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ABSTRACT

Behavior prompting is a paradigm in which a sensorimotor robot demonstration,
called a behavior prompt, serves as an in-context prompt for performing new tasks
at test time. While prior work has shown that this capability is possible, the con-
ditions that enable it remain poorly understood. We present an empirical study of
when, how, and why behavior prompting works. To support this study, we intro-
duce DrawAnything and LIBERO-Gen, benchmarks with up to 2000 procedurally
generated tasks that evaluate test-time adaptation to unseen drawing and table-
top manipulation tasks. We also present Behavior Prompting Policy (BPP), an
in-context visuomotor architecture, and iPhUMI, a handheld interface to demon-
strate behavior prompts at test time. Our main finding is that task diversity, rather
than demonstrations per task, is a key driver of prompting capability. Given suf-
ficient diversity, a behavior prompt improves adaptation to unseen tasks, reducing
drawing error by 80.7% over goal-image conditioning and improving success on
chained manipulation tasks by up to 20.8% over language conditioning. Given
insufficient diversity in a real-world laundry experiment, behavior prompting has
weaker task conditioning than a language baseline. An attention analysis shows
how the prompt is used: the policy follows it step by step as a source of dense
sub-goals. Prompt ablations show that dense sensorimotor detail matters: remov-
ing actions or downsampling the prompt hurts fine-grained action adaptation. We
have open-sourced all components to enable reproducible research on behavior
prompting without needing industrial-scale data collection or compute.

Figure 1: Behavior prompting conditions test-time execution on a single robot demonstration. This
enables a user to specify a task via demonstration (left) or define new robot capabilities (right).

1 INTRODUCTION

Teaching a robot a new skill typically requires fine-tuning a policy (Black et al., 2024; Kim et al.,
2025b). Large language models instead adapt to new tasks from a few examples placed in context,
with no parameter updates (Brown et al., 2020). Behavior prompting brings this paradigm to ma-
nipulation (Fig. 1): at test time, the policy is conditioned in-context on a single demonstration of the
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desired task, consisting of observations and actions in the robot’s sensorimotor space (i.e., a behav-
ior prompt). This prompt specifies what the task is and an example of how to complete it, whereas
language instructions often leave the how underspecified (Gu et al., 2024; Jiang et al., 2023).

Adapting a policy from a demonstration has a long history in few-shot imitation learning (Duan
et al., 2017; Finn et al., 2017; James et al., 2018; Mandi et al., 2022). More recently, ICRT (Fu et al.,
2025) showed that an in-context policy can condition directly on raw sensorimotor demonstrations
(i.e., behavior prompts) to execute new tasks at test time. ICRT establishes that behavior prompting
is possible, but what remains missing is an understanding of the conditions that enable it.

Our goal is to understand what enables behavior prompting: when it works, how the policy
uses the prompt, and why the prompt helps. Such a study needs a setting where training task
diversity can be varied and where new unseen tasks, specified at test time, require the policy to rely
on the prompt. It also needs ablations cheap enough to run systematically. ICRT’s evaluation, a
single real-world tabletop domain with six motion primitives, was designed to validate the approach
rather than to support such a study, since both its task diversity and its ablations are limited by the
cost of real-world data collection and evaluation. Existing simulation benchmarks remove this cost
and enable reproducibility, but their scenes often reveal the task (Yu et al., 2020; James et al., 2020),
making the prompt unnecessary, or, like LIBERO (Liu et al., 2023), only evaluate on training tasks.

We therefore study three manipulation domains across simulation and the real world. DrawAny-
thing (simulation and real) trains on up to 2000 procedurally generated drawings and tests whether
a policy can reproduce new human-drawn figures at test time, which requires fine-grained action
adaptation. LIBERO-Gen (simulation) procedurally extends LIBERO to hundreds of tabletop ma-
nipulation tasks within a shared scene to test adaptation to new combinations and sequences of
skills. Laundry folding (real) probes the low-diversity regime with only three tasks. To study them,
we introduce Behavior Prompting Policy (BPP), a visuomotor architecture for behavior prompting
that cross-attends to an encoded prompt and generates actions with diffusion (Chi et al., 2023).
For the real-world experiments, we design iPhUMI, an iPhone-based handheld gripper building on
UMI (Chi et al., 2024) that lets a human specify behavior prompts at test time without a robot.

Together, these let us answer three questions that were previously out of reach. When does behavior
prompting work? Ablating the training data, we find that task diversity, rather than demonstrations
per task, is a key driver of prompting capability. With sufficient diversity, a behavior prompt im-
proves adaptation to unseen tasks, reducing drawing error by 80.7% over goal-image conditioning
and improving success on chained tabletop manipulation by up to 20.8% over language condition-
ing. In our laundry folding experiment where task diversity is low, task conditioning weakens: the
policy identifies the intended fold less reliably through demonstration than with language. How
does the policy use the prompt? Analyzing the policy’s attention, we find that it tracks the part
of the prompt matching its current progress, using it as a source of dense sub-goals. Why does the
prompt help? Ablating the prompt contents on DrawAnything, we find that the advantage comes
from dense sensorimotor detail: observations anchor the lookup into the prompt, and removing
actions or downsampling the prompt below 1 Hz degrades fine-grained action adaptation.

In summary, our contributions are: 1) DrawAnything and LIBERO-Gen, benchmarks with up to
2000 procedurally generated tasks that evaluate behavior prompting on unseen tasks. 2) An empiri-
cal study of when, how, and why behavior prompting works, with findings on task diversity, how the
policy uses the prompt, and which prompt contents matter. 3) Behavior Prompting Policy, a strong
reference architecture for prompting. We have open-sourced all components to enable reproducible
research on behavior prompting without needing industrial-scale data collection or compute.

2 RELATED WORK

Test-time Adaptation to New Tasks. Language-conditioned multi-task policies (Jang et al., 2021;
Octo Model Team et al., 2024) and VLA models (Zitkovich et al., 2023; Kim et al., 2024; Black
et al., 2024; Physical Intelligence et al., 2025) achieve zero-shot adaptation to some unseen environ-
ments and objects, but rarely to new low-level actions or skills. Few-shot methods instead adapt to a
new task from a small set of demonstrations, and differ in how they use the demonstration. Weight-
update methods adapt parameters with a few gradient steps via meta-learning (Finn et al., 2017; Yu
et al., 2018) or online via test-time training (Jiang et al., 2026). Structured methods transfer a demon-
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stration to a new scene through explicit reference frames (e.g., task-parameterized models (Calinon,
2016) and align-then-replay (Valassakis et al., 2022)), learned correspondences (Zhang & Boularias,
2024), or task priors (Dreczkowski et al., 2025), trading generality for sample efficiency. Condition-
ing methods keep the weights fixed and feed the demonstration to the policy, either compressed into
a task embedding (James et al., 2018) or attended to in context (Duan et al., 2017; Mandi et al.,
2022; Jain et al., 2024; Xu et al., 2022; Shah et al., 2026), in some cases retrieved at test time from
a larger set (Sridhar et al., 2025; Papagiannis et al., 2025).

In-context few-shot methods further differ in the prompt contents. Rather than raw observations and
actions, many represent the demonstration as keypoints (Di Palo & Johns, 2024), graphs (Vosylius
& Johns, 2025), multi-modal prompts (Jiang et al., 2023), reasoning traces (Nguyen et al., 2026),
or structured rationales (Xu et al., 2026a). Others prompt with human video (Yu et al., 2018; Jain
et al., 2024; Wang et al., 2023; Xu et al., 2023; Kim et al., 2025a; Zhu et al., 2026; Zhou et al., 2026;
Jiang et al., 2026; Rhoda AI Team, 2026), which is easier to collect but crosses an embodiment gap.

Behavior Prompting. Behavior prompting is an in-context few-shot conditioning method in which
the prompt is a raw demonstration in the robot’s sensorimotor space. Compared to human video, a
behavior prompt has no embodiment gap and is already accessible from existing demonstration data
during training. However, performing a new task requires one test-time demo in the robot’s space,
e.g., with a handheld gripper. ICRT (Fu et al., 2025) introduces a behavior prompting architecture
and validates the paradigm on a real robot in a single tabletop domain, training on 1098 trajectories
spanning 29 tasks and 6 motion primitives. ICRT ablates model initialization, DROID pretraining,
and the training loss, but does not study training task diversity, prompt modalities, or how the policy
attends to the prompt, all of which we study. Concurrent industrial systems also report in-context
demonstration prompting, where the capability either emerges from long-context training (General-
ist Team, 2026) or is trained for explicitly (Skild AI, 2026), attributing it to pretraining scale and to
task diversity, respectively. These works show that such prompting is possible but none isolates
the enabling factors in a controlled, reproducible study, which is the focus of this work.

