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MANIPULATION

Learning a thousand tasks in a day
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Humans are remarkably efficient at learning tasks from demonstrations, but today’s imitation learning methods

for robot manipulation often require hundreds or thousands of demonstrations per task. We investigated two
fundamental priors for improving learning efficiency: decomposing manipulation trajectories into sequential
alignment and interaction phases and retrieval-based generalization. Through 3450 real-world rollouts, we sys-
tematically studied this decomposition. We compared different design choices for the alignment and interaction
phases and examined generalization and scaling trends relative to today’s dominant paradigm of behavioral clon-
ing with a single-phase monolithic policy. In the few-demonstrations-per-task regime (<10 demonstrations), de-
composition achieved an order of magnitude of improvement in data efficiency over single-phase learning, with
retrieval consistently outperforming behavioral cloning for both alignment and interaction. Building on these
insights, we developed Multi-Task Trajectory Transfer (MT3), an imitation learning method based on decomposi-
tion and retrieval. MT3 learns everyday manipulation tasks from as little as a single demonstration each while also
generalizing to previously unseen object instances. This efficiency enabled us to teach a robot 1000 distinct every-
day tasks in under 24 hours of human demonstrator time. Through 2200 additional real-world rollouts, we reveal
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MT3's capabilities and limitations across different task families.

INTRODUCTION

Humans and animals demonstrate remarkable learning efficiency
through imitation. Infants learn manipulation skills substantially
faster when guided by expert demonstrations (1, 2), primates learn
manipulation tasks from fewer than five demonstrations (3-7), and
rodents acquire both behavior and navigation skills from fewer than
10 demonstrations (8). In stark contrast, robots lag far behind their
biological counterparts, often requiring hundreds or thousands of
demonstrations per task (9-18).

State-of-the-art imitation learning systems using behavioral clon-
ing (BC) exemplify this inefficiency. Behavior cloning with zero-
shot task generalization (BC-Z) required ~26,000 demonstrations
for 100 tasks (9), Robotics Transformer 1 (RT-1) needed ~130,000
demonstrations across 744 tasks (12), and multitask action-chunking
transformer (MT-ACT) collected 7500 demonstrations for 38 tasks
(15)—all averaging 175 to 250 demonstrations per task. For com-
plex bimanual manipulation, ALOHA (A Low-Cost Open-Source
Hardware System for Bimanual Teleoperation) Unleashed (19) sug-
gests the need for ~8000 demonstrations per task.

Although these methods can be effective at scale, scaling to thou-
sands of tasks would require massive real-world datasets demanding
enormous financial and human resources. Improving learning effi-
ciency is thus crucial for reducing the data requirements for highly
capable and general robotic systems. To this end, we studied two
priors for more data-efficient imitation learning: trajectory decom-
position and retrieval-based generalization.

The first prior decomposes manipulation trajectories into align-
ment and interaction phases. In contrast with standard BC ap-
proaches that learn manipulation with a single monolithic policy,
decomposition-based methods deploy two independent policies
sequentially. First, an alignment policy positions the robot’s end ef-
fector, or a grasped object, relative to the target object. Second, an
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interaction policy performs the object manipulation. For alignment,
past research explored using pose estimation (20, 21) and visual ser-
voing (22-28). For interaction, prior work primarily focused on re-
inforcement learning (20, 26) and open-loop replay (21-25, 27, 28).
Unlike past work that typically focused on single-task learning with
one specific alignment and interaction policy combination, we sys-
tematically compared four different combinations (pose estimation
versus BC for alignment; open-loop replay versus BC for interac-
tion) when learning multiple tasks. The second prior uses retrieval-
based generalization as an alternative to BC. Recent retrieval methods
for manipulation include flow-guided data retrieval for few-shot
imitation learning (FlowRetrieval) (29), SAILOR (skill-augmented
imitation learning with prior retrieval) (30), and behavior retrieval
(31), which leverage optical flow matching, latent skill spaces, and
task-specific querying, respectively. Whereas these approaches pri-
marily retrieved data before policy training, our methods retrieved
demonstrations at test time.

After retrieving the most appropriate demonstration using lan-
guage- and geometry-based matching, we performed alignment
through pose estimation (20, 21) and executed interaction via open-
loop replay (21-25, 27, 28). Unlike VINN (visual imitation through
nearest neighbors) (32), which used red, green, blue (RGB)-based
retrieval to identify and obtain actions from image-action pairs
throughout task execution, we used language and geometry to re-
trieve a complete trajectory before task execution. Through 3450 real-
world rollouts across 70 objects, we systematically analyzed the effects
of trajectory decomposition and retrieval-based generalization on
learning efficiency. Although existing research typically focuses on
learning with abundant per-task demonstrations, we focused on the
more practical scenario where demonstrations were limited—a criti-
cal gap in the current literature. We studied all four combinations of
BC and retrieval-based policies when used for alignment and interac-
tion and compared them against a standard monolithic BC method
that learned entire manipulation trajectories without decomposition.

Our results reveal key insights into the relationship between the
number of demonstrations per task, the number of tasks and
object instances being learned, and the task performance. In the
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very-low-data-per-task regime (<10 demonstrations per task), de-
composition yielded an order of magnitude of improvement in data
efficiency compared with learning trajectories with a single mono-
lithic policy. Furthermore, retrieval-based methods proved more
effective for generalization, consistently outperforming BC alterna-
tives across both alignment and interaction phases. However, as
demonstrations became more abundant or task diversity increased
(distributing a fixed demonstration budget across more tasks),
monolithic BC exhibited better scaling trends.

Building on these insights, we developed Multi-Task Trajectory
Transfer (MT3), a fully retrieval-based decomposition method that
leverages retrieval for both alignment and interaction. Although MT3
demonstrated particularly strong performances in our controlled ex-
periments, a key question remains: Is MT3 a viable approach for
learning a very large number of tasks from minimal per-task data? To
answer this question, we conducted a large-scale evaluation in terms
of task and object diversity: teaching a robot 1000 distinct everyday
tasks—involving interactions with more than 400 objects—from single
demonstrations in less than 24 hours (Fig. 1 and movie S1). Through
2200 experimental rollouts, we found that MT3 is capable of scaling
to very large numbers of tasks and gained insights into its limitations
and failure modes.

