to the per-position AdaLN
change described in Section 6.1.3 for DiT-based heads. The rest of the architecture is

identical across all variants.

Training schedule. At each batch we sample d ~ Uniform{l,..., dpn.} with
dmax=5, build 7%¢, fill the front-d slots with ground-truth actions, and mask them
out of the loss via m, = 1[p > d]. With probability 0.2 we instead train on a standard
flow schedule (single 7 ~ Uniform|0, 1] shared across positions, no mask), so the same
network can also denoise a full chunk from pure noise. The standard-flow branch

supplies the inference pass that initializes the buffer at episode start (Section 6.1.3,
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warm-up). For the zero-delay sync curve in Section 6.2.1, we additionally train a

d=0-only variant (dpax=0).

Slow-subset delay in simulation. The simulation policies are purely state-based:
no image or language input. The 9-dim vision-derived subset of the state vector
(palm-to-cube position error and absolute cube orientation) plays the slow-channel role
from Section 6.1.2. In this setting we find that neither delayed-visual-state sampling
at training nor the learned delay embedding is necessary: the env already injects
sensor noise on this subset at every step, so the policy is already tolerant to perturbed
slow inputs out of the box.

For all rows of Section 6.2.1, a single 7R? checkpoint is used regardless of dy:
the synchronous slow-channel rows (d,;x=0) and the asynchronous-vision/text rows
(dyis>0) share the same network, and evaluation simply feeds a dyis-step-old version of
the 9-dim subset at test time.

Evaluation protocol. At inference, 7R? performs one denoising step per policy
call (each call outputs n,. actions). Train-time RTC and standard flow runs K=15
denoising steps to predict the whole chunk. Each (method,d) cell in Section 6.2.1
reports the mean multi-success rate over 100 episodes. Full sim hyperparameters are
in Table C.1.

Baselines. All three variants share the dataset, optimizer, and training budget.
7R? and train-time RTC additionally share the per-batch delay-sampling protocol:
each batch draws d € {0, ..., dpnax} With dpa=5 from an exponentially-decaying
distribution p(d=k) oc e=®e* with ag=1 (smaller d more likely following 12), and the
front-d positions are clamped to ground-truth actions and masked out of the loss. The

three variants then differ only in:

e« Flow: no d sampling and no front clamp; a single shared noise level 7 ~
Uniform|0, 1] is applied to the entire chunk. This is standard chunked flow matching,
evaluated at NFE=15.

 Train-time RTC [12]: same per-batch d sampling as 7R?, but the noise schedule
applies a single shared noise level 7 ~ Uniform[0, 1] to the back H—d positions (no

per-position structure). No standard-flow warm-up mixing.

« mR?: same per-batch d sampling as train-time RTC, plus the a=0.2 standard-

flow warm-up branch (with probability 0.2 the batch instead uses a single 7 ~
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Table C.1: Simulation training and inference hyperparameters for the Leap
Cube Reorientation Conditional U-Net 1D policies. Values shown are 7R? defaults;
the right column lists deviations used by baselines. Empty = baseline same as 7R2.

Parameter

7R2 Baseline deviations

Shared across all variants

Chunk length H
Observation history ngps
Control rate
Optimizer

Learning rate (peak)
LR schedule

Weight decay
Gradient-norm clip
Batch size (global)
GPUs

Training budget

16

2

50 Hz

AdamW (8=[0.95,0.999])
1x10~4

cosine, 500-step warm-up
1x107¢

1.0

256

1x A5000

800 epochs

Method-specific (noise schedule + inference)

Train-time dpax

5 5 (Train-time RTC); n/a (Flow)

Standard-flow warm-up prob. « 0.2  n/a

Inference budget per call

1 15 (Train-time RTC, Flow)

Uniform|0, 1] on all positions and no front clamp, so the same network can also

initialize a buffer from pure noise at episode start). On the remaining 0.8 of

batches we apply the three-region staircase 7% of Section 6.1.3, and the U-Net

uses per-position FiLM heads {(7,, 5,) f:_ol.

C.1.2 Real-World

Hardware and Workspace.

A 6-DoF xArm6 ma-
nipulator carries a 12-DoF XHand at its wrist; a single
overhead 640 x 480 RGB camera looks down on the
workspace from above (Figure C.2). We fine-tune on 8x
NVIDIA RTX A5000/A6000 (24/48 GB VRAM). De-
ployment uses a single RTX A5000 for the baselines and

the 7R? without asynchronous slow-channel encoding; Figure C.2: Real-world

with asynchronous-vision /text variant 7R? uses 2x RTX Wworkspace.

xArm6 -+

A5000 so the slow VLM and the fast DiT action head do XHand with a single over-

head RGB camera.

not share compute or memory bandwidth. Sharing one

GPU between the two workers measurably inflates DiT latency and would conflate
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the measured d.

Control rate. Predicted actions run closed-loop at 25 Hz at deployment (T¢, ~
40 ms per tick). Teleoperation captures demonstrations at the same rate, bottlenecked
by the camera and the XHand—workstation USB link.

