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Fig. 1: TMRL bridges behavior cloning (BC) pre-training and RL fine-tuning by smoothing the conditioning of policy inputs (contexts). During pre-training,
Context-Smoothed Pre-training (CSP) injects noise into contexts ¢, inducing a continuum from sharp imitation p(a | ¢) to broader, marginal action distributions
p(a) via diffusion noise parameterized by o (bottom row). This smoothing causes nearby contexts to overlap in representation space, with similar contexts
(e.g., downstream task, task 1 in left column) merging at lower o than dissimilar ones (e.g., task 2). During RL fine-tuning, TMRL learns to dynamically
modulate conditioning strength, interpolating between context-conditioned and exploratory actions for improved exploration and adaptation.

Abstract—Fine-tuning pre-trained robot policies with rein-
forcement learning (RL) is promising, but standard behavior
cloning (BC) produces narrow, overconfident action distributions
that generalize poorly and limit downstream RL improvement.
We present a unified framework for bridging BC pre-training
and RL fine-tuning. Our pre-training method, Context-Smoothed
Pre-training (CSP), injects forward-diffusion noise into policy
inputs, enabling a continuous spectrum between precise con-
ditional imitation and broader action coverage. For efficient
RL fine-tuning, we introduce Timestep-Modulated Reinforcement
Learning (TMRL), which enables the agent to dynamically adjust
conditioning strength via diffusion timestep modulation to control
exploration. Across diverse settings, CSP integrates seamlessly
with arbitrary policy inputs, from states to 3D pointclouds, and
with image-input vision-language-action policies. TMRL with
CSP significantly improves RL sample efficiency over prior
approaches. Notably, TMRL enables successful real-world fine-
tuning on manipulation tasks in under 1 hour. Videos and code
available at https://weirdlabuw.github.io/tmrl/.

I. INTRODUCTION

A dominant paradigm for training real-world robotic poli-
cies is to first pre-train on large-scale demonstration datasets
via imitation learning, and then fine-tune the resulting policy
with reinforcement learning (RL) in deployment environ-
ments [24, 25, 10, 30, 32, 15, 31, 8, 28, 27]. This RL fine-
tuning stage is often critical for improving task precision and
robustness [12, 15, 13]. However, because real-world robot
deployment is costly and time-consuming, sample efficiency

during RL remains a major bottleneck. While much prior
work focuses on improving the efficiency of the fine-tuning
algorithm itself, comparatively little attention has been given
to ensuring that the pre-trained policy provides an effective
initialization for downstream RL. In this work, we study how
to design a pre-training procedure that better prepares policies
for RL fine-tuning.

Standard behavior cloning (BC) trains a policy to directly
imitate demonstrator actions [20, 1]. When demonstrations
densely cover a context c (e.g., observations and task in-
structions), BC can effectively model the conditional action
distribution p(a | ¢) [5]. In sparse or unseen regions, however,
BC overfits to observed data: the conditional support collapses,
assigning near-zero probability to potentially optimal actions.
Consequently, online rollouts provide little reward signal, and
RL may fail entirely to improve behavior.

Recent work attempts to mitigate this issue by widening
the learned action distribution by adding isotropic Gaussian
noise to action targets during BC pre-training [24]. How-
ever, this approach has two key limitations. First, the opti-
mal trade-off between action coverage and sample efficiency
varies significantly across tasks and is rarely known a priori.
Second, injecting noise directly into the action space often
produces temporally incoherent behavior, such as a robot arm
“dithering” across adjacent timesteps. Rather than heuristically
broadening the action distribution, we propose a pre-training
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objective that enables adaptive broadening while preserving
action coherence.

Our key insight is to train policies that can interpolate
between the conditional action distribution p(a | ¢) and the
marginal action distribution p(a). While p(a | ¢) provides
precise behavior in familiar contexts, the marginal distribution
p(a) ensures broad action coverage across the entire dataset.
By enabling smooth interpolation between these extremes, a
policy can balance precision and exploration depending on the
difficulty of or how unseen the downstream task is.