In summary, our work makes three key contributions. First, we
provide a systematic evaluation of multitask imitation learning in the
few-demonstration-per-task regime, addressing a critical gap in the
current literature. Second, we introduce MT3 and demonstrate that
retrieval-based decomposition methods offer an attractive alterna-
tive to monolithic BC when demonstration data are limited. Third,
we validate these findings at scale by learning 1000 distinct manipu-
lation tasks from a single demonstration each, challenging the as-
sumption that complex neural policies are necessary for large-scale
robot learning while gaining insights into MT3’s limitations and
failure modes.

RESULTS

Experimental setup

We focused on teaching a robot multiple tasks, where each task in-
volved a single interaction between the robots end effector or a
grasped object and a target object. For tasks involving grasped ob-
jects, we assumed that their pose in the gripper was the same during
demonstrations and testing. This formulation covered most com-
mon manipulation tasks—from grasping to insertion to tool usage.
Although we focused on single-interaction tasks, multistep behav-
iors such as pick-and-place operations could be achieved by chain-
ing such tasks together using existing high-level planners (movies
S2 to S7).

Our evaluation considered both seen tasks and unseen tasks
where methods had to generalize to previously unseen object in-
stances. For clarity, we defined three terms. A macro skill is a broad
manipulation primitive defined by its core interaction type, for ex-
ample, “open,” “insert,” or “fold.” A micro skill is a macro skill spe-
cialized for a specific object category that required a distinct motion
profile. Different motion profiles for the same object category con-
stituted different micro skills, including “open oven door sideways”
versus “open oven door downward.” A task is a micro skill executed
on a specific object instance, such as “unzip the round pink handbag”
Our experimental hardware consisted of a Sawyer robot equipped
with a 2F-85 Robotiq gripper (Fig. 2). For perception, we used a
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single RealSense D415 RGB-D (where D is depth) camera mounted
on the robot’s head. To ensure a fair comparison, we established a
consistent system architecture across all methods. The robot re-
ceived two inputs: a segmented point cloud of the target object and
a language description of the task. A multitask policy processed these
inputs to generate robot actions. In terms of policy design, we com-
pared four decomposition-based methods against a monolithic BC
baseline that learned entire trajectories.

Policy designs

Decomposition-based methods

Decomposition-based methods divide manipulation trajectories into
two phases (Fig. 2A). The alignment phase involved moving the ro-
bot’s end effector to a pose suitable for the subsequent manipulation,
where only the final positioning matters, not the specific path taken.
For example, positioning a plug in front of a socket can be achieved
through many different trajectories. The interaction phase involved
the actual manipulation, requiring precise trajectory execution. For
example, the plug insertion motion must be carefully controlled to
ensure proper connection.

All four decomposition-based methods used two specialized poli-
cies: one for alignment and one for interaction. We showed that this
specialization led to efficiency gains compared with using a single
policy when learning from limited per-task demonstrations. For each
phase, we investigated two alternative approaches: BC and retrieval-
based methods. BC is a prominent robot manipulation approach that
trains neural networks to encode demonstrated behaviors into their
weights. We therefore explored applying this technique within the
decomposition framework. During training, BC used all demon-
strations to learn a representation that enabled generalization across
spatial configurations and object instances based on pose and geo-
metric similarity.

For our BC implementation, we used a transformer-based back-
bone that used variational inference (33, 34), because this architec-
ture has demonstrated efficient learning of various manipulation
tasks (15). Specifically, we adapted the MT-ACT architecture (15) to
handle point cloud inputs and language descriptions. By training
this architecture separately on alignment and interaction demon-
strations, we obtained specialized BC policies for each phase (“BC
implementation” section in Materials and Methods).

An alternative to BC is retrieval-based methods, which funda-
mentally differ from the former by using demonstrations at test time
rather than during training. These policies were designed to repli-
cate the behavior provided to them as context. Therefore, they stored
all demonstrations in memory and, at inference, retrieved the most
relevant one to use as guidance.

Both alignment and interaction retrieval-based policies share a
common retrieval step that occurs before task execution. This iden-
tifies a demonstration of the same manipulation on an object with
an appearance and pose similar to those of the test object (Fig. 2B).
In our implementation, retrieval leveraged language processing of
task descriptions combined with geometry similarity in a learned
latent space. The geometry was extracted from an RGB-D image of
the scene before execution. Therefore, when retrieval was used for
both alignment and interaction, retrieval was performed once.

After retrieval, the alignment retrieval-based policy used pose
estimation to map the demonstrated alignment pose to the test
scene and reached this pose using motion planning (21). The inter-
action retrieval-based policy executed the retrieved trajectory by
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A

Learning 1000 tasks in a day

‘ Deformables

Fig. 1. Learning a thousand tasks in a day. (A) lllustration of 1000 tasks taught in less than a day. The arrow represents the passing of time, whereas each image is a frame
from a real-world rollout of one of the tasks. (B) Illustration of some information regarding the 1000-task dataset. We provide examples of some objects used and some of
the skills evaluated.

replaying demonstrated end-effector velocities in the end-effector
frame (21-25, 27, 28). See the “Retrieval-based alignment and inter-
action” section in Materials and Methods for more details.

For generalization, retrieval-based policies identified the closest
demonstration object and proceeded as though the previously un-
seen object was identical to the training instance. For alignment,
they positioned the robot relative to the previously unseen object as
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1000 dfferent tasks

1 demo per task

™\ 17 hours of data
" collection

Twist and many more ...

they would for the training one, whereas for interaction, they exe-
cuted the precise demonstrated trajectory. This approach was effec-
tive because optimal trajectories often maintain similar structures
across object instances within a category, with task tolerance accom-
modating geometric variations. For example, when grasping differ-
ent mugs, although sizes and handle shapes vary, the core grasp
motion remains consistent.
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BC interaction

BC method trained on the
nteraction phase

Fig. 2. Trajectory decomposition and overview of policy designs. (A) Trajectories are decomposed into alignment and interaction phases. Monolithic approaches use
a single policy for entire trajectories. Decomposition-based approaches use two specialized policies: one for end-effector alignment with target objects and another for
precise manipulations. We explored both BC and retrieval-based methods for each phase of this decomposition. (B) A multitask policy (purple) processes a segmented
point cloud and task description as input and outputs robot actions. This can either be a monolithic policy or the combination of alignment and interaction policies.
Retrieval-based policies (blue) use a retrieved demonstration as context to guide execution. BC policies (pink) directly predict actions through a neural network.
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Combining BC and retrieval-based policies across both phases
(alignment and interaction) created four distinct methods (Fig. 2B).
BC-BC used BC for both alignment and interaction. BC-Ret com-
bined BC alignment with retrieval-based interaction. Ret-BC used
retrieval-based alignment followed by BC interaction. Last, Ret-Ret
used retrieval-based policies for both alignment and interaction.
Throughout this paper, we refer to Ret-Ret as MT3, because it can be
seen as an extension of trajectory transfer (21, 35) to the multitask
learning setting.