Existing benchmarks do not support such a study out of the box. They evaluate only on training
tasks (Liu et al., 2023; Zhou et al., 2025; Fei et al., 2025), in LIBERO’s case language-sufficient
and performance-saturated (Tab. 1); offer tasks identifiable from the scene alone, so the prompt is
unnecessary (Yu et al., 2020; James et al., 2020); or provide no per-task demonstrations (Yang et al.,
2026). Closest to our setting, VIMA-Bench (Jiang et al., 2023) holds out novel prompt-specified
tasks, but over object rearrangements with fixed action primitives, and its prompts are object-centric
rather than sensorimotor. Data generators such as RoboTwin 2.0 (Chen et al., 2025) could be ex-
tended to host our protocol, just as we extended LIBERO into LIBERO-Gen. Our benchmarks
combine many demonstrable tasks per scene and support specifying new tasks at test time via a sen-
sorimotor demonstration; they allow researchers to meaningfully study algorithm design of behavior
prompting without the requirements of industrial-scale data and compute.

3 METHOD

3.1 BEHAVIOR PROMPT DEFINITION

A behavior prompt is a single demonstration of a desired task (at a different environment configura-
tion) consisting of a sequence of observations, proprioception, and actions in the robot’s sensorimo-
tor execution space. At test time, the prompt is a training demonstration or, for new tasks, a human
demonstration (e.g., with a handheld gripper). A demonstration is most useful when it clarifies what
language leaves underspecified: spatial-temporal structure (e.g., a drawing), preferences easier to
show than describe (e.g., a preferred fold), or a manipulation strategy (e.g., a grasp type). Behavior
prompting thus inherits the benefits of video conditioning (i.e., visual sub-goals for the task) while
adding actions, which we find improve fine-grained action adaptation (e.g., following drawings).

3.2 BEHAVIOR PROMPTING POLICY (BPP)

Behavior Prompting Policy is an in-context visuomotor architecture that takes a behavior prompt
and current observation as input and outputs closed-loop actions (Fig. 2). BPP consists of a prompt
encoder and an action decoder, like in Vid2Robot (Jain et al., 2024). We position BPP as a strong
reference architecture for behavior prompting, with practical benefits, discussed below.
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Figure 2: Behavior Prompting Policy architecture. a) Every ∆t steps of the behavior prompt form
a chunk that contains one step of observation and proprio along with ∆t actions. Attention pooling
merges {o, q, a} into a chunk embedding pi. The policy consists of: b) a prompt encoder, which
extracts relevant prompt information given the current obs, and c) an action decoder, which reasons
over the current obs and relevant prompt information to generate actions over K diffusion steps.

Prompt Encoder (Fig. 2b): To encode the prompt, we temporally downsample the observations
and proprioception for computational efficiency (typically to 1Hz). Actions are not downsampled
to retain the full behavior sequence. The prompt is a sequence of chunks each consisting of a single
timestep of observation o, proprioception q, and the sequence of actions a leading up to the next
chunk. We apply attention pooling per chunk to merge {o, q, a} into a single chunk embedding
pi forming the sequence P = [p0, p1, . . . , pn] where n varies with prompt length. The pooling
temporally associates information from the same timestep and reduces the prompt sequence length.

The prompt encoder is a transformer decoder that extracts relevant prompt information given the
current observation. We tokenize the current observation by representing each observation entry
with a single token per timestep of history and then perform cross-attention with the prompt chunk
embeddings P . We use learned positional embeddings for the prompt and the current observation.

Action Decoder (Fig. 2c): Given the relevant prompt information extracted by the prompt encoder,
the policy now needs to generate actions. We concatenate the current observation, the extracted
prompt information, and diffusion timestep k and pass it to a diffusion model to denoise actions. We
use the CNN action diffusion architecture with FiLM (Perez et al., 2018) from Chi et al. (2023).

Training: We follow standard behavior cloning training practices for action diffusion policies with
additional care taken to handle the behavior prompt. For each training step, we sample a single
demonstration from the training data as the prompt. We then load a batch of receding horizon obser-
vations and future action chunks from other demonstrations of the same task. Each demonstration
will have varying environment configurations, so the policy must reason about the temporal similar-
ities and spatial differences between the prompt and the current observation to generate actions.

During training we require no explicit correspondence, spatially or temporally, between two
demonstrations of the same task. The prompt is simply provided as an additional model input
and the model learns end-to-end how to leverage it. Since prompts are demonstrations, BPP can be
directly trained on existing multi-task imitation datasets with no additional data collection.

Inference: We select a single prompt per rollout, encode it once, and cache the chunk embeddings.

Comparison to ICRT: BPP differs from ICRT (Fu et al., 2025) in three ways: (i) prompt handling,
cross-attention from a separate encoder versus causal self-attention; (ii) the action decoder, diffusion
versus L1; and (iii) history, a short window versus the full rollout retained in context. §4.1 isolates
the benefit of (ii) and the effect of (iii) under disturbance. Two practical benefits follow: action dif-
fusion accounts for most of BPP’s improvement over ICRT, and BPP’s short window never reaches
a context limit during execution, unlike ICRT’s retained history. Further comparisons are in §G.

3.3 IPHUMI

iPhUMI is a handheld gripper for collecting training data and specifying behavior prompts. It adapts
the UMI gripper (Chi et al., 2024) by replacing the GoPro with an iPhone, following prior iPhone-
based grippers (Shafiullah et al., 2023). ARKit provides real-time localization, removing the map-
ping stage, and our app wirelessly streams a demo to prompt BPP at test time. See §J for details.
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Figure 3: Benchmarking Suite. In DrawAnything (a, b), we evaluate whether a policy can recreate
a previously unseen drawing at varying board poses given a single human demo. In LIBERO-Gen
Combination (c) two identical bowls are randomly positioned, and the robot is given instructions for
which one to grasp and where to place it. In LIBERO-Gen Chain (d) we explore the set of two step
interactions. We have: 1) first step tasks include open middle/top drawer, push plate, turn on stove,
and pick-place, 2) second step tasks just do second action (pick-place only) with first action already
done, and 3) chained tasks where we do a first step task then a second step task in succession.

4 EVALUATION

We introduce DrawAnything and LIBERO-Gen (Fig. 3), benchmarks with high task diversity, pro-
cedurally generated demonstrations, and test-time task specification of new tasks.

• DrawAnything-Sim (Fig. 3a): Drawing is well suited for behavior prompting as it requires the
policy to continuously reference low-level drawing instructions in the prompt. We train on 2000
procedurally generated drawing tasks with 5 demos per task at randomized board orientations. We
evaluate on 50 unseen drawing tasks collected by a human to ensure significant variation from the
training tasks. During evaluation, the policy must reconstruct a previously unseen drawing given
a single human demo. The rollout occurs at a different board orientation than the prompt.

• DrawAnything-Real (Fig. 3b): We create an analogous real-world drawing setup using an ARX
robot arm with an iPhone wrist camera and marker attached to the end effector (Fig. 1). Within
a large whiteboard we have a square drawing region that can be placed at any position and in a
90◦ rotation range. We collect 1000 training tasks (200 tasks at 5 demos/task from a human using
iPhUMI and 800 tasks at 6 demos/task with a scripted policy). Evaluation is done on 10 tasks
(4 training, 6 unseen) collected by a human using iPhUMI. This benchmark requires full 6DoF
action (compared to 2D in sim) and robustness to visual occlusions caused by the marker.

• LIBERO-Gen Combination (Fig. 3c): We introduce LIBERO-Gen, a procedural generation
framework for LIBERO (Liu et al., 2023). Compared to other LIBERO extensions that focus
on visual or semantic robustness (Fei et al., 2025; Zhou et al., 2025), LIBERO-Gen evaluates test-
time instruction-following capability on unseen tasks by generating new environments, tasks, and
demonstrations. Using this tool, we create LIBERO-Gen Combination which extends the 10 tasks
in LIBERO Spatial with 164 more tasks in the same environment. All tasks involve picking one
of the two identical bowls and placing it on one of nine locations. For evaluation, we hold out 10
“combinations” of pick-place locations seen individually during training, but never jointly.