We instantiate our insight through Context-Smoothed Pre-
training (CSP), a pre-training framework that widens the
support of BC policies by injecting noise into its contexts via
a forward diffusion process. As the context noise increases,
the learned policy transitions smoothly from the conditional
distribution p(a | ¢) toward the marginal distribution p(a). At
low noise levels, the policy represents a mixture of behaviors
associated with nearby contexts to c [9], thereby producing a
wider yet coherent distribution of action sequences for c. At
maximum noise, the context becomes fully uninformative and
the policy recovers p(a), guaranteeing coverage over the full
training distribution. Importantly, because CSP trains across
all diffusion noise levels, the tradeoff between action coverage
and conditioning-following can be selected at inference time
by choosing the appropriate diffusion timestep.

Of course, the optimal amount of context conditioning
may vary across timesteps within a trajectory. Therefore, we
also introduce Timestep-Modulated Reinforcement Learning
(TMRL), which learns to dynamically adjust the diffusion
timestep during deployment. This mechanism provides an RL
agent with an explicit control variable that modulates condi-
tioning strength, allowing it to interpolate between conditional
and marginal behaviors for more effective exploration. In
effect, the policy learns when to rely on precise imitation and
when to broaden its action support. In practice, TMRL enables
steering/fine-tuning of arbitrary policies, from state-input dif-
fusion policies to vision-language-action (VLA) models.

We evaluate across a range of simulated and real-world
robotic tasks. First, we show that context-smoothed poli-
cies alone substantially improve action coverage and achieve
stronger zero-shot performance on unseen tasks over standard
BC and prior pre-training approaches. TMRL then converts
this coverage advantage into significantly better RL sample
efficiency on manipulation and navigation tasks in simulation,
outperforming state-of-the-art steering methods even when the
base policy contains sparse behavioral coverage. We further
show that context-smoothing extends naturally to VLA poli-
cies and 3D-input policies, where noising VLM embeddings
and point-clouds respectively enables broader exploration
across contact-rich and dexterous manipulation tasks. Finally,
we demonstrate that our approach scales to the real world,
enabling rapid RL of manipulation behaviors within an hour
of total experiment time, while baseline methods achieve near-
ZEro success rates.

II. TIMESTEP MODULATED RL ON CONTEXT- SMOOTHED
POLICIESING

A. Problem setting

Pre-training. We assume access to an offline dataset of
near-optimal trajectories D = {7;}, where 7; = {(c;, ai)}iTil
contains context—action pairs. The context c abstracts policy
inputs such as states, images, point clouds, or language.

We learn a policy via a supervised objective:

Ingn E(c,a)ND [6(97 G, a)} ’ M

which subsumes behavior cloning with ¢(0;c,a) =
—logpg(a | ¢), as well as alternatives such as denoising or
score-matching objectives.

We focus on generative control policies (GCPs) [4, 29, 17],
where pg(a | ¢) is parameterized by a generative model
(e.g., diffusion or flow). For simplicity, we use (¢, a) notation,
though this extends to action chunks and context histories. Our
approach does not depend on this specific policy class.

RL Fine-tuning. Given a pre-trained policy, we seek to
efficiently adapt it to new contexts via RL. In GCPs, inference
is controlled by a latent variable z, yielding py(a | ¢, 2) (e.g.,
diffusion noise initialization) [25]. We therefore optimize a
high-level policy 7 (2 | ¢):

max E[Z’ytn}, 2)

THL
t>0

sit. oz ~7aL(c | o), a%:H ~po(- | e, zt).