Monolithic BC

To evaluate the benefits of decomposition, we compared all four
methods against a monolithic BC baseline (MT-ACT+) that uses
the same BC implementation as the alignment and interaction BC
policies in BC-BC, BC-Ret, and Ret-BC. Instead of training separate
policies for alignment and interaction, MT-ACT+ consists of a sin-
gle policy trained to handle entire manipulation trajectories (“BC
implementation” section in Materials and Methods).

A Experiment on scaling the number of demos per task: Micro skills and objects

Scoop a pancake

from a pan Open box

B Experiment on scaling the number of tasks: Additional micro skills

K 1

Place paper in trash
bin

C Experiment on scaling the number of tasks: Objects

;!g@é

Grasp kettle

Close envelope

S

10 tasks 15 demos each

. S

30 tasks 5 demos each

> @

I8 <5
»— \ .

@60

Controlled experiments

To evaluate how performance scales with different data regimes, we
designed two complementary experiments that independently var-
ied dataset size (number of demonstrations per task) and diversity
(number of tasks). In the first experiment, we studied how methods
scale with more demonstrations on a fixed task set. We selected four
diverse micro skills spanning articulated object manipulation, de-
formable object interaction, scooping, and insertion. For each micro
skill, we included three seen and two unseen tasks, totaling 12 seen
and 8 unseen tasks (Fig. 3A). We evaluated all methods by scaling
from 1 to 50 demonstrations per task, where 50 demonstrations
were shown to be sufficient for learning complex manipulation tra-
jectories (14).

In the second experiment, we fixed the total demonstrations at
150 and studied performance as they were distributed across more
tasks. This experiment assessed whether performance degrades with
fewer demonstrations per task or whether methods could benefit

Insert a book in
the backpack

Insert bread in
toaster

(" i
|

Pour marbles in mug

Fold shorts Place spoon on holder

Fig. 3. Micro skills and objects considered in the scaling experiments. (A) Micro skills used to evaluate the methods’ response to scaling the demonstrations per task.
We also show the various seen and unseen objects used. (B) Micro skills used to evaluate the methods’ response to scaling the number of tasks. These are in addition to

those found in (A). (C) Objects used in the latter experiment.
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from more object instances despite fewer demonstrations per task.
We selected 10 micro skills (Fig. 3, A and B) and scaled from 10
tasks (15 demonstrations each) to 30 tasks (5 demonstrations each)
and, lastly, 50 tasks (3 demonstrations each). For consistency, each
diversity regime included two unseen tasks per micro skill (20 to-
tal). All objects are shown in Fig. 3C.

During both experiments, we conducted three evaluations per
task and averaged the results across all micro skills. For each evaluation,
we randomized the object’s position within the 80 cm-by-45 cm
task space and orientation within +180° of the demonstration pose
around the vertical axis.

Performance overview

Figure 4A shows the results from our dataset size and diversity
experiments, revealing a performance hierarchy. MT3, the fully
retrieval-based method, consistently demonstrated superior perfor-
mance across all considered data regimes. This is particularly evi-
dent in the finding that for both seen and unseen tasks, MT3 with
just three demonstrations per task outperformed all other methods,
even when they were provided with 50 demonstrations per task.

Moreover, the strong performance of MT3 on unseen tasks demon-
strated that despite its simplicity, retrieval is a viable approach for
tackling generalization to unseen object instances.

Decomposition also showed benefits, given that decomposition-
based methods (Ret-BC, BC-Ret, and BC-BC) generally outper-
formed the monolithic baseline MT-ACT+. Notably, this benefit held
even when the underlying method remained unchanged, given that
BC-BC outperformed MT-ACT+ despite both using identical BC
implementations. Figure 4B demonstrates the advantage of the de-
composition prior over a single policy by comparing the average per-
formance of all four decomposition-based methods [Ret-Ret (MT3),
Ret-BC, BC-Ret, and BC-BC] against MT-ACT+. Decomposition-
based methods consistently outperformed the monolithic baseline
across all data regimes tested, with the largest performance gap ob-
served when demonstrations per task were most limited.

Last, within the decomposition framework, Fig. 4C demonstrates
that methods that used retrieval for alignment achieved higher aver-
age success rates than those that used BC (when averaged across inter-
action methods). Similarly, methods that used retrieval for interaction

A i. Dataset size ii. Dataset diversity B Dataset size
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== Behavioral cloning (unseen)

Fig. 4. Analysis of dataset size and diversity effects on task performance. (A) Performance comparison across all considered methods, with error bars showing 95%
Wilson confidence intervals. For seen and unseen task sets, sample sizes were n = 36 and n = 24, respectively. (B) Comparison between decomposition-based approaches
[aggregated results from Ret-Ret (MT3), Ret-BC, BC-Ret, and BC-BC] and monolithic learning (MT-ACT+), averaged across seen and unseen tasks, with error bars showing
95% Wilson confidence intervals. Sample sizes for each comparison are detailed in the “Statistical analysis” section in Materials and Methods. Statistical significance was
assessed using the two-proportion Z test. (C) Analysis of alignment and interaction strategies: Alignment plots compare BC (BC-BC and BC-Ret) versus retrieval [Ret-BC
and Ret-Ret (MT3)] for alignment, whereas interaction plots compare BC (BC-BC and Ret-BC) versus retrieval [BC-Ret and Ret-Ret (MT3)] for interaction. Success rates are
shown as a function of dataset size (number of demonstrations per task) and diversity (number of tasks).
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outperformed those that used BC for interaction (when averaged
across alignment approaches).

Scaling dataset size

When increasing demonstrations per task (Fig. 4A.i), all methods
showed improved performance on seen and unseen tasks. This im-
provement stemmed from different mechanisms for each approach:
Retrieval-based methods benefited from more demonstrations to
select from, increasing the likelihood of finding one well suited to
the test instance and configuration. Conversely, BC methods could
learn better representations and improve spatial generalization be-
cause of greater coverage of manipulation scenarios across dem-
onstrations.