• LIBERO-Gen Chain (Fig. 3d): Using LIBERO-Gen, we create LIBERO-Gen Chain, which
extends the 10 original tasks in LIBERO Goal with 311 additional tasks in the same environment.
The tasks involve sequentially executing two single-step tasks in a “chain.” To understand whether
behavior prompting can perform unseen chains of manipulation skills at test time, we hold out 10
two-step tasks consisting of individually seen manipulation skills.
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Figure 4: Benchmark Results. For DrawAnything (a,b) we find Goal-Image performs well
only on training drawings, while BPP and ICRT perform well on unseen drawings. Side-by-side
qualitative results in (a,b) are for unseen drawings. For unseen manipulation tasks in LIBERO-Gen
(c,d,e), BPP outperforms baselines and rivals π0.5 despite not having foundation pretraining. We
report the ±1 stdev error bar across three seeds for sim (π0.5 is single seed) and across tasks for a
single seed for the real-world drawing.

4.1 WHEN DOES BEHAVIOR PROMPTING WORK?

We compare to Goal-Image and Language that match the BPP action decoder but replace the
prompt encoder with ViT goal image encoding (Dosovitskiy et al., 2021) and finetuned CLIP lan-
guage encoding (Radford et al., 2021), respectively. We also compare to ICRT (Fu et al., 2025), a
prior behavior prompt model, and finetuned π0.5 (Physical Intelligence et al., 2025), a VLA with
foundation pretraining. π0.5 has foundation pretraining so it is not directly comparable.

Behavior prompting improves test-time adaptation to unseen tasks. DRAWANYTHING: We ob-
serve BPP can reconstruct new drawings from a single human demonstration via mouse in sim or
iPhUMI in real (Fig. 4a,b). For unseen drawings, BPP reduces error compared to Goal-Image by
80.7% in sim and 47.9% in real. A single goal image only indicates what drawing to do, while a
behavior prompt describes a step-by-step example for how to complete a drawing. Against ICRT (Fu
et al., 2025), BPP reaches an error of 3.43 ± 0.10 versus 5.07 ± 0.22, a 32.3% reduction. To dis-
sect this gain, replacing BPP’s diffusion head with L1 regression to match ICRT raises its error to
4.84±0.22, so the action decoder accounts for most of the gap. Because ICRT retains the full rollout
history, a mid-rollout disturbance that reverts the canvas to an earlier state leaves its context out of
distribution: its error increases by 10.47 ± 0.98, versus 5.48 ± 0.15 for BPP, whose fixed-length
history is less affected (disturbance protocol in §G; recovery mechanism discussed in §4.2).

LIBERO-GEN: BPP improves test-time adaptation to unseen manipulation tasks for both LIBERO-
Gen benchmarks. For LIBERO-Gen Combination there are two decisions (which bowl to pick and
where to place it) and for LIBERO-Gen Chain there are up to four (ex1: pick, place, pick, place, ex2:
turn stove knob on, pick, place). Language explicitly indicates these steps, while the goal image only
provides the final state. Although language names each step, a behavior prompt additionally grounds
each step in the robot’s sensorimotor space, showing where to grasp and place and how the steps
connect. In LIBERO-Gen Combination (Fig. 4c), BPP improves on unseen tasks by 13.2% over
Language. In LIBERO-Gen Chain (Fig. 4d,e) we ablate including 2nd step tasks in the training
data (1st,2nd,1st+2nd → 1st,1st+2nd). Removing 2nd step tasks makes adaptation to unseen chained
tasks (1st+2nd) more challenging as the policy will have never seen the 2nd step after the 1st step has
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Figure 5: Training data ablations on DrawAnything-Sim. We report performance on unseen
drawings (3 seeds). Panel (b) uses 5 demos/task and shows representative qualitative examples.

Task Result Language BPP (Ours)

Left arm

Success 24 (96%) 19 (76%)
Fail, dropped left sleeve 1 (4%) 4 (16%)
Fail (a), did fold right arm 1 (4%)
Fail (b), did fold bottom up 1 (4%)

Right arm Success 25 (100%) 25 (100%)

Bottom up

Success 25 (100%) 15 (60%)
Fail (c), did fold right arm 6 (24%)
Fail (d), right: grabs bottom ✓, 4 (16%)left: fold left arm ✗

a) b)

c) d)

Figure 6: Laundry folding (low task diversity study). Left: Results over 25 rollouts per task (one
seed). Language conditioning succeeds on all tasks, while BPP occasionally competently completes
the wrong fold; this implies weak task conditioning at low task diversity. Evaluations use unseen
prompts for seen tasks. Right: corresponding failures; green is desired action, red is executed one.

completed (ex: never seen how to put the wine on the cabinet after a cabinet drawer is opened). In
this ablation, BPP achieves a 20.8% gain over Language in Fig. 4e (without 2nd step) compared to
a 10.7% gain over Language in Fig. 4d (with 2nd step); in other words, a larger unseen adaptation
gap yields greater BPP gains. Additionally, despite having no pretraining, BPP rivals finetuned π0.5.

Task diversity is more important than quantity per task. All ablations in this section use
DrawAnything-Sim and may vary for other domains (for LIBERO-Gen, Fig. 4e gives a data ab-
lation and Fig. 7b,d provides the attention analysis). DATA COLLECTION STRATEGY. For a fixed
demonstration budget, collecting a few demonstrations for many drawing tasks improves test-time
adaptation compared to many demonstrations of few tasks (Fig. 5a). We also find that increasing the
number of training tasks improves performance on unseen tasks and that this adaptation to unseen
tasks only emerges at high task diversity (Fig. 5b). These trends are consistent with task-diversity ef-
fects in sequence models (Raventos et al., 2023) and in imitation learning (Lin et al., 2025), and with
concurrent industrial reports that attribute demonstration prompted in-context manipulation to task
diversity (Skild AI, 2026). INCLUDING COMPLEX TRAINING TASKS. We ablate the number of parts
(line, circle, oval, Bézier curve) that are stitched together in the procedurally generated drawings that
form the training set (Fig. 5c). We find that training only on low complexity drawings (1 to 3 parts)
yields poor adaptation to complex, unseen drawings. Training on only complex drawings (4 to 6
parts) yields the best performance, but at the expense of a substantially larger demonstration dataset.
The diversity required depends on the task space: for open-ended drawing, error keeps falling un-
til roughly 1000 tasks (Fig. 5b), whereas LIBERO-Gen’s discrete combinatorial tasks benefit from
prompting with a few hundred. In either case, the ability to adapt to new tasks via prompting appears
only above a domain-dependent level of task diversity.

With low task diversity, task conditioning weakens. LAUNDRY FOLDING: Behavior prompts are
a far richer task representation than a fixed-length language embedding, so we ask whether that
richness becomes a liability when task diversity is low. We train on three sweater folding tasks
collected with bimanual iPhUMI (Fig. 1): fold left arm, fold right arm, and fold bottom up. All tasks
start from a fully unfolded sweater, so the policy must identify the task from its descriptor alone. We
compare against a language baseline which uses a CLIP encoding (Radford et al., 2021). Further
task and evaluation details are in §H.

Language completes all three tasks at high success, while BPP succeeds on fold right arm but
sometimes executes the wrong fold on the other two (Fig. 6). With only three tasks, the prompt’s
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Figure 7: Prompt encoder attention (unseen tasks). We visualize the normalized attention scores
in the BPP prompt encoder on unseen tasks during rollout (x-axis) to see how the model attends to
the prompt (y-axis). For DrawAnything (a,c) the policy attention continuously tracks the portion of
the prompt closest to the current observation, while in LIBERO-Gen (b: Combination, d: Chain) the
attention tracks discrete task “milestones”. The lower attention magnitude in LIBERO-Gen is due
to learned attention sink tokens (Xiao et al., 2024) added to the start of the prompt (not shown).

spatial and temporal detail does not further disambiguate the task; it adds variation in prompt dura-
tion and object configuration, which we postulate weakens task conditioning. The failures are in task
identification, not motor competence: BPP performs the wrong fold competently. In fold bottom up,
for example, BPP grasps the bottom of the sweater correctly with the right arm, but the left arm
then folds the left sleeve instead of also grasping the bottom, switching mid-execution to a different
training task (Fig. 6d). This result is expected given the task diversity ablations that show low task
diversity is the hardest for prompting.