Action Coverage. A key challenge in fine-tuning is distri-
bution shift: py(- | ¢, z) can collapse in novel contexts, limiting
exploration. Following Wagenmaker et al. [24], a policy has
demonstrator coverage « > 0 if

polalc)>k-pPlalc), 3)

where p® is the demonstrator policy. Sufficient coverage is
necessary for RL, as missing support (x — 0) prevents
sampling reward-relevant actions.

Standard BC often yields poor coverage in low-density
regions, producing ineffective initializations. Our approach
addresses this via context-smoothed pre-training, enabling
the RL agent to adaptively modulate action coverage across
contexts.

B. Context-smoothing

Intuitively, context-smoothed policies make a simple change
to standard policy pre-training: they inject noise into the
context ¢ while being pre-trained on the offline dataset D.
We show that doing so enables policies to expand their action
coverage during evaluation and RL fine-tuning.

To define this formally - let g, (¢ | ¢) be a corruption kernel
that injects noise into the context, with noise scale o > 0. We
define the context-smoothed controllable policy as the mixture

Poo(a]€,2) = Eong,(ie) pola | &2)]
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Fig. 3: Timestep-modulated exploration via context smoothing. (Left) During pre-training, a controllable policy pg is trained across all noise levels o
by corrupting the context c via the kernel g (¢ | ¢), producing a policy that can be queried at ny conditioning strength during inference. (Right) During RL
fine-tuning, TMRL exposes pg with a context-noise dial o as an explicit control variable for the high-level policy 7y .

We refer to py » as a context-smoothed policy. Given a context
¢, action inference with a context-smoothed policy amounts to
corrupting the context with ¢ ~ ¢, (¢ | ¢), and then sampling
actions with the corrupted context from py(a | ¢, 2).
Intuition behind context smoothed policies: For ¢ | 0,
¢-(€ | c¢) concentrates near c, S0 pg.(- | ¢,z) approaches the
original conditional controller. As ¢ increases, the corrupted
context ¢ becomes less informative, and the induced action dis-
tribution becomes a broader mixture over behaviors associated
with nearby / aliased contexts. This controlled interpolation
between the conditional distribution p(a|c) and the marginal
p(a) creates structured action coverage expansion: instead of
random action noise, the policy can borrow coherent action
chunks from related contexts present in the dataset.

a) Implementation of corruption kernel q,(¢ | c¢): We
define the corruption kernel g, via an iterative forward-noising
process over contexts, much like the forward process of a
diffusion model. Let ¢g = ¢ and choose a variance schedule
{Bt}tT;l with oy =1 — 8; and a; = H:zl «;. The forward
process implies the closed-form marginal

qler | co) = N(Vag co, (1—ay)I). &)
We take the corruption kernel at noise level t. to be
G (@) =q. (] c)=N/ac, 1—a)I), (6)

Since the forward corruption process is entirely determined
by how many time-steps it is run forward, the noise-level o
for ¢,(¢ | ¢) can be parameterized entirely by controlling
the diffusion timestep ¢. € {0,...,7.}. We use o to refer
to corruption kernels ¢, generally and ¢. for our specific
instantiation with diffusion noise.

C. Pre-training a context-smoothed policy

Training a context-smoothed policy requires learning action
predictors conditional on corrupted context - pg(a | &, z).
Towards realizability, we train a policy class that can be
queried at arbitrary context-noise levels by providing o (or ¢.)
as an explicit input to the policy - pg(a | ¢, z, o). Concretely,
we introduce a policy - pg(a | ¢, z,0), and train it so that, for
each training pair (¢,a) ~ D, we maximize action likelihood

Algorithm 1 Context-smoothed pre-training.