On the basis of the observed trends, we would expect MT-ACT+
to eventually outperform decomposition-based methods given suf-
ficient data, although the exact crossover point would depend on the
number of tasks and their similarity. Figure 4B reveals why this
overtake is likely: Decomposition-based methods achieved rapid
early gains with 1 to 10 demonstrations per task but plateaued near
50, whereas the monolithic baseline accelerated in the 10-to-50
range, narrowing the performance gap. We hypothesized that this
occurred because decomposition-based methods leverage the built-
in task structure, enabling strong performance with limited data but
constraining their learning capacity. In contrast, the monolithic ap-
proach must learn the task structure from scratch—requiring more
data initially—but lacks structural constraints, allowing it to con-
tinue improving and potentially surpass decomposition-based meth-
ods with abundant data.

Scaling dataset diversity

When we distributed a fixed demonstration budget across an in-
creasing number of tasks (Fig. 4A.ii), we effectively added more object
instances per micro skill. This diversity scaling revealed contrasting
effects on retrieval-based methods: Unseen task performance im-
proved as retrieval accessed more object instances, yielding closer
matches to test objects, whereas seen task performance paradoxically
degraded because of an inherent trade-off in the retrieval process.

This trade-off emerged because geometry-based retrieval had to
balance two competing objectives when multiple object instances
exist per micro skill: selecting demonstrations with a similar object
pose [for successful trajectory transfer (21)] versus similar object
geometry (for trajectory suitability for interacting with the test ob-
ject). Our retrieval system considered both factors simultaneously
but must make trade-offs. It may select a demonstration with better
pose similarity on a different object instance, producing a trajectory
less suited for the test instance. Alternatively, it may select a demon-
stration on the same object instance with a very different pose, making
transfer harder because of large pose differences. This fundamental
tension between trajectory transferability and suitability became
more pronounced as object instances per micro skill increased.

The geometry-pose trade-off described above specifically affect-
ed scaling within micro skills (adding more object instances). How-
ever, retrieval-based approaches handled a different type of scaling
effectively. When comparing across the two experimental paradigms
while fixing demonstrations per task (light green lines in Fig. 4A.i
versus orange lines in Fig. 4A.ii), retrieval-based methods showed
either increased or stable performance despite increasing tasks from
12 to 50. This occurred because the first experiment considered four
micro skills, whereas the second considered 10. The hierarchical
retrieval design could explain this resilience: Initial language-
based filtering isolates demonstrations for the target micro skill,
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preventing interference when adding previously unknown macro
and micro skills.

In contrast, MT-ACT+ benefited from task diversity for both seen
and unseen performances, learning more general latent representa-
tions by identifying patterns across different object instances. This
benefit was substantial: Learning 50 tasks across 10 micro skills with
150 demonstrations (Fig. 4A.ii) achieved a performance comparable
to learning 12 tasks across four micro skills with 600 demonstrations
(Fig. 4A.1), effectively trading diversity for data efficiency.

However, decomposition prevented this beneficial representa-
tion sharing—BC-BC did not show the same diversity benefits as
MT-ACT+ despite using identical BC implementations. We hy-
pothesized that this occurred because effective BC learning requires
diverse data with shared structural patterns. Monolithic BC learned
from complete trajectories that naturally combined consistent align-
ment patterns with diverse interaction patterns, providing the opti-
mal balance for representation learning. Decomposition disrupted
this by isolating alignment learning on synthetic linear trajectories
and interaction learning on sparse but diverse real demonstrations
(“BC implementation” section in Materials and Methods), prevent-
ing the synergistic learning that monolithic approaches achieved. A
further discussion of the effect of decomposition on the Pareto front
of performance relative to dataset diversity and learning efficiency
can be found in the Supplementary Materials.

Evaluating MT3 capabilities and failure modes across

1000 tasks

Although numerous studies have explored scaling monolithic BC
across both tasks and demonstrations using large numbers of dem-
onstrations per task (12, 13, 15, 19), far less attention has been paid
to scaling BC alternatives, especially in the minimal-demonstration-
per-task regime. Our controlled experiments demonstrated that MT3
was highly effective when per-task demonstrations were limited, but
a crucial question remained: What are the practical boundaries of
retrieval-based decomposition methods when applied to diverse
real-world manipulation tasks at scale?

To investigate this, we conducted a large-scale evaluation in
which we taught a robot 1000 distinct manipulation tasks from a
single demonstration each. This experiment served three analytical
purposes. First, we identified the specific task characteristics where
MTS3 excels versus where it struggles. Second, we sought to under-
stand the fundamental limitations of open-loop replay for interac-
tion. Third, we aimed to characterize when global geometry-based
retrieval and cross-instance pose estimation succeed versus fail for
category-level generalization.

Performance overview

Our evaluation spanned 31 macro skills and 534 micro skills (de-
tailed in table S1), involving 402 different objects. We deliberately
included tasks spanning a spectrum of complexity: from tasks well
suited to open-loop execution, including stacking, to those poten-
tially requiring closed-loop control, such as manipulating deform-
able objects, and from tasks where success depends on global
geometry alignment, for example, placing mugs on plates, to those
requiring precise alignment of small geometric features, including
inserting a coin into a slot of a piggy bank. To evaluate generaliza-
tion, we tested an additional 100 unseen tasks spanning the same
macro skills (detailed in table S2). All demonstrations were collected
on a single robot over 17 hours.
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Our evaluation consisted of 2200 total rollouts (two trials per
task for both seen and unseen categories—see Fig. 5 for example
rollouts) across challenging real-world conditions. These conditions
included 5 to 20 distractor objects, varied lighting, and randomized
placement with up to +45° rotation—all designed to stress test the
effectiveness of MT3. We compiled these real-world rollouts into a
dataset and made them open source for the community.

A Example rollouts
i. Scoop egg from black pan

Fig. 5. Example rollouts and scene diversity from the 1000-task evaluation. (A) Examples of recorded rollouts
from the 1000-task experiment. (B) Examples of the scene diversity to which MT3 was subject to during evaluation.
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Figure 6A shows MT3’s performance across different macro
skills, with the numbers below each macro skill name indicating the
count of seen and unseen tasks evaluated. Because of practical con-
straints, the distribution of tasks across macro skills is not uniform,
with some macro skills having smaller task counts, leading to more
variability between seen and unseen task performance. MT3 achieved
a78.25% average success rate on seen tasks and 68% on unseen tasks.
Beyond examining the aggregate aver-
ages, we analyzed the more meaningful
patterns that emerged when comparing
success rates in relation to task charac-
teristics.