4.2 HOW DOES THE POLICY USE THE PROMPT?

BPP achieves test-time adaptation through dense sub-goal conditioning on the prompt. In Fig. 7,
we visualize the attention in the prompt encoder. For DrawAnything, the attention closely follows
the task progression, indicating that BPP identifies temporal similarities through a prompt lookup
operation to find the section most similar to the current observation. As a result, the policy can
extract upcoming states and actions that inform action generation after accounting for spatial differ-
ences between the prompt and rollout board pose. This step-by-step guidance largely simplifies the
learning complexity compared to Goal-Image, which must reconstruct complex tasks from just
the final state. This lookup also explains the robustness to disturbance in §4.1: when the canvas is
erased mid-rollout (Fig. 7a, t = 8 → 9), the attention jumps back from prompt chunk p11 to p7,
the chunk matching the reverted canvas, and then resumes advancing. This lookup is likely easier in
BPP as the disturbance is not retained in the history, unlike ICRT. For LIBERO-Gen, we also find
that the attention follows task progression, though in a more discrete manner to identify the next key
event, such as a task transition, the next object to interact with, or where to place an object. These
milestones are the steps a language command names, now grounded in the robot’s observations.
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Figure 8: Prompt ablations on DrawAnything-Sim. We report performance on unseen drawing
tasks (3 seeds) while ablating what information is included in the prompt and the impact of applying
attention pooling to the prompt tokens. We find that dense sensorimotor information in the prompt
is critical for test-time adaptation and that pooling provides further improvement.

4.3 WHY DOES THE PROMPT HELP?

The advantage comes from dense sensorimotor detail in the prompt. All ablations in this sec-
tion use DrawAnything-Sim and results may vary for other domains. INCLUDING MULTI-MODAL
SENSORIMOTOR INFORMATION (Fig. 8a). For DrawAnything-Sim, we find that including observa-
tions in the prompt is necessary to anchor the prompt lookup and that including actions improves
adaptation to unseen tasks. Proprioception (i.e., cursor position) is not useful as the cursor is al-
ready visually shown in the observation image. INCLUDING OBSERVATIONS AT A SUFFICIENTLY
HIGH FREQUENCY (Fig. 8b). Aggressive downsampling of the prompt observations (less than 1Hz)
makes BPP struggle to follow prompts for unseen drawings. USING ATTENTION POOLING TO AG-
GREGATE THE MODALITIES (Fig. 8c). Attention pooling helps temporally associate modalities from
the same prompt chunk and improves performance. It also reduces the sequence length by merging
each prompt chunk into a single embedding, rather than having separate tokens per modality.

ROBUSTNESS TO PROMPT QUALITY: Perturbing the prompt degrades performance only moder-
ately: slowing the prompt by 1.25× raises error from 3.43± 0.10 to 3.64± 0.12, adding trajectory
jitter (σ = 5 px) to 3.69± 0.02, and inserting three pauses to 4.26± 0.12, a 24% increase (Tab. 2).

5 LIMITATIONS

Our study has several limitations. First, in our benchmarks prompts and rollouts differ in object posi-
tions and board rotations but not in scene or object identity. A general-purpose behavior prompting
policy trained on large amounts of diverse manipulation data would help study cases where the
prompt is more different from the target environment. Second, we identify various levels of task
diversity requirements across our two benchmarks, DrawAnything-Sim and LIBERO-Gen. Future
work should identify what task properties determine the task diversity requirements for behavior
prompting across many domains. Third, our attention analysis characterizes BPP; applying it to
other in-context architectures would test whether dense sub-goal attention lookup is a general mech-
anism of behavior prompting. Fourth, unseen tasks in LIBERO-Gen recombine seen skills; a bench-
mark that isolates adaptation to entirely new tabletop action primitives would test whether a single
prompt can teach one. Finally, in many cases, goal images or language may be sufficient to achieve
the desired level of test-time adaptation and do not require collecting a full behavior prompt. Future
studies should thus evaluate policies that can flexibly select among task descriptors at test time.

6 CONCLUSION

We presented an empirical study of behavior prompting. We find that task diversity, rather than
demonstrations per task, is a key driver of prompting capability; that the policy uses the prompt as
a source of dense sub-goals through an attention lookup over the prompt; and that dense sensori-
motor detail in the prompt matters, with observations anchoring the lookup and actions improving
fine-grained action adaptation. The task diversity finding reproduces claims in concurrent industrial
reports on in-context demonstration prompting, while the sub-goal attention analysis and prompt
composition ablations go beyond what these reports describe. All findings were obtained in repro-
ducible settings without requiring industrial-scale data or compute. We release all benchmarks, data,
and code so that the conditions enabling in-context behavior prompting can be further studied.
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REPRODUCIBILITY STATEMENT

We describe the BPP architecture, training procedure, and inference procedure in §3.2, and provide
the training compute requirements and the prompt encoder and action decoder architecture specifi-
cations in Appendix §I (Tab. 4, 5, and 6). Implementation details for all baselines (Goal-Image,
Language, ICRT, and π0.5) are in Appendix §E, and the architectural comparison to ICRT is
in Appendix §G. Our simulation benchmarks are procedurally generated: the DrawAnything-Sim
training and evaluation tasks are shown in Appendix §B, and the LIBERO-Gen task generation,
scripted demonstration generation, and the complete lists of held-out test tasks are in Appendix §D.
For the real-world experiments, the DrawAnything-Real data generation and evaluation procedure
are in Appendix §A, the laundry folding data and evaluation protocol are in §4.1, and the iPhUMI
hardware, data collection, and deployment pipeline are in Appendix §J. Simulation results are re-
ported across three seeds (except where stated) with standard deviations (Fig. 4 and 5 and 8). We
have open-sourced all code and datasets, and all training hyperparameters are specified in the code
release. The iPhUMI hardware and application software are open-sourced as well. All simulation
results are directly reproducible with the open-sourced code and datasets.
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Appendix

A DRAWANYTHING-REAL IMPLEMENTATION

A.1 SCRIPTED DATA GENERATION

For our real drawing task we train on a mixture of data collected via iPhUMI and a scripted policy.
Specifically, we collect 200 tasks with 5 demonstrations per task from a human using iPhUMI. We
also collect 800 tasks with 6 demonstrations per task using a scripted policy. The scripted policy
maps procedurally generated drawings used in DrawAnything-Sim to open-loop commands in the
6DOF robot end-effector space. Using iPhUMI data during training enables the policy to work well
with iPhUMI prompts coming from humans at test time and the scripted policy helps reach the task
diversity required to enable adaptation to new tasks at test time.

For each scripted demonstration, a human operator places the drawing canvas at a random position
and orientation on the whiteboard. We localize the four red corner markers on the drawing canvas
with a segmentation model on an RGB image from the iPhone’s main rear camera, yielding 2D key-
points in the camera frame that we use to estimate the canvas pose. We then transform the resulting
pose into the robot base frame using a fixed camera-to-robot extrinsic calibration. The robot first
moves to a random pose in front of the whiteboard, starts recording, then moves to the estimated
canvas pose and aligns its end-effector orientation with the canvas. It executes the scripted drawing
trajectory and finally retreats to a random pose. This is repeated across tasks and demonstrations.

A.2 EVALUATION PROCEDURE

Qualitative results of BPP on some unseen drawings are shown in Fig. 9. Training and test tasks
used for evaluation are shown in Fig. 10. For each evaluation trial, the drawing canvas is placed at
a random position and orientation on the whiteboard. We sample a single demonstration to define a
matched conditioning pair: the full demonstration is used as the behavior prompt for the prompting
policy, and the corresponding goal image extracted from that same demonstration is used for the
goal-image policy.

To control for initial conditions, we execute the prompting policy, reset the robot and environment
to the same initial state, and then execute the goal-image policy with the matched goal image. We
repeat this procedure after moving the canvas to a new random placement and sampling a new
prompt/goal-image pair.

For evaluation on training tasks, conditioning pairs are sampled from the set of six demonstrations
collected from four of the procedural training tasks. For evaluation on unseen test tasks, conditioning
pairs are sampled from a set of three iPhUMI demonstrations collected for each of the six unseen
evaluation tasks. Ten evaluation rollouts are done for each task.