1: Input: dataset D = {(c, ")}, corruption kernel ¢,, noise-level
sampler o ~ S

2: Initialize: parameters 6 of pg(a*** | ¢, z, o) (and any latent prior
over z if used)

3: while not conver%fd do

4:  Sample (c,a*™) ~ D

5:  Sample o ~ S (diffusion timestep t. in our instantiation)
6:  Sample ¢ ~ g, (- | ¢)

7. Update 6 to minimize £(0; o' & o)

8

: end while

noising the context with a small modification to Equation (1):
min Eeayp E oms [6(0; a,é, a)] , %)
0 é~go (-c)

where S is a distribution over noise levels and ¢ is any
supervised learning objective suitable for the chosen control-
lable policy class. In our specific instantiation using GCPs
as pyg, ¢ is the denoising score-matching or flow-matching
loss [23, 7, 22] and o corresponds to the diffusion noise
timestep used to corrupt ¢, t.. Notably, this is not a much
more complicated procedure than standard imitation learning;
it merely introduces controlled context smoothing during pre-
training, similar to data augmentation, and conditioning pg on
the amount of smoothing 0. As we show next, this context-
smoothed pre-trained policy can then be used for efficient RL
fine-tuning. See Algorithm 1 for pseudocode.

D. RL fine-tuning with timestep-modulated context smoothing

Compared to standard pre-training, training a context-
smoothed policy pp(a'f | ¢,z,0) naturally expands the
exploration space during RL fine-tuning. For example, in
steering algorithms [25], which RL fine-tune by training a
high-level RL policy to select the latent noise z to initialize
action selection from a GCP (see Section II-A for a refresher),
the high-level policy can now select both the latent z and the
context-noise level o:

(zt,00) ~ muL(- | 1), G ~ qo, (- | c(st)), ar ~po(- | &, 2, 00). (8)
With a frozen context smoothed policy, we optimize
muL(z,0 | s) using any RL method (e.g., off-policy actor-
critic [6]) to maximize the expected return in Equation (2).



Algorithm 2 Timestep-Modulated RL (TMRL).

1: Input: pretrained context-smoothed controller pg(- | ¢,z,0);
initialize replay buffer B

2: Initialize high-level actor 7w (2,0 | s) and critic(s)

3: for each training iteration do

4:  Observe s¢ and set ¢; < c(s¢)

5: Sample (z¢,0¢) ~ 7HL(- | $t), € < ¢+ smoothed with o
6: Sample and execute action chunk ar'fl ~ po(- | Ct,2¢,0¢)
7:  Store transitions in B and update 71, and critics

8: end for

Intuitively, o provides an exploration—exploitation, action cov-
erage (Eq. (3)) dial: large o aliases contexts (broader borrow-
ing, better exploration, more coverage), while small o sharpens
conditioning (better exploitation, lower action coverage) once
progress is found. See Algorithm 2 for pseudocode.

III. THEORETICAL RESULTS: WHAT DOES CONTEXT
SMOOTHING BUY US?

In this section, we provide theoretical evidence and em-
pirical analysis to better understand the gains from timestep-
modulated, context-smoothed policies for RL fine-tuning.

a) Empirical Analysis: We first empirically validate that
increasing o (or t.) yields smooth, meaningful behavioral
changes. We show in Figure 4 that as corruption noise in-
creases, the distribution of actions at a given context broadens,
thereby increasing overlap with nearby contexts. Taken to
the extreme, this shows interpolation between the conditional
p(a | ¢) and marginal p(a) action distribution.

a=0 o=T/4 o=T/2 0=3T/4 o=T

Fig. 4: Empirical validation of context smoothing. We train a context-
smoothed diffusion policy p(z,y | 0,0) with Equation (7) to produce 2D
points on a unit circle conditioned on ¢ = 6. Here, ¢ € {0,1,...,T}
representing diffusion scheduler timesteps. The above plot shows p(z,y | 6 =
0,0) at various levels of o noise. As context noise controlled by o increases
(— T, the induced action distribution becomes broader and overlaps more
across nearby contexts; as noise decreases, conditioning sharpens and outputs
center around unit circle points for 6 = 0.

b) Theoretical Analysis: We formalize how Gaussian
context smoothing mitigates the coverage collapse of stan-
dard BC. Informally, we show: (i) increasing noise increases
overlap between action distributions across contexts, and (ii)
nearby contexts overlap more than distant ones. Together, these
imply that if a context ¢’ provides better action coverage than c,
increasing noise o increases overlap with p(- | ¢’), improving
coverage at c (cf. Equation (3)).