Spatial generalization

For tasks that permitted small deviations
in approach angles and contact positions,
such as wiping, stirring, placing, and
grasping, the policy consistently achieved
success rates exceeding 80%. Open-loop
replay worked effectively for such tasks
because the interaction phase can accom-
modate minor positioning inaccuracies
while rarely affecting task outcomes.

However, even for some high-tolerance
tasks, MT3 encountered difficulties when
small geometric features broke object
symmetry and were critical for task suc-
cess. This limitation stemmed from our
pose estimator, which predominantly fo-
cused on global geometry, occasionally
misregistering these small yet task-critical
features. For instance, when grasping a
kettle, its spout, being small relative to
the main body, can be overlooked, lead-
ing to a 180° orientation error and subse-
quent task failure.

Beyond tasks where small features
broke symmetry, insertion and opera-
tions requiring high-precision alignment
also proved challenging. For example,
inserting a plug into a socket or hanging
small keys requires millimeter-level pre-
cision alignment. Because the interac-
tion is open loop, the interaction policy
could not compensate for small align-
ment errors, making the system particu-
larly vulnerable to pose estimation errors
for high-precision tasks.

Category-level generalization

Tasks with interaction trajectories that
remained consistent across object instanc-
es succeeded in generalization. Wiping
motions transferred reliably between dif-
ferent surfaces, and object placement
followed similar patterns regardless of
minor geometric variations. For exam-
ple, “grasp mug” succeeded because the
handle location relative to the body was
approximately consistent across different
mug designs.
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A

Seen tasks Unseen tasks

Grasp  pyll
Pour
90/9)
pust (89/14) | (R acon
(19/2) Iron
Reorient (16/2)
(11/1)

Wash with water
(24/3)

Close
(31/4)

Turn off
(3/1)

Ignite
(2/1)

Unfold
(12/1)

Swipe
(1/1)

Fill with water
(20/2)

Twist
(11/1)

Sharpen
(2/1)
Turn on
(7/1)

Place
95187/15)

Remov

Hang (79/8)

(23/1)

Total failures
(+)
100:0%0 Successful
segmentation
80.5%

Insert
(112/7)

Unzi
(3/1)

Successful
retrieval
58.2%

Segmentation failure

Successful
pose estimation
34.3%

Fig. 6. Results on 1000 tasks. (A) Performance of MT3 on 1000 different seen tasks and 100 unseen ones.
The results are aggregated by the macro skill. (B) Analysis of the different failure causes experienced

throughout the 1000-task experiment.

However, failures occurred when changes in object instance
geometry caused large variations in the required interaction tra-
jectories. For example, pouring from a kettle required aligning the
spout with the edge of a receptacle, and changing the receptacle’s
geometry might have required the robot to slightly adapt the pouring
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Open
(42/2)

 25% 50% 75% 100%

Fold
(16/1)

Retrieval failure

Kinematics failure

Pose estimation failure

motion. Similarly, the swiping task failed because
although MT3 could match the overall geome-
try of the cash register, it could not specifically
align to the instance-variant card slot that was
central to task success.

Another limiting factor arose from our re-
trieval approach, which fundamentally could
not interpolate between demonstrated behav-
iors. In general, when the required trajectory lies
between two demonstrated trajectories, retrieval
will select one of the demonstrated ones rather
than generating an appropriate intermediate so-
lution. This binary selection process prevented
adaptation to object instances that required tra-
jectories not explicitly demonstrated.

Last, tasks involving deformable objects proved
particularly challenging because visual similarity
alone was insufficient to infer the required trajec-
tory. Different instances of deformable objects
have distinct dynamic properties—such as stiff-
ness and elasticity—that are not apparent from
visual observation but critically affect manipula-
tion success. For example, inserting a book into a
backpack often failed because it required lifting
the backpack flap with the book, and this dynam-
ic interaction varied substantially across different
backpacks despite visual similarity.

Limitations of open-loop interaction

As demonstrated by our results, MT3 could pro-
ficiently tackle a huge variety of tasks. Nonetheless,
our large-scale evaluation exposed fundamental
limitations of open-loop trajectory replay. This ap-
proach often failed for tasks requiring online
adaptation during execution. Once a trajectory
begins, there is no mechanism for the policy to
detect errors or adjust a course midexecution. Al-
though it might be possible to detect task failure
and retry, this approach is often suboptimal. For
instance, tasks involving deformable objects, such
as folding fabric, demanded continuous adjust-
ments based on how the material responded to
manipulation. More fundamentally, this open-
loop approach cannot satisfy the requirement for
reactive control. Operations like reorienting ob-
jects through contact or multistep pushing would
require continuous feedback and adaptation—
capabilities that open-loop replay inherently can-
not provide.

Systematic failure analysis

To provide insight into the most common failure
modes, we analyzed failure cases on seen tasks,
with an expert evaluator assessing each rollout
for correct segmentation, exact retrieval, pose es-
timation success, and motion execution (Fig. 6B).
Retrieval emerged as the primary challenge (22.3%
of failures), with failures occurring most frequently with partially
occluded objects or when relevant geometric variations involved
small object parts that our global matching approach could not reli-
ably identify. Segmentation and pose estimation contributed 19.5

Push
(5/2)

Shake
(6/3)

Zip
(3/1)

Stack
(24/3)

Wipe
(62/3)

Stir
(37/4)

Press
(16/1)

19.5%

22.3%

Other
failures
29.0%

=

5.3%

23.9%
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and 23.9% of failures, respectively. Although segmentation issues
with transparent objects and cluttered scenes should diminish with
advancing models, pose estimation challenges with marked pose
changes revealed fundamental limitations when object asymmetries
create substantially different partial point clouds. The remaining
29% of failures were predominantly from tasks with grasped objects
(20.2%), where inconsistent grasp poses between demonstration and
deployment highlighted another systematic limitation of the open-
loop approach: Any deviation in initial conditions can propagate
throughout trajectory execution without the possibility for correc-
tion. Despite its limitations, MT3 demonstrated effectiveness across
many practical manipulation tasks. Our evaluation of 1000 diverse
tasks showed that many everyday tasks—from grasping and place-
ment to insertion and washing—can be learned efficiently from
single demonstrations.