Figure 9: BPP qualitative results on unseen tasks in DrawAnything-Real. We find that BPP is
able to reconstruct unseen drawings given a single iPhUMI demo. We show successful drawings
(green) and a failure case (red).
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Figure 10: DrawAnything-Real evaluation tasks with representative examples of robot execu-
tions. Green: executed drawing by policy. Red: goal image input rendered as a reference overlay.
We observe that Goal-Image can roughly match the structure of the training drawings, but fails
to replicate unseen drawings. BPP is able to reconstruct both training and unseen drawings given a
single demonstration.

A.3 QUALITATIVE COMPARISON: GOAL IMAGE VS. BEHAVIOR PROMPTING

Fig. 10 shows representative examples comparing BPP to Goal-Image on training and unseen
drawing tasks. In DrawAnything-Sim, we observed that Goal-Image performs well on training
tasks (Fig. 4a). In DrawAnything-Real, we find however that Goal-Image underperforms quanti-
tatively on training tasks (Fig. 4b). However, qualitative inspection of Fig. 10a suggests a consistent
failure mode: the policy often produces a recognizable rendition (or partial rendition) of the intended
shape, but with spatial misalignment or local geometric errors that cause large Chamfer distances.

For unseen tasks, Goal-Image frequently degenerates into near-random strokes that do not re-
semble the target shape, whereas BPP produces coherent drawings aligned with the demonstrated
behavior. Interestingly, we find that Goal-Image has similar quantitative error rates between train-
ing and unseen tasks (Fig. 4b). However, we see that unlike on training tasks, Goal-Image has
poor qualitative fidelity on these test tasks (Fig. 10b). We believe this is because the unintelligible
drawings produced by Goal-Image on test tasks can achieve moderate levels of Chamfer error by
roughly covering the target drawing region without reproducing the intended structure.
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B DRAWANYTHING-SIM TASKS

Metric. We report the Chamfer distance in pixels between the drawn canvas and the target drawing,
taking the lowest distance reached during the rollout, averaged over 32 environment seeds and 50
unseen tasks.

We visualize the training (Fig. 11) and evaluation dataset (Fig. 12) for DrawAnything-Sim.

Figure 11: DrawAnything-Sim training tasks. We show a subset of 100 of the 2000 procedurally
generated tasks (each having 5 demonstrations per task) using a combination of 1 to 6 parts. Parts
include lines, Bézier curves, partial/full ovals, and free space (pen up) movement. The parameters
for each part (such as start/end position, Bézier control points, proportion of oval, clockwise/counter-
clockwise direction, etc.) are randomly sampled. With a specified probability, parts will connect
back to the start/end position of a previous part. Each demonstration includes varied whiteboard
rotation (from −π

4 to
π
4 ), has varied speed, and includes noise inserted into the trajectories.
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Figure 12: DrawAnything-Sim evaluation tasks. We hand-collect 50 evaluation tasks that were
not seen during training with 5 demonstrations per task at varying board rotations. Tasks have varied
complexity and duration.
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C RESULTS ON ORIGINAL LIBERO DATASET

We report results on the original LIBERO (Liu et al., 2023) dataset. The original LIBERO tasks
are sufficiently described by language and the original benchmark splits do not evaluate test-time
adaptation to unseen tasks. As expected, we find that using behavior prompting achieves similar
performance to the language-conditioned diffusion policy. We empirically found that finetuning
a CLIP language encoder gives substantially better performance compared to the frozen language
embeddings used in some prior diffusion policy LIBERO evaluations (Kim et al., 2024). Modern
policies have also started to saturate performance of the original LIBERO benchmark (Black et al.,
2024; Kim et al., 2025b), emphasizing the importance of LIBERO-Gen which extends the dataset to
evaluate test-time adaptation to unseen tasks.

Split Language Diffusion Policy Behavior Prompting Policy (Ours) π0.5

LIBERO Spatial 97.80± 0.71 97.40± 1.02 97.8
LIBERO Object 97.80± 0.49 98.93± 0.52 97.4
LIBERO Goal 95.60± 1.07 98.33± 0.38 97.8
LIBERO 10 93.73± 2.07 95.27± 0.66 95.6
Average 96.23± 0.55 97.48± 0.33 97.15

Table 1: Original LIBERO dataset results. Model success rate (%) on the original LIBERO (Liu
et al., 2023) dataset by suite across 3 seeds (mean ± stdev). Language is detailed in §E. We
finetuned π0.5 (Physical Intelligence et al., 2025) for 30K LoRA (Hu et al., 2022) steps using openpi
and report results for one seed. The π0.5 training does not include LIBERO-90 in the finetuning
mix, while the other models presented include LIBERO-90 split in the training data. Due to this
difference, we put π0.5 results in a separated column. For each of the three policy architectures
listed we train one checkpoint per seed across all of the listed LIBERO splits rather than training
and evaluating separate checkpoints per split.

D LIBERO-GEN IMPLEMENTATION DETAILS

LIBERO-Gen procedurally generates new task definitions consisting of an environment definition
and execution steps (§D.1). It also generates corresponding demonstrations for those tasks (§D.2).
We then discuss details for LIBERO-Gen Combination (§D.3) and LIBERO-Gen Chain (§D.4), two
benchmarks created using this tool.

D.1 PROCEDURAL TASK GENERATION

The 130 original tasks in the LIBERO dataset are defined using BDDL, which defines both the
environment and the intended robot task. The environment is defined by a base scene, objects
present in that scene, and the initial locations of those objects. The task is defined through a set of
predicates that specify the desired final states of the objects in the scene. LIBERO-Gen takes these
BDDL files and enumerates the possible initial object locations and the desired final object states to
generate new task definitions. The user specifies the set of procedural operations they would like
to occur to generate a desired set of task variation, such as: 1) generate environments where the
goal is the same, but the plate is initialized at all of the possible starting locations or 2) generate
environments where the initial object configuration stays the same, but the goal states are all the
places the cream cheese could be placed. LIBERO-Gen also supports the generation of chained
tasks where the goal states consist of multiple action primitives applied sequentially (e.g., turn on
the stove and then put the bowl on the stove).

In practice, we manually define a set of valid operators for each object (e.g., bowls can be grasped or
you can put an object in them). We also start with a base set of environments from existing LIBERO
tasks for which we apply the variations on top of. Doing so typically creates a large combinatorial
space of tasks which either 1) may extend beyond the desired set of tasks for a targeted scientific
experiment or 2) may want to be partitioned into a training and test set. We address this through
the use of views which include filters that select desired portions of the generated tasks to put into
training or testing splits.
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D.2 PROCEDURAL DEMONSTRATION GENERATION

Given the procedurally generated task definitions, we need to procedurally generate demonstration
data for these tasks. We do so through a scripted policy that leverages ground simulator object
states and the existing demonstration data for the 130 original LIBERO tasks. From the existing
teleoperation data, we extract object-relative grasp poses for each of the target objects. Many tasks
also involve replaying a portion of teleoperation data and then switching to a scripted policy to
complete the new part of the task. We introduce variations at multiple points to simulate differences
present within teleoperated demonstrations: grasp location, placement position, intermediate poses
on the way to or from each action primitive, and initial robot and object states. We validate the
success of each demonstration using the predicate checking mechanism present in LIBERO. For
chained tasks, the BDDL does not encode the ordering of each action primitive, so we encode the
desired sequential order in a separate configuration file.

D.3 LIBERO-GEN COMBINATION TEST TASKS

Here we extend the discussion of LIBERO-Gen Combination from §4. We modify the LIBERO
Spatial environments to have additional starting bowl locations as pictured in Fig. 13.

Figure 13: Initial environments for LIBERO-Gen Combination. There are two identical bowls
in each environment. The task involves moving a specified bowl to a specified target location.

From each starting initialization, we generate the combinatorial space of all possible bowl pick
locations and place locations to generate a task distribution. We withhold ten tasks (combinations
of pick-place locations) to use as evaluation tasks. We document each of these unseen tasks below
including the count of training tasks that have the same pick location and training tasks that have
the same place location; this indicates that the pick and place locations have individually been seen
during training, but never jointly. This experiment design evaluates the capability of the policy to
adapt to unseen instructions at test time without evaluating unseen action primitives.