¢) Setup (Gaussian context smoothing): Given p(- | ¢)
with ¢ € R?, define the smoothed policy

Po (- | €) = Ewmnro,1,) [p( | c+ orw)}. 9)

Let TV(,-) denote total variation distance and Ov(P, Q) =
1-TV(P,Q).

Theorem 1 (Smoothing increases overlap and induces Lips-
chitzness). For any c¢,c € R,

E|lw
V(oo (- | ool 1)) < 20 1o (a0
equivalently,
El||lw
Ov(pol- [ 0)plc 1) 2 1= 22—y

Interpretation.

o More noise = broader coverage. For fixed (c,c'),
increasing o decreases Equation (10) and increases Equa-
tion (11), forcing overlap with higher-coverage contexts,
thereby improving coverage at novel states.

o Closer contexts = structured coverage. The bound
scales with ||c — ||, so overlap is larger for nearby con-
texts. Coverage expansion is thus structured, borrowing
actions from semantically related states.

Proof sketch. Smoothing averages p(- | ¢) over Gaussian
perturbations, yielding a Lipschitz dependence on c via a

Stein/score identity: |po (A | ¢) — ps (A | c’)] < w le =<

Taking the supremum over measurable A gives Equation (10);
overlap follows directly.

Corollary 1.1 (Smoothing increases coverage beyond BC).
Fix ¢, with A = ¢ — ¢/, and assume local identifiability:

TV(p(- [ ¢).p(- | ) = m|All. (12)
If
o > %, (13)
then
Ov(po (- | ¢),p0(- | ¢)) = OV(p(- [ ¢),p(- | ). (14)

Interpretation. BC can induce narrow, disjoint action sup-
ports for identifiable contexts. Once o exceeds Equation (13),
smoothing dominates, increasing overlap and expanding action
coverage relative to the base policy, mitigating zero-probability
actions during RL.

Proof sketch. Combine Theorem 1 with Equation (12):
TV(p,) < El=lAll < m|A| < TV(p) which implies
Equation (14).

Takeaway for RL Fine-tuning. Context smoothing provably
increases overlap: if 3¢ with better coverage, increasing o
raises the coverage parameter x at ¢ (Eq. (3)). Thus, o acts
as a coverage dial: large o approaches the marginal p(a) for
broad coverage, while small o preserves precise conditioning.
Summary. We train a context-smoothed policy py(a | ¢, z, o)
via forward diffusion, enabling queries at any o € [0,T.].
During RL fine-tuning, a high-level policy myp(z,0 | s)
modulates o to interpolate between precise execution and
broad coverage, borrowing coherent behaviors from nearby
contexts for efficient adaptation.
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Fig. 5: RL Success Rates for simulation tasks. TMRL attains near 100% success rate in both OGBench tasks, outperforming the best baselines by 14%
in pointmaze-giant and 200% in cube-single at final performance. In 1ibero-goal, TMRL and RLPD [2] all reach 100% success. However, for
the longer-horizon 1ibero-90 task, only TMRL explores sufficiently to achieve non-trivial success rates.

IV. EXPERIMENTS

Our experiments study the following research questions:
(Q1) Does context-smoothed pre-training produce better action
coverage over other pre-training approaches?
(Q2) Does TMRL effectively RL fine-tune policies trained
across a variety of policy conditioning variables?
(Q3) Does TMRL enable real-world RL on VLA policies?