DISCUSSION
Learning from limited per-task demonstrations
Our controlled experiments demonstrated that decomposition and
retrieval-based policies excelled in the low-demonstration-per-task
regime, with MT3 consistently outperforming all alternatives. This
effectiveness stemmed from specialized policies that exploited dis-
tinct inductive biases rather than learning complex mappings from
limited data. For alignment, explicit pose estimation and motion
planning addressed spatial generalization through analytical geo-
metric reasoning. This bypassed the need to learn spatial relation-
ships from limited data—a requirement that BC methods had.
Similarly, for interaction, trajectory replay ensured sensible interac-
tion execution by directly preserving demonstrated motion pat-
terns, bypassing the challenging problem of learning complex and
precise manipulation dynamics from sparse examples. These ana-
lytical biases enabled retrieval-based methods to achieve strong per-
formance with minimal data while maintaining predictable behavior.
Beyond performance advantages in low-demonstration-per-task
regimes, MT3 offered practical benefits through its inherent inter-
pretability and streamlined task acquisition. For alignment, users
could visualize pose estimation results by overlapping registered
point clouds (Fig. 7A), enabling preemptive execution halting when
misregistration was detected. For interaction, the system directly
tracked demonstrated trajectories retrieved from the data buffer, en-
suring that the behavior never deviated from what was shown dur-
ing demonstrations (Fig. 7B). This interpretability provides distinct
advantages over BC methods, where policy decisions remain opaque,
abstracted away within neural network weights. Furthermore, in-
corporating previously unknown tasks required only appending
demonstrations to the existing dataset, avoiding fine-tuning and re-
training procedures that BC methods typically require. This difference
makes retrieval-based approaches particularly suitable for applications
demanding frequent acquisition of previously unknown tasks.

Data requirements and scaling properties of BC

BC’s poor performance in low-demonstration-per-task regimes
stemmed from the simultaneous learning challenges it faced when
data were scarce. BC had to concurrently learn object geometry un-
derstanding, spatial reasoning, and control from limited data while
conditioning on language descriptions to distinguish between tasks.
In our experimental setting, BC policies had to generalize across
spatial variations (+180° rotations and varied positions across a
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A Pose estimation interpretation

i. Successful registration
. Live point cloud

Retrieved demonstration
point cloud

If the two point clouds
overlap ... it means that the
object pose was correctly

estimated ...

... and the robot will likely align with
the object successfully

ii. Unsuccessful registration

When the two point clouds have
been wrongly registered ...

... the robot will likely fail the
alignment phase

B Interaction behavior stability

The distribution of interaction trajectories from
demonstrations

might end
up in out-of-distribution states

Retrieval-based interaction tracks the
retrieved demonstration, guaranteeing
a sensible trajectory

Fig. 7. Interpretability and stability of retrieval-based methods. (A) Demon-
stration of the easily interpretable pose estimation component used by the
retrieval-based alignment. (B) Visualization of the stability analysis regarding using
BC and retrieval for interaction.

large workspace) and geometric differences between object instanc-
es within categories. This setting proved particularly challenging for
BC when data were scarce, because the policy struggled to identify
meaningful patterns across sparse examples and instead resorted to
memorizing the few demonstrations provided, which severely lim-
ited generalization performance.
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Specifically, BC was forced to learn how to map point clouds to
trajectory reorientations and control actions, tasks that MT3 han-
dled analytically through a pose estimator and motion planning for
alignment and trajectory replay for interaction. This analytical ap-
proach completely bypassed the need to learn these mappings from
limited demonstrations.

Nevertheless, BC’s scaling properties appeared more promising as
demonstrations increased. Although MT3’s inductive biases proved
helpful in low-data regimes, they limited the scaling potential because
retrieval methods select single demonstrations and prevent knowl-
edge sharing across demonstrations and tasks. In contrast, monolithic
BC could exploit shared patterns across complete trajectories and
benefited from increased demonstration diversity, likely making it a
more suitable approach than MT3 when data collection resources are
unconstrained.

Limitations and scope of the current study

Our study focused on single-interaction, single-arm manipulation
tasks with consistent grasped-object poses between demonstration
and deployment. For all evaluated methods, varying grasp poses
could be overcome without additional demonstrations using existing
approaches (36), because all methods use segmented target object
point clouds as the input. We did not evaluate environments where
distractors interfered with demonstrated trajectories. Open-loop re-
play would have ignored obstacles and likely caused collisions,
whereas BC policies would have encountered out-of-distribution
scenarios requiring additional demonstration data. As such, these
environmental constraints would have been expected to decrease
success rates for methods reliant on retrieval-based interaction and
to increase data requirements for BC methods and were deemed be-
yond the scope of the paper.

Our reliance on vision alone made it impossible to infer dynamic
properties of deformable objects without tactile feedback. Although
BC could adapt through closed-loop control, open-loop retrieval-
based interaction often failed because it treated previously unseen
objects exactly as training instances and committed to fixed trajec-
tories regardless of material differences. Our approach also relied
on accurate object segmentation, which can fail with transparent
objects or cluttered scenes, although improving segmentation mod-
els would mitigate these issues over time. Extension to bimanual
manipulation would require dual-arm coordination mechanisms,
although the alignment-interaction decomposition has already
been demonstrated for bimanual tasks (28), suggesting that MT3’s
principles could extend to dual-arm scenarios. For multistage tasks,
our single-interaction primitives could be chained using high-
level planning and skill chaining (37-41). Further discussion of
MT3 limitations can be found in the Supplementary Materials.