Unseen training tasks for LIBERO-Gen Combination and relevant training tasks:

Unseen: Pick the bowl from table center and place it on the cookies box
Training: Same pick (bowl table center), different place [9 tasks]
Training: Different pick, same place (bowl on the cookies box) [8 tasks]

Unseen: Pick the bowl in the top layer of the wooden cabinet and place it on the plate
Training: Same pick (bowl wooden cabinet top), different place [7 tasks]
Training: Different pick, same place (bowl on the plate) [9 tasks]

Unseen: Pick the bowl next to the cookies box and place it on the bowl next to the ramekin
Training: Same pick (bowl next to box), different place [9 tasks]
Training: Different pick, same place (bowl on the bowl next to the ramekin) [4 tasks]

Unseen: Pick the bowl next to the plate and place it on the stove
Training: Same pick (bowl next to plate), different place [9 tasks]
Training: Different pick, same place (bowl on the stove) [9 tasks]

Unseen: Pick the bowl on the cookies box and place it on the bowl on the wooden cabinet
Training: Same pick (bowl cookies), different place [9 tasks]
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Training: Different pick, same place (bowl on the bowl on the wooden cabinet) [8 tasks]

Unseen: Pick the bowl on the cookies box and place it on the wooden cabinet
Training: Same pick (bowl cookies), different place [9 tasks]
Training: Different pick, same place (bowl on the wooden cabinet) [8 tasks]

Unseen: Pick the bowl on the plate and place it on the bowl on the table center
Training: Same pick (bowl plate), different place [9 tasks]
Training: Different pick, same place (bowl on the bowl on the table center) [4 tasks]

Unseen: Pick the bowl on the plate and place it on the table center
Training: Same pick (bowl plate), different place [9 tasks]
Training: Different pick, same place (bowl on the table center) [7 tasks]

Unseen: Pick the bowl on the stove and place it on the ramekin
Training: Same pick (bowl stove), different place [9 tasks]
Training: Different pick, same place (bowl on the ramekin) [9 tasks]

Unseen: Pick the bowl on the wooden cabinet and place it between the plate and the ramekin
Training: Same pick (bowl wooden cabinet top side), different place [8 tasks]
Training: Different pick, same place (bowl between the plate and the ramekin) [9 tasks]

D.4 LIBERO-GEN CHAIN TEST TASKS

Here we extend the discussion of LIBERO-Gen Chain from §4. In LIBERO-Gen Chain we have
one environment initialization and enumerate the set of two-step sequences where we chain together
two action primitives sequentially (see Fig. 14).

Figure 14: Initial environment for LIBERO-Gen Chain. All two-step chained tasks in this exper-
iment start from the single first step state (blue). We also include one step actions starting from the
first step state (blue) as well as second step actions which start assuming one action primitive has
already been completed (red). The ablation for no second step excludes the single-step tasks that
start from the second step initializations (red).
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At test time, we evaluate adaptation to unseen sequential chains of individually known primitives.
The purpose is not to adapt to an entirely new action primitive at test time that has not been seen
during training, but rather to adapt to a new sequence of these primitives. This setup evaluates the
capability of a model to follow previously unseen instructions. Here we enumerate all ten unseen
evaluation tasks and, for each one, include the counts of the similar tasks that the model has seen
during training. In short, this list demonstrates that the primitives for each unseen task have been
seen individually during training, but never sequentially chained. Our ablation where we remove the
second step tasks from the training mixture removes the guarantee that the second step task in the
chain has been seen with the exact same environment initialization (see Fig. 14).

Unseen training tasks for LIBERO-Gen Chain and relevant training tasks:

Unseen: [1st] Open the middle layer of the drawer and then [2nd] put the cream cheese on the
stove↪→

Training: similar chain (same 1st, different 2nd) [3 tasks]:
- Open the middle layer of the drawer and put the cream cheese inside
- Open the middle layer of the drawer and then put the cream cheese in front of the stove
- Open the middle layer of the drawer and then put the cream cheese on the top of the

drawer↪→
Training: similar single-step (2nd step match with wooden cabinet middle open): not present
Training: similar single-step (2nd step match with diff background object config): present

Unseen: [1st] Open the top layer of the drawer and then [2nd] put the wine bottle on the top
of the drawer↪→

Training: similar chain (same 1st, different 2nd) [5 tasks]:
- Open the top layer of the drawer and put the wine bottle inside
- Open the top layer of the drawer and then put the wine bottle in front of the stove
- Open the top layer of the drawer and then put the wine bottle on the bowl
- Open the top layer of the drawer and then put the wine bottle on the cream cheese
- Open the top layer of the drawer and then put the wine bottle on the stove
Training: similar single-step (2nd step match with wooden cabinet top open): present
Training: similar single-step (2nd step match with diff background object config): present

Unseen: [1st] Push the plate to the front of the stove and then [2nd] put the bowl on the
plate↪→

Training: similar chain (same 1st, different 2nd) [3 tasks]:
- Push the plate to the front of the stove and then put the bowl on the cream cheese
- Push the plate to the front of the stove and then put the bowl on the stove
- Push the plate to the front of the stove and then put the bowl on the top of the drawer
Training: similar single-step (2nd step match with plate on stove front): present
Training: similar single-step (2nd step match with diff background object config): present

Unseen: [1st] Put the bowl on the plate and then [2nd] put the cream cheese on the bowl
Training: similar chain (same 1st, different 2nd) [4 tasks]:
- Put the bowl on the plate and then put the cream cheese in front of the stove
- Put the bowl on the plate and then put the cream cheese on the bowl region
- Put the bowl on the plate and then put the cream cheese on the stove
- Put the bowl on the plate and then put the cream cheese on the top of the drawer
Training: similar single-step (2nd step match with bowl on plate): present
Training: similar single-step (2nd step match with diff background object config): present

Unseen: [1st] Put the bowl on the top of the drawer and then [2nd] put the cream cheese on the
plate↪→

Training: similar chain (same 1st, different 2nd) [4 tasks]:
- Put the bowl on the top of the drawer and then put the cream cheese in front of the stove
- Put the bowl on the top of the drawer and then put the cream cheese on the bowl
- Put the bowl on the top of the drawer and then put the cream cheese on the bowl region
- Put the bowl on the top of the drawer and then put the cream cheese on the stove
Training: similar single-step (2nd step match with bowl on wooden cabinet top side): present
Training: similar single-step (2nd step match with diff background object config): present

Unseen: [1st] Put the cream cheese on the plate and then [2nd] put the bowl on the cream
cheese↪→

Training: similar chain (same 1st, different 2nd) [4 tasks]:
- Put the cream cheese on the plate and then put the bowl in front of the stove
- Put the cream cheese on the plate and then put the bowl on the cream cheese region
- Put the cream cheese on the plate and then put the bowl on the stove
- Put the cream cheese on the plate and then put the bowl on the top of the drawer
Training: similar single-step (2nd step match with cream cheese on plate): present
Training: similar single-step (2nd step match with diff background object config): present

Unseen: [1st] Put the cream cheese on the top of the drawer and then [2nd] put the wine bottle
on the bowl↪→

Training: similar chain (same 1st, different 2nd) [5 tasks]:
- Put the cream cheese on the top of the drawer and then put the wine bottle in front of

the stove↪→
- Put the cream cheese on the top of the drawer and then put the wine bottle on the cream

cheese↪→
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- Put the cream cheese on the top of the drawer and then put the wine bottle on the cream
cheese region↪→

- Put the cream cheese on the top of the drawer and then put the wine bottle on the plate
- Put the cream cheese on the top of the drawer and then put the wine bottle on the stove
Training: similar single-step (2nd step match with cream cheese on wooden cabinet top side):

present↪→
Training: similar single-step (2nd step match with diff background object config): present

Unseen: [1st] Put the wine bottle in front of the stove and then [2nd] put the bowl on the
stove↪→

Training: similar chain (same 1st, different 2nd) [3 tasks]:
- Put the wine bottle in front of the stove and then put the bowl on the plate
- Put the wine bottle in front of the stove and then put the bowl on the wine bottle region
- Put the wine bottle in front of the stove and then put the bowl on the top of the drawer
Training: similar single-step (2nd step match with wine bottle on stove front): present
Training: similar single-step (2nd step match with diff background object config): present

Unseen: [1st] Put the wine bottle on the rack and then [2nd] put the bowl on the top of the
drawer↪→