A. (Q1) Comparing Pre-Training Action Coverage

We first compare the effect of various pre-training proce-
dures on action coverage by measuring success rates on un-
seen tasks. We compare context-smoothed pre-training (CSP)
against standard BC, i.e., training p(a | ¢) with Eq. (1) and
PostBC [24]. Overall, CSP outperforms both baselines in
zero-shot success rate of unseen tasks.

We demonstrate this result on two tasks from OG-
Bench [18]: navigation (pointmaze—giant) and manip-
ulation (cube-single). For our navigation task, we train
policies on the pointmaze-large—navigate dataset and
evaluate on the larger pointmaze—giant environment. The
downstream environment has a larger state space, necessitat-
ing a broader action distribution. For our manipulation task,
cube-single, we use the cube-single-play dataset
and evaluate adaptation for initial positions beyond the dataset.

In Figure 6, we plot “success @ K,” measuring the fraction
of out-of-distribution initial states for which at least one of the
K base policy rollouts succeeds. This success rate represents a
direct empirical measurement of demonstrator action coverage
from Eq. (3). On both OGBench tasks, CSP achieves higher
success rates at every K with a fixed smoothing o, with the
gap most pronounced on cube where BC and PostBC have
zero success at all /. Next, we show that CSP’s broader action
coverage translates to better RL performance with TMRL.

B. (Q2) RL Fine-tuning Across Varied Policy Conditioning

We compare TMRL against prior approaches for RL with
prior data or combining pre-training and RL fine-tuning:

o RLPD [2]: an off-policy algorithm that learns online while
incorporating offline data as an additional buffer. It relies
on Gaussian action noise for expanding action coverage.

o SPIiRL [19]: a hierarchical RL algorithm that trains an RL
policy over pre-trained skills learned from offline data. It
uses skill sampling for expanding coverage.

pointmaze cube
0.25
_——— e
C 4 0.20 4 =®= PostBC S
/ " . o B J

0.15 4

d 0.10

0.05 1/

10 20 1

Success@K

o 4

10 20

Fig. 6: Context-smoothed pre-training enables better action coverage
than BC and PostBC before any RL fine-tuning. Success@ K measures
the fraction of out-of-distribution initial states where at least one of K base-
policy rollouts succeeds. CSP is better at all K on both tasks.

e DSRL [25]: a steering algorithm that first trains a diffu-
sion policy over action sequences with standard BC, then
performs off-policy RL over the policy’s noise space.

o PostBC [24]: pre-trains with additive Gaussian action noise
to expand action coverage and then fine-tunes with DSRL.

Now, we examine how TMRL enables effective RL fine-
tuning on difficult, unseen tasks. We consider downstream
tasks that are OOD for the base policy, i.e., the training data
contains no demonstrations for these downstream tasks.
State-Based Conditioning. As seen in the two left plots in
Figure 5, we observe clear differences in how methods handle
out-of-distribution generalization for the aforementioned OG
bench domains from Section IV-A. RLPD achieves limited
success, as it explores purely through additive Gaussian noise.

In contrast, methods that exploit action priors from the
pre-training data are able to perform better; DSRL reaches
around 90% success rates in pointmaze—-giant; however,
it achieves near-0 success rates on the higher-dimensional
action space task cube-single as it lacks any mechanism to
go beyond the exploration of the base policy. PostBC performs
very similarly to DSRL—while it expands action coverage
during pre-training, the coverage comes from single-step
Gaussian noise, causing some dithering behavior, and, unlike
TMRL, cannot be adaptively controlled during RL fine-tuning.
TMRL consistently outperforms these baselines, achieving an
overall 101% improvement over the best-performing baseline
across both tasks by learning to systematically expand cov-
erage of context-smoothed policies. Moreover, while several
baselines exhibit high variance across seeds, TMRL is notably



more stable while still performing well.