Despite these limitations, our findings demonstrated that decom-
position combined with retrieval offered a compelling alternative to
monolithic BC when demonstration data were limited. The choice
between approaches should depend on application constraints: De-
composition excels at rapid task acquisition from minimal data,
whereas monolithic BC becomes preferable when data collection
resources are less constrained and data are more diverse. Last,
our large-scale evaluation identified key technical challenges for
retrieval-based approaches. Addressing these challenges while
preserving data efficiency advantages represents an important direc-
tion for future work.
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MATERIALS AND METHODS
Demonstration data collection and processing
We denote a demonstration

0
as sequences of observations o and end-effector states e recorded at
30 Hz, where i indexes time steps and N is the sequence length. Each
observation o; is an RGB-D image from a calibrated head-mounted
camera. The corresponding end-effector state e; includes the six-
dimensional pose of the end-effector frame E in the robot’s base frame
R, Ty € SE(3), and the binary gripper state that indicates whether the
gripper is open or closed. Each demonstration was paired with a lan-
guage description [ to differentiate between tasks. This created a data-
set D of M demonstrations and their corresponding descriptions

N
t={ose}_,

D= (v [}, )

During data collection, we recorded only the interaction phase of
each task. This approach was motivated by the distinct requirements
of each phase. Alignment requires achieving a specific end-effector
pose relative to the target object, whereas the exact trajectory path is
less critical. In contrast, interaction requires precise trajectory exe-
cution that captures task-relevant manipulation dynamics.

In practice, the demonstrator began recording demonstrations
when the end effector reached a pose suitable for initiating the in-
tended interaction. The alignment target pose was extracted as the
first pose of the recorded interaction trajectory. This selective re-
cording strategy enabled synthetic generation of alignment trajecto-
ries when needed for BC training (“Simulating alignment trajectories
for BC” section in Materials and Methods).

After data collection, we segmented all RGB-D images and con-
verted them to target object point clouds. Segmentation enhanced
the efficiency and robustness of all methods against background
changes and distractors. For the initial RGB image of each demon-
stration, we used Grounding DINO (42) to segment the target ob-
ject using the object name extracted from the task description [ via
template-based natural language parsing (43). More sophisticated ap-
proaches using large language models could be used for more com-
plex task descriptions. For subsequent frames, we propagated the
target object segmentation using XMem (44), which handled partial
and full occlusions.

We converted segmented RGB-D images to target object point
clouds using known camera parameters, with coordinate frame rep-
resentation depending on the method. Retrieval-based methods used
point clouds expressed in the robot frame to enable geometry- and
pose-based retrieval and to support pose estimation for alignment
(“Retrieval-based alignment and interaction” section in Materials and
Methods). BC policies used point clouds expressed in the end-effector
frame to improve learning efficiency and spatial generalization (45).
For all demonstrations, we precomputed the geometry embedding of
the target object point cloud from the first frame to enable efficient
retrieval at test time.

Retrieval-based alignment and interaction

Hierarchical retrieval

Our retrieval system used a two-stage approach illustrated in Fig. 8A.
First, we extracted the micro skill name from the task description [
using template matching and identified all demonstrations for the
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A Hierarchical retrieval

Language-based retrieval

“Pour wine in the glass”

“Pour wine in the tall glass” >

“Close the wooden drawer”

“Open the soda bottle”

“Close the drawer”

“Open the plastic bottle”
“Open the soda bottle”

“Open the soda bottle”

Q Language

“Open the bottle”

Point cloud

/a

Geometry-based retrieval
o

—
“Open the blue bottle”
“Open the green glass bottle”
o —
%" ‘) “Open the blue bottle”
—>

B Geometry encoding

Geometric retrieval aims at differentiating between:
° Different object classes
° Different instances
° Different object poses

Backpack

&
-“’z:

.Q\(g\"?

-
X

Toaster Bo! Pan

Fig. 8. Language- and geometry-based retrieval. (A) Hierarchical retrieval pipeline: Language-based retrieval identifies all demonstrations corresponding to the
described micro skill. This is followed by geometry-based retrieval, which matches the object shape and pose to select the single most relevant demonstration. (B) A
t-distributed stochastic neighbor embedding visualization of geometry encodings from the dataset size experiment with 50 demonstrations per object, showing cluster-
ing by object category (backpack, toaster, box, and pan). Each category exhibits subclusters corresponding to different object instances, with similar geometries posi-
tioned closer in the embedding space (box and toaster). Within subclusters, points from similar object poses have closer embeddings.

same micro skill, for example, “open bottle” This language-based
filtering served a crucial architectural role by separating task speci-
fication from execution. This design off-loaded a portion of the task
complexity from the policy, allowing it to focus solely on replicating
the behavior of the specific demonstration provided as context.
Although we used template-based extraction and matching for
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simplicity, more sophisticated approaches using large language mod-
els could be used for complex task descriptions (“Large language
models for language-based retrieval” section in the Supplementary
Materials).

Second, we selected the demonstration with the object most sim-
ilar to the test object in terms of pose and geometry. Geometric
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similarity ensured that objects requiring similar interactions were
matched, whereas pose similarity minimized covariate shift for the
pose estimator used by the alignment policy. To capture geometry
and pose similarity, we used a PointNet++ (46)-based encoder
trained to predict occupancy grids using the dataset from (21). The
demonstration with the highest cosine similarity to the test object
embedding was selected.

Figure 8B shows a ¢-distributed stochastic neighbor embedding
plot of object embeddings from our controlled experiment with 50
demonstrations per task, revealing clustering by object category
with subclusters for different instances. This hierarchical organiza-
tion enabled effective generalization: Similar global geometries clus-
tered together to match manipulation requirements, whereas pose
clustering within subclusters enabled relevant demonstration selec-
tion for previously unseen object configurations.

Retrieval-based alignment

At inference, the retrieval-based alignment policy receives the target
object point cloud and a demonstration of the desired task, and its
goal is to align the end effector and the target object in the same
way as shown at the beginning of the demonstration. To this end,
the policy first used geometric reasoning to infer the required end-
effector pose for the test scene and then reached this pose through
motion planning.

In this work, we calculated the end-effector pose for the test
scene that aligns the end effector and target object in the same way
as shown at the beginning of the demonstration using trajectory
transfer (21). The intuition behind trajectory transfer is that given
the relative target object pose between the demonstration and test
scene Ts, we can map the end-effector pose at the beginning of the
demonstration to the test scene using

T = T

©)
where Taﬁf; and are the end-effector poses expressed in the
world frame W for the test and demonstration scenes, respectively,
that correspond to the same end effector to target object pose. We
estimated Ts by refining the output of the regression method pro-
posed in (21) using the Open3D (47) implementation of General-
ized ICP (48).

Retrieval-based interaction

Similar to the retrieval-based alignment policy, at inference, the in-
teraction policy received a demonstration of the desired task. The
demonstrated trajectory was then replicated in the test scene by ex-
ecuting the demonstrated end-effector velocities expressed in the
end-effector frame.