Training: similar chain (same 1st, different 2nd) [5 tasks]:
- Put the wine bottle on the rack and then put the bowl in front of the stove
- Put the wine bottle on the rack and then put the bowl on the cream cheese
- Put the wine bottle on the rack and then put the bowl on the plate
- Put the wine bottle on the rack and then put the bowl on the stove
- Put the wine bottle on the rack and then put the bowl on the wine bottle region
Training: similar single-step (2nd step match with wine bottle on wine rack top): not

present↪→
Training: similar single-step (2nd step match with diff background object config): present

Unseen: [1st] Turn on the stove and then [2nd] put the bowl on the stove
Training: similar chain (same 1st, different 2nd) [4 tasks]:
- Turn on the stove and then put the bowl in front of the stove
- Turn on the stove and then put the bowl on the cream cheese
- Turn on the stove and then put the bowl on the plate
- Turn on the stove and then put the bowl on the top of the drawer
Training: similar single-step (2nd step match with flat stove turned on): present
Training: similar single-step (2nd step match with diff background object config): present
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E BASELINE DETAILS

Our Language and Goal-Image baseline models follow the same diffusion CNN U-Net archi-
tecture from Chi et al. (2023) which also matches the architecture of the BPP action decoder. In
other words, BPP is a standard diffusion policy with a prompt encoder attached, and the same ac-
tion decoder serves all three task descriptors, enabling controlled comparisons across them. The
difference between BPP and the baselines is the observation encoding; in place of a prompt encoder,
Language uses a finetuned CLIP (Radford et al., 2021) language encoder and Goal-Image
shares a finetuned CLIP vision encoder with the corresponding image input.

LIBERO:

• Language uses a fine-tuned CLIP encoding which we found performed substantially bet-
ter than frozen language embeddings. For specific LIBERO splits where it’s not possible to
use the initial environment state to infer the task (such as LIBERO Goal), we observed that
freezing the language encoding would often cause the policy to complete the wrong task.

• Goal-Image shares the same fine-tuned vision encoder used by the 3rd person camera.
The goal image is the final frame of a demonstration from the 3rd person camera. Using
goal images has ambiguity for some tasks within the original LIBERO dataset, so we only
provide results for this baseline for LIBERO-Gen Combination and LIBERO-Gen Chain
which do not contain tasks for which the goal image is ambiguous about the final state. For
LIBERO-Gen Chain, goal images have ambiguity as they do not indicate the ordering in
which the two chained operations should occur.

• π0.5 is finetuned using LoRA (Hu et al., 2022). For training π0.5 we follow the LIBERO
preprocessing steps from (Kim et al., 2024) to regenerate our LIBERO-Gen datasets at
a higher resolution, but do not filter out no-op operations. We finetune for 100K steps for
LIBERO-Gen experiments (Fig. 4) and finetune for 30K steps for the results on the original
LIBERO dataset (Tab. 1).

DrawAnything-Sim:

• Goal-Image shares the fine-tuned vision encoder with the main image encoder.
• ICRT extends the provided implementation by Fu et al. (2025) to support action chunking

at the token input level; this means that 1) each input action token contains N sequential
action steps rather than a single step and 2) we no longer encode observation tokens after
every step, only after every N action steps. Additionally, at test time we only provide a
single, full demonstration in the context at test-time. Both changes enable a more direct
comparison to BPP, which chunks actions together in the prompt and uses a single behavior
prompt during deployment.

DrawAnything-Real:

• Goal-Image shares the vision encoder with the iPhone main RGB camera in real. The
drawing is not fully visible in all frames of the demonstrations due to the moving, wrist-
mount camera and gripper occlusion. Thus, to ensure fair comparison, we select the goal
image as the first frame searching backwards from the end of demonstration that fully
shows the drawing region.

Laundry Folding:

• Language uses a finetuned CLIP language encoding.
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F PROMPT-QUALITY SENSITIVITY

We perturb the behavior prompt at test time on DrawAnything-Sim (50 unseen tasks, 3 seeds) and
report the drawing error of BPP (Tab. 2). Slowing the prompt, jittering its trajectory, and inserting
pauses each degrade performance only moderately relative to the clean prompt.

Prompt perturbation Error (↓, mean ± std over 3 seeds) ∆ vs. clean
Clean prompt 3.43± 0.10 –
1.25× slowdown 3.64± 0.12 +5.9%
Trajectory jitter (σ = 5 px) 3.69± 0.02 +7.4%
Three inserted pauses (10 steps each) 4.26± 0.12 +24.0%

Table 2: Prompt-quality sensitivity on DrawAnything-Sim. Drawing error on 50 unseen tasks (3
seeds) when the test-time prompt is perturbed.

G BPP ARCHITECTURAL COMPARISON TO ICRT

Model architecture. ICRT (Fu et al., 2025) is a prior behavior prompting architecture that we
baseline against. ICRT is a causal transformer decoder, while BPP has separate modules for prompt
understanding and action generation (detailed in §3.2). BPP leverages cross-attention to reason over
the prompt contents while ICRT leverages causal self-attention. Furthermore, BPP leverages action
diffusion (Chi et al., 2023), while ICRT uses L1 action loss.

Training. Each step of training, ICRT samples a sequence of prompts and entire rollouts concate-
nated along the time dimension into a single sequence to fill the transformer context length. The loss
is computed by predicting action loss for each step of the rollout sequence using teacher forcing. In
contrast, for each training step of BPP, we sample a single behavior prompt along with a batch of
observation-action pairs randomly sampled across many demonstrations. Action loss is computed
for each of these randomly sampled observation-action pairs. Both models use prompts and rollouts
from a single task per batch. In practice, due to DDP training across multiple GPUs or the use of
gradient accumulation, each gradient update will take into account losses across multiple tasks.

Inference. BPP has a fixed length history, common in other visuomotor policies (Chi et al., 2023),
whereas ICRT retains the full rollout history in the model context. As a result, ICRT’s maximum
execution duration is tied to its training-time context length, while BPP can be rolled out indefinitely.
§4.1 reports the behavior of both models under a mid-rollout disturbance; the protocol is given at
the end of this section.

BPP selects a single prompt per rollout, encodes it once, and caches the chunk embeddings; the
prompt encoder then extracts relevant prompt information once per inference call, after which action
denoising proceeds without referencing the prompt. Each forward pass of ICRT attends over the
prompt and the full rollout history, with KV caching. Per inference call, ICRT is faster (6.5 ms
with a single L1 regression pass versus 49 ms for BPP, which uses 16 denoising steps), and ICRT’s
per-call cost stays flat over a rollout thanks to KV caching at our scale. We therefore make no
efficiency claim for BPP; the practical difference is the unbounded rollout duration and the use of
action diffusion.

Full-history policies can also overfit to spurious correlations in training rollouts (Torne et al., 2025).
We find little evidence of this here: replacing BPP’s diffusion head with L1 regression accounts for
most of the gap to ICRT on unseen DrawAnything-Sim drawings (error of 4.84 for BPP with an L1
head vs. 5.07 for ICRT, compared to 3.43 for BPP), leaving little to attribute to history.

Disturbance protocol. On the 50 unseen DrawAnything-Sim tasks (3 seeds), we snapshot the can-
vas at environment step 30 and reset the environment to that snapshot at step 60, erasing 3 s of draw-
ing progress. Only the environment is reset; the prompt and each model’s context are untouched,
so ICRT’s retained history now contains states that no longer match the current canvas progress.
Both models execute actions with a horizon of 10 so that the disturbance lands at the same time step
(the default model horizon of 12 used for the main experiments does not divide 30, which is why
BPP’s undisturbed error differs slightly from Fig. 4a). Tab. 3 reports the results; the ∆ error bars are
standard deviations of the per-seed paired differences.
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Model Undisturbed Disturbed ∆ error
BPP 3.35± 0.09 8.83± 0.25 +5.48± 0.15
ICRT 5.07± 0.22 15.54± 0.90 +10.47± 0.98

Table 3: Mid-rollout disturbance on DrawAnything-Sim. Drawing error on 50 unseen tasks
(mean ± std over 3 seeds) without and with the canvas reverted mid-rollout, and the resulting in-
crease. For disturbed rollouts the error is the lowest reached after the revert.

H LAUNDRY FOLDING DETAILS

This section provides further details for the laundry folding experiment in §4.1.