Image-Based Tasks + VLM Embedding Conditioning: We
next consider a set of image-based tasks with a large pre-
trained VLA policy, my [3], which uses VLM embeddings
to condition a flow-based action expert. We evaluate on the
LIBERO benchmark [14]. To enable TMRL we fine-tune
a context-smoothed 7y model on the Libero-{Spatial,
Object, Goal, 10} datasets by adding noise to the VLM
embeddings context ¢ before they are input to the action expert
head. We then evaluate adaptation on two unseen tasks: a
position-perturbed version of a Libero—-Goal task [33] and a
task from the Libero-90 task suite. Due to time constraints,
we exclude PostBC from this comparison.

Figure 5 shows that TMRL leverages action chunks

from different tasks in the dataset to solve the
libero-goal-swap task more efficiently than DSRL.
RLPD also learns the task because it is very short-horizon.
In 1ibero-90, we observe that only TMRL is able to
consistently solve the task; TMRL leverages action sequences
from other tasks, meanwhile DSRL overfits to picking up the
same object each time, resulting in an overly narrow action
distribution that is insufficient to solve the task.
Pointcloud Conditioning: Next, we look at a simulated dex-
terous manipulation grasping setting with a LEAP hand [21]
on a Franka in IsaacLab [16]. We are interested in evaluating
TMRL’s RL fine-tuning ability on a pointcloud-input pol-
icy; in particular, we examine whether context-smoothing on
pointclouds enables TMRL to adapt to grasping new objects.
We pre-train context-smoothed policies on three can-shaped
objects and evaluate on a new marker-shaped object. While
grasp strategies do not immediately transfer, we find that
noised pointclouds enable TMRL to share grasping strategies
across different objects, enabling broader exploration and,
consequently, faster learning and 2.5x higher final success
rates than DSRL in Figure 7.

= TMRL = DSRL

dexterous-grasping
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Fig. 7: TMRL enables efficient RL over 3D policies for dexterous grasping.

C. (Q3): Does TMRL enable real-world RL on VLAs?

Next, we demonstrate that TMRL enables effective adap-
tation of VLA policies in the real world. We evaluate on
two platforms: a WidowX 250 6-DoF robot arm using the
BridgeData-v2 [26] setup and dataset, and a Franka Panda 7-
DoF robot arm using the DROID [11] dataset. For each, we
pre-train a context-smoothed policy by fine-tuning my [3] on
the respective dataset using VLM embeddings as context ¢ and
the context noising objective in Equation (7).

We evaluate TMRL against DSRL on three tasks,
sausage—in-pot, shrimp-in-white-drawer, and
press-button, with evaluation curves shown in Figure 8.
While the pre-trained policy is unable to solve the task
successfully (often reaching for the wrong object), fine-tuning
with TMRL improves success rates to near-perfect levels. This
is in stark contrast to DSRL [25], which performs poorly
because it cannot perform tasks beyond the coverage of the
base policy. We omit a PostBC comparison here because the
simulation performance in Figure 5 is similar to that of DSRL
and it requires 2 additional steps: 1-step Gaussian ensemble
policy pre-training and data labeling, then my VLA re-training.
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Fig. 8: TMRL enables steering of my [3] across three real-
world tasks, while DSRL [25] fails to learn any task.

D. Analysis and Ablations.

Finally, we conduct additional analysis experiments to better
understand the behavior of TMRL.
Action Coverage Visualization: We then visualize the explo-
ration behavior of TMRL as compared to DSRL on top of a
standard BC policy in Fig 9. The exploration distribution of
DSRL is relatively narrow, staying close to the coverage of the
base policy. In contrast, the exploration behavior of TMRL is
considerably broader, showing a diversity of strategies beyond
the narrow base policy distribution. TMRL does not simply
perform random actions, but rather aliases coherent actions
from nearby states, for more informed exploration.

Fig. 9: Comparison of exploration behaviors on the task, “pick up the
butter and put it in the basket” for RLPD (left), DSRL (center), and TMRL
(right). TMRL leverages action sequences from smoothed contexts, resulting
in broadened, yet coherent exploration.
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