TDemo

BC implementation

We used the same network architecture and loss function to learn to
align and interact with objects and to learn the single policy for the
MT-ACT+ baseline. The only difference between these applications
was the training data they relied on. Below, we describe our chosen
backbone architecture, the loss function used, and the data that all
these policies have been trained on.

Network architecture and design choices

Our policy architecture was required to address three key require-
ments across all applications. First, it had to process point cloud and
language inputs to enable fair comparison with retrieval-based
components. Second, it had to effectively handle multitask learning
to support evaluation across diverse tasks. Third, it had to capture
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the multimodal nature of manipulation demonstrations, where
multiple valid trajectories may exist for completing the same task or
task phase.

To handle point cloud inputs, we used PointNet++ (46) that
used the CLIP (Contrastive Language-Image Pretraining) (49) em-
bedding of the task description [ to adapt point cloud features for
specific tasks using FILM (Feature-Wise Linear Modulation) (50).
To address the multimodal nature of demonstrations, we used varia-
tional inference, which enabled the policy to model the multimodal
distribution of valid actions. Although diffusion models offer an al-
ternative approach, we chose variational inference because it has
demonstrated strong performance for multitask imitation learning
from limited demonstrations (15).

We adapted the MT-ACT (15) architecture to meet these re-
quirements, modifying it to handle point cloud inputs. Additional
differences from MT-ACT include incorporating action history as
input to help infer task progress; removing proprioception from the
input, which our preliminary experiments showed improved spa-
tial generalization; and adding a terminal action output to explic-
itly signal task completion. We refer to our backbone architecture
as MT-ACT+. To ensure peak performance under all experimental
conditions, we independently optimized per data regime the num-
ber of network parameters for each method that used a BC policy.
Loss function
Similar to the network architecture, the loss function used to train
all BC policies was kept consistent. During training, all policies max-
imized the log likelihood of demonstration action chunks, that is

Illeinz’gi)a',INDTce (ai:i+k lo;, l)

4

with the standard variational autoencoder objective, which has a re-
construction loss and a term that regularizes the encoder to a Gauss-
ian prior. Here, o; and a;,.x are a sampled target object point cloud
and an action chunk (“Additional demonstration processing” sec-
tion in Materials and Methods), respectively, with i representing the
time step, k being the action chunk horizon, and I being the corre-
sponding task description. We further augmented this loss by using
learned weighting with homoscedastic uncertainty (51) to automat-
ically learn the weighting between different components of the re-
construction loss.

Common data augmentation steps

We applied common data augmentation steps during BC training
regardless of whether the policy learned alignment, interaction, or
both phases. To improve robustness to partial occlusions and varied
object poses, we randomly masked portions of the target object point
cloud using furthest point sampling followed by nearest neighbor
clustering to create 10 clusters, of which we randomly masked 4. We
also added Gaussian noise to both point clouds and action history
labels to improve robustness to sensor noise.

For interaction policies specifically, we applied additional augmen-
tation to improve robustness to covariate shift when learning from lim-
ited data. During training, we perturbed the end-effector pose within
0.9 cm and 5° of its original position and orientation and then updated
the corresponding state and action labels to reflect this perturbation.
This augmentation helped the policy handle small deviations from
demonstrated trajectories that could have occurred during deploy-
ment and was enabled by using target object point clouds expressed in
the end-effector frame. Additional details regarding data processing
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specific to BC interaction policies can be found in the “Additional
demonstration processing” section in the Supplementary Materials.
Simulating alignment trajectories for BC

To train alignment capabilities, both the alignment BC policies
(used by BC-Ret and BC-BC) and the MT-ACT+ baseline required
trajectories that reached the initial pose of each demonstration. We
simulated 1000 alignment trajectories per demonstration by sam-
pling starting poses within a 20 cm-by-80 cm-by-80 cm cuboid
above the robot’s task space and generating linear trajectories to the
demonstrated initial end-effector pose.

Given that our BC policies used target object point clouds expressed
in the end-effector frame, we could generate training data by reusing
the same target object point cloud across different virtual end-effector
poses. Specifically, we took the target object point cloud from the first
demonstration frame and used it at every waypoint along simulated
linear trajectories that end at the target alignment pose. This generated
synthetic observation-action pairs where each waypoint had the same
geometry of the point cloud input but different action outputs corre-
sponding to the remaining trajectory to reach the target pose. We gen-
erated waypoints with 1-cm spacing along each linear path.

To improve alignment accuracy, we supplemented the training
data with additional observation-action pairs near the final align-
ment pose. For each waypoint in a simulated alignment trajectory,
we generated an additional observation-action pair by perturbing
the end-effector pose within 1 mm to 1 cm and 0.5° to 5° of the tar-
get alignment pose.

Combining simulated alignment trajectories and
demonstrations

Our monolithic baseline, MT-ACT+, required training data for both
the alignment and interaction phases of demonstrated tasks. As such,
we combined the simulated alignment trajectories with demonstrat-
ed trajectories to create a dataset of entire manipulation trajectories,
adjusting the history and action labels at the boundary between
alignment and interaction phases.

Statistical analysis

Experimental outcomes were obtained from n independent repeats
for each considered task. These data are represented in Figs. 4 and 6
as mean values calculated across all associated tasks and repeats.
Error bars in Fig. 4 (A and B) represent 95% Wilson confidence in-
tervals. The two-proportion Z test was applied to assess the statisti-
cal significance of performance differences between all considered
decomposition-based methods and the monolithic baseline, with P
values shown in Fig. 4B.

For Fig. 4 (A and B), the number of evaluated trajectories de-

pended on the experiment configuration. For the dataset size ex-
periment in Fig. 4A, the sample sizes were n = 36 for seen tasks and
n = 24 for unseen tasks. For the dataset diversity experiment in
Fig. 4A, when learning 10 tasks, n = 30 (seen) and n = 60. When
learning 30 tasks, n = 90 (seen) and n = 60 (unseen). Last, when
learning 50 tasks, n = 150 (seen) and n = 60 (unseen).
For the dataset size experiment in Fig. 4B, n = 240 (decomposition)
and n = 60 (monolithic). For the dataset diversity experiment, when
learning 10 tasks, n = 120 (decomposition) and n = 30 (monolithic).
When learning 30 tasks, n = 200 (decomposition) and n = 50
(monolithic). When learning 50 tasks, n = 280 (decomposition) and
n = 70 (monolithic).
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