Tasks. The three tasks are fold left arm (requires only the left robot arm), fold right arm (requires
only the right robot arm), and fold bottom up (requires both arms to individually grab the bottom of
the sweater and then jointly fold it to the top). All tasks start with the sweater fully unfolded.

Data. Using bimanual iPhUMI, we collect ∼150 full demonstrations per task and ∼1000 total error
correction demonstrations. We collect five new behavior prompts per task for evaluation, so the
evaluations in Fig. 6 use unseen prompts for seen tasks. The Language baseline is detailed in §E.

Failure modes. The fold bottom up task first grabs the bottom with the right arm and then with the
left arm; we often observe failures where BPP correctly grasps the bottom with the right arm, but
the left arm instead decides to fold the left sleeve instead of also grasping the bottom. Given the
low task diversity, the indirectness of the prompt as a task descriptor might make BPP sensitive to
overfitting to spurious task cues in the training data (e.g., background variations more often seen for
a particular task).

Outlook. As expected, behavior prompting performs poorly in this low task diversity regime. In a
high task diversity setting, however, we envision behavior prompting having substantial advantages
with training data spanning many folding styles across many garments. In particular, a behavior
prompt captures the temporal steps in the folding process as well as the spatial interaction points,
both of which clarify and inform the desired execution in a high task diversity setting. This infor-
mation could also help with visual adaptation to unseen garments and temporal adaptation to unseen
folding orders. Practically, a user might also find it more natural to describe their desired folding
preferences via a single demonstration, rather than through language.

I BPP TRAINING DETAILS

Task groupings. During training, the prompt and the target observation-action pairs are sampled
from the same task grouping. These groupings define the granularity at which behavior prompts can
influence robot execution: for example, a pick-place task with two distinct grasping strategies for
one object would require two separate task groupings for the robot to adhere to the grasping strategy
shown in the prompt.

Benchmark Duration (hrs) GPUs
LIBERO-Gen Combination 28 4× NVIDIA RTX A6000
LIBERO-Gen Chain 34 4× NVIDIA L40S
DrawAnything-Sim 27 4× NVIDIA L40S
DrawAnything-Real 42 4× NVIDIA L40S
Laundry Folding 24 4× NVIDIA L40S

Table 4: Compute requirements for training BPP for each training benchmark. Simulation
experiments include time for intermediary and final rollout evaluations. We train using DDP.

Layers Hidden size D MLP size Heads Params
6 768 3072 8 57M

Table 5: BPP prompt encoder architecture (transformer decoder).
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Structure Step emb dim Down dims Kernel Params
U-Net 128 [256, 512, 1024] 5 151M

Table 6: Action decoder model architecture details. We use the CNN U-Net action diffusion
architecture from Chi et al. (2023). BPP, Language, and Goal-Image models use this for action
diffusion.
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J IPHUMI

a) iPhUMI

Dry Erase 
Marker

Spring

b) iPhUMI for drawing

Figure 15: The iPhUMI handheld data collection gripper. iPhUMI enables real-time localization
in new environments, which dramatically reduces the setup time required for collecting demonstra-
tion data compared to the original UMI (Chi et al., 2024). It features a custom-built application that
facilitates data collection and policy deployment. With iPhUMI, a user can also specify behavior
prompts at test-time to immediately condition behavior prompting policies. We present two differ-
ent instantiations of iPhUMI: a) with fingers for standard manipulation tasks and b) with a marker
attachment and spring for compliant drawing.

Gripper Pose (shared frame)

Left iPhone RGB Right iPhone RGB Gripper Width
a) Bimanual iPhUMI used for laundry folding task

Main Camera Ultrawide Camera LiDAR Depth Gripper Pose
b) iPhUMI with drawing attachment for DrawAnything-Real

Figure 16: iPhUMI collected modalities. Data collected with bimanual iPhUMI for a) laundry
folding and b) drawing visualized part-way through a user drawing the letter A. For DrawAnything-
Real we do not use the ultrawide or depth camera as policy inputs, but include them for reference.
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iPhUMI is a handheld data collection interface designed to enable rapid data collection across new
tasks and environments. We modify the original UMI gripper design (Chi et al., 2024) by replacing
the GoPro with a custom 3D-printed mount to hold an iPhone (Fig. 15a). For drawing tasks, the
UMI gripper is further modified to attach a marker with a spring to allow compliance for drawing
without the need for a force-torque sensor (Fig. 15b). We open source a custom iOS application
for iPhUMI that provides an intuitive application interface for recording demonstration data and for
using the iPhone as a camera on the robot during policy deployment.

J.1 IPHUMI DATA COLLECTION

iPhone ARKit world frame Real-time gripper position Contact mic support Multi-gripper support

Gripper width calibration

Task narration mode

Predefined task list mode

Edit predefined task list

View/Modify collected data

Enable fail recovery mode

& enable voice commands

Figure 17: iPhUMI data collection interface. We provide an interface to perform gripper calibra-
tion, collect demonstrations, and set appropriate settings for data collection.

iPhUMI is capable of collecting five types of data from the iPhone simultaneously: main camera
(1920x1440 at 60Hz), ultrawide camera (640x480 at 10 Hz), LiDAR depth (256x192 at 60Hz),
gripper pose (60Hz), and gripper width (10Hz) (Fig. 16). Note that depth data is not used in any
models or experiments presented in this paper. Unlike previous iPhone-based grippers that either
rely on an external fisheye camera (Fang et al., 2026) or do not capture the ultrawide camera (Etukuru
et al., 2025), our iPhUMI application is capable of capturing the ultrawide camera input. This
provides increased visual context to the policy, which has been found to improve performance (Chi
et al., 2024).

The primary data collection interface is shown in Fig. 17. Upon launching the app, ARKit initializes
a world coordinate frame and then continually estimates the iPhone pose using SLAM. The resulting
6-DoF pose of the iPhone in this world frame is logged in real time throughout each demonstration.
The app also supports simultaneous recording from multiple grippers. Up to three devices (bimanual
iPhUMI and head-mounted iPhone) can be connected into a shared ARKit session to share a single
world coordinate frame among them. The triple iPhone setup was co-developed with Xu et al.
(2026b). The iPhones will connect into a shared session once common world features have been
detected between them.

Before collecting demonstrations, the user performs a one-time gripper width calibration by record-
ing a ∼10 s clip while opening and closing the gripper multiple times in calibration mode. The
iPhUMI uses the ultrawide camera to detect ArUco tags on the fingers to determine the minimum
and maximum gripper width for the specific hardware.

When collecting data, the user can specify the task name(s) associated with the demonstration and
switch labels online as the task changes. Alternatively, the user may narrate the task while demon-
strating the task, and iPhUMI uses speech-to-text to label segments with the active task. We also
have support for connecting the contact microphone used by (Liu et al., 2025) through the USB-C
connector on the iPhone to capture synchronized audio data.

Recorded demonstrations can be reviewed using the interface shown in Fig 18. Selecting a demon-
stration displays the main, ultrawide, and depth videos, while a left swipe allows the user to delete
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a demonstration. Tapping the Export button saves the demonstration data to an external location
such as an SD card connected via a USB C adapter.

Figure 18: iPhUMI Demonstration management interface. This interface lets the user view and
manage collected demonstration data. The data can also be exported to an external SD card con-
nected with a USB C adapter.

J.2 IPHUMI POLICY DEPLOYMENT

Figure 19: iPhUMI deployment interface. Both USB and Ethernet streaming are supported to
stream main camera, ultrawide camera, and LiDAR depth for use during robot deployment.

The deployment interface (Fig. 19) can be used to deploy a policy on the robot using an iPhone as the
camera. The iPhone streams its camera feeds and depth through a USB or Ethernet connection. The
main camera and ultrawide camera feeds are each streamed 960x720 at 60Hz. Depth is streamed at
320x240 at 30Hz. Our robot deployment infrastructure is built off the code from (Gao et al., 2026).

J.3 IPHUMI FOR TEST-TIME BEHAVIOR PROMPTING

The iPhUMI app supports wireless transfer of behavior prompts from the iPhone to a deployment
desktop connected to a robot. This enables rapid behavior prompt collection and conditioning of
robot execution with BPP. When in behavior prompting mode, a user collects a single demonstration
using iPhUMI that is then wirelessly transmitted to a desktop connected to a robot. The desktop
processes the raw iPhone data into a behavior prompt that is used to condition BPP. This enables a
rapid process for practically leveraging behavior prompting at test-time to specify new tasks.
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