Base model. We fine-tune NVIDIA GRO0T-N1.7 [80]. The Qwen-VL backbone and
Eagle-2 vision encoder remain frozen; only the action head — state/action projectors,
the position embedding, and the DiT — is trained. The only architectural change to
the action head replaces the DiT’s shared AdalLN modulation with the per-position
(7ps Bp) heads of Section 6.1.3.

Observation space. FEach call to the policy receives:

« Proprioception (45/51 dim): 6 xArm6 joint angles, 12 XHand joint angles
(the actively-controlled finger DoFs), 12 corresponding per-joint torques, and 15
fingertip-force values (3-axis force from each of 5 sensorized fingertips). For Insert

Box, we additionally provide xArm6 joint torques (6 dim) as input.

« Vision and language: one 640 x 480 RGB image from the overhead camera, en-
coded by Eagle-2 into vision tokens, concatenated with the task prompt (Table C.3)
at the VLM backbone input.

Action space and low-level drivers. FEach policy call emits a chunk of H=50
absolute joint-position targets (6 xArm6 + 12 XHand) at 25 Hz, spanning 2 s of
motion. We send one target per control tick to each robot’s driver in position-control
mode. The arms’ onboard firmware interpolates between consecutive commands at

their internal servo rates (Table C.2).

Table C.2: Low-level driver settings. Both robots run in position-only mode at
25 Hz outbound from the policy; the onboard firmware interpolates between targets
at its internal rate.

xArm6 XHand
Driver mode mode=1 (streaming servo) RS485, position mode
Command call set_servo_angle_j finger set_target
Bus / link TCP RS485
Onboard control API (PID + interp.) per-joint PID, k,=100, k;=0, k;=0

Safety limits collision sensitivity = 2 torque limit = 300
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Data collection. A single operator teleoperates the robot to collect 200 demon-
strations for Don’t Spill and 300 for Tidy Up Book, randomizing the object’s initial

pose.

Table C.3: Real-world task prompts. Exact language input passed to GROOT-N1.7
at both training and deployment.

Task Language prompt

Don’t Spill put the ball in the bowl and put them on the cutting board
Tidy Up Book put the books in the basket

Insert Box put the box in the basket

Training the asynchronous vision/text mechanism. The real-world 7R? train-
ing explicitly exercises the asynchronous-vision/text mechanism of Section 6.1.2. Each
batch samples a vision delay dyis ~ Uniform{0, ..., d"**} with d%**=5 ticks (200 ms
at 25 Hz); the policy then receives the image recorded d; ticks earlier (i.e., the
corresponding past frame in the demonstration), while proprioception stays current.
For each batch, the integer dis € {0,...,d"**} indexes a learned embedding e(dy;s)
from a (d32*+1)-entry lookup table. The DiT adds e(dyis) to its action-token features
(broadcast across the H chunk positions), so the action head conditions on both the
cached visual feature and its age. We zero-initialize the lookup table so that the
untrained checkpoint reproduces the no-delay variant exactly. At deployment, the
measured wall-clock vision latency passes through the same embedding before each

DiT call.

Training hyperparameters. We fine-tune the GRO0T-N1.7 action head (projectors
+ DiT) and keep the VLM backbone and vision encoder frozen. Full optimizer
settings, batch size, and step budgets are in Table C.4. The per-task budgets (40,000
steps for Don’t Spill, 28,000 for Tidy Up Book, 49,000 for Insert Box) correspond
to approximately 200/100/100 epochs over each dataset. The per-position AdaL.N
parameters {(7,, 3,) }2" initialize from the pretrained shared pair, so each head starts
from a position-uniform schedule and gradually specializes during fine-tuning. All
four rows in Table 6.1 fine-tune from the same GROOT-N1.7 checkpoint with identical
data and budget; they differ only in the noise schedule and (for 7R?) the AdaLN
modification. The train-time RTC baseline samples its per-batch delay from d €
{0,...,10} (i-e., dmax=10) rather than the dy.x=5 used in 7TR? as mTR? is separating
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the delay into two parts while RTC treats it as a whole. Full hyperparameters are in
Table C.4.

Evaluation protocol. Each (method, task) cell runs N=20 trials with randomized
initial object placement. Success rate (SR) counts whole-task completion within the
episode time limit (30 seconds). The progress score (Prog) decomposes each task into

sub-goals and reports the per-trial fraction completed:

e Don’t Spill — 4 sub-goals: pick up ball, place ball in bowl, lift bowl off the table,
place bowl on the cutting board.

o Tidy Up Book — 2 sub-goals: pull a book free from the pile, place it inside the
basket.

o Insert Box — 4 sub-goals: push the box towards the wall, make it stand, grasp, and

insert between books.

Deployment query modes. The four rows of Table 6.1 differ in how the action-head

worker queries the policy:

o Flow, Synchronous: the main loop blocks until each call returns; the robot freezes

during inference.

o Flow, Naive Async, dense, ensemble: the action worker queries back-to-back and
combines overlapping chunks with the temporal-ensembling weights of Zhao et al.
[130].

e Train-time RTC and 7R?: the action worker queries back-to-back; the new chunk
replaces the active one at the next swap boundary. The actions executed during

policy call is given as input.

« 7R? w/ async vision/text: additionally spawns a VLM-cache worker on a

separate GPU that refreshes the cached visual feature in the background.

C.2 Training and Inference Algorithms

We give pseudocode for the per-batch training step (Algorithm 1) and the deployment-
time inference loop (Algorithm 2). The inference loop is the loop implemented in
our deployment script; the wall-clock measurement that auto-derives d uses a rolling

window of the most recent query times.
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Table C.4: Real-world training and inference hyperparameters for the GR0O0T-
N1.7 fine-tunes. Values shown are m1R? defaults; the right column lists deviations used
by baselines. Empty = baseline same as 7R2.

Parameter 7R2 Baseline deviations

Shared across all variants

Chunk length H 50

Observation history ngps 1

Control rate 25 Hz

Optimizer fused AdamW

Learning rate (peak) 1x1074

LR schedule cosine, 5% warm-up

Weight decay 1x107°

Gradient-norm clip 1.0

Batch size 512

Precision bf16 + tf32

GPUs 8x A5000/A6000

Training budget 40k / 28k / 49k steps (Don’t Spill / Tidy Up Book | Insert Bozx)
Method-specific (noise schedule + delay + inference)

Train-time dmax 5 10 (Train-time RTC); n/a (Flow)
Train-time dyj5™ 5 n/a

Delay-embedding lookup size 6 entries — DiT hidden dim n/a

Standard-flow warm-up prob. o 0.2 0 (Flow, Train-time RTC)

NFE per call 1 (one sub-chunk) 4 (Flow, Train-time RTC; full chunk)
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Algorithm 1 7R? training step. Each batch samples a delay d, builds the staircase
74 masks the front, applies jitter, and (for real-world training) additionally delays
the slow channel.

e : : fast slow
Require: Action chunk ag.;;_1, observation (0", 059" ), model vy

Require: Hyperparams dpay, dys™, 7, o

1: u ~ Uniform|0, 1]
2: if u < a then > warm-up branch: standard flow
3: t ~ Uniform[0, 1]; 7, < ¢, Vp
4 X, (1—7)€, +1pa,
5: my, <1, Vp > all positions contribute to loss
6: else > staircase branch
7: d ~ Uniform{1,. .., dpax }
8: Build 7% as in Section 6.1.3 > three-region staircase
9: 9, ~ Uniform[—yj, j|; 7, Clip(T;’d +6,,0,1)
10: Xrp < (1 —7,)€, + 12,
11: Xrp ¢ a,if p<d > front d slots are ground-truth (inpaint conditioning)
122 my, < 1p >
13: end if
14: dyis ~ Uniform{0, ..., dn2* > slow-channel staleness (real-world only)
15: 0%V - 0%y s append e(dy;s) to slow representation
16: ¥, < vg(x,, T, 00t o%oV)
17: L+ Zf:_ol my [V, — (2, — &)
18: Update 6 on L
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Algorithm 2 7R? inference loop on the robot. The action head runs continuously
with fresh proprioception and a cached slow feature; the VLM runs asynchronously in
a background thread; the per-call delay d is auto-derived from a rolling measurement
of action-head wall-clock latency.

Require: Policy vy, observation source, robot controller, control period Ty,
Require: Rolling window W of recent query times (e.g. W=20)

1:

e e e e e
SR A

17:
18:
19:

20:

21:

22:
23:
24

25:
26:
27:
28:

29:

30:
31:
32:
33:
34:
35:

C < WarmStart() > Section 6.1.3: full standard-flow inference, denoise all H
positions

C + re-noise C to match 7% for initial estimate d,
140 > chunk index
queue @ < 0 > rolling latency window
Spawn VLM_Worker thread (continuously updates cached slow feature)
Spawn Action_Worker thread (continuously queries action head)
loop > one iteration per control tick (25 Hz)
to < current wall-clock time
Read fresh proprioception ot from robot sensors
Publish of** to shared state for workers
if new chunk C,.,, is available from Action Worker then
C+ Chew; 1+ d > swap and skip past in-flight front actions
end if
Send action C; to robot; 7+ 17+ 1
Sleep until £y + Tiin
: end loop
procedure ACTION__WORKER > background thread; one denoising step per call

loop

Snapshot (0, ¢ .0) and the cached (03 ;. timage)

dyis round((tstate — timage)/ Tctrl) > age of cached slow feature in control
ticks

d + max (1, round (mean(Q) /T Ctrl)) > auto-derived from rolling window

Snapshot front-d inpaint: aéfgight + Ciisa

qo < wall-clock

Chow < Vg.euler_step(altlieht gfast gslow —e(q . ) > one NFE;
per-position A7, as in Equation 6.4

Push wall-clock — ¢g into @)

Hand off C,, to main loop

end loop

end procedure

procedure VLM __WORKER > background thread; runs vision/text forward
asynchronously
loop
Read fresh image and language; timage <— image capture time
oslow .« VLM forward (image, language)
Atomically update cache with (057 . timage)
end loop

end procedure
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