
Memory Retrieval in Visuomotor Policies for
Long-Horizon Robot Control

Rutav Shah1, Yisu Li∗, Femi Bello∗, Yuke Zhu, Roberto Martı́n-Martı́n

The University of Texas at Austin

Abstract—General-purpose robots operating in partially ob-
servable environments, such as homes, require memory to
support autonomy. They must recall diverse information from
the past, such as where objects were placed, which tasks a
human partner has completed, and when an appliance was
turned on, to accomplish a wide range of tasks. Achieving this
versatility requires a memory retrieval mechanism that gener-
alizes well across tasks. However, hand-designed or heuristic-
based methods rely on task-specific assumptions that may not
transfer to different settings. Transformer architectures that use
attention over long contexts for memory retrieval provide a
promising alternative, as they learn retrieval from data without
task-specific assumptions. However, directly incorporating long-
context transformer architecture into imitation learning from
offline data introduces two key challenges: (1) the policy may
learn spurious correlations between the information from the
past and predicted actions, and (2) errors accumulate over
time in the memory due to prediction inaccuracies and their
compounding interactions with the environment, leading to model
drift and cascading failures in long-horizon control. To address
both challenges, we introduce HALO, a visuomotor policy with
an attention-based memory retrieval mechanism for long-horizon
control. To suppress spurious correlations, HALO leverages
vision-language model (VLM) priors to steer retrieval toward
task-relevant information. Concretely, it generates task-relevant,
memory-dependent question–answer pairs from demonstration
trajectories and trains the policy jointly with a video question-
answering objective, transferring VLM priors to the visuomotor
policy. Second, to reduce the impact of accumulated errors in
memory during closed-loop control, HALO uses sparse attention
that restricts retrieval to only the most relevant parts of the
history. Together, these components enable more reliable long-
horizon control by guiding the policy to retrieve task-relevant
information from up to eight minutes of past experience. Project
website: https://robin-lab.cs.utexas.edu/HALO

I. INTRODUCTION

General-purpose robots operating in household environ-
ments must solve long-horizon manipulation tasks that require
recalling information no longer present in current sensory
input. The robot may need to remember where an object
was placed earlier, when an appliance was turned on, how
many pieces of bread were placed in the oven, or which tasks
have already been completed (Fig. 1). Such requirements arise
frequently in everyday household activities, where successfully
completing the task depends on recalling information over
extended time horizons. As a result, purely reactive visuomotor
policies will fail on these tasks, motivating the need for
memory retrieval mechanisms that can leverage information
gathered earlier [1], [2].
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Fig. 1. Memory retrieval in visuomotor policy learning. Long-horizon
household tasks require robots to act on information no longer present in the
current sensory input. Under partial observability, the policy must retrieve
relevant information from past observations stored in memory to predict
correct low-level actions. The type of information needed can change across
task stages, motivating a general, learned retrieval mechanism.

The information that robots must recall from history is
diverse. It may include spatial information such as object
locations, relational information between objects, numerical
quantities, temporal events, or event ordering. Approaches
based on hand-designed memory representations or modality-
specific retrieval rules, therefore, struggle to scale across the
wide range of manipulation tasks required of general-purpose
robots [3]–[5]. This motivates the development of a general
memory retrieval mechanism that can be learned end-to-end,
rather than tailored to individual tasks or modalities [6]–[9].

Among candidate mechanisms for general memory retrieval,
associative retrieval based on learned query-key similarity,
such as attention in transformers, has emerged as a promising
mechanism [10], [11]. By learning both queries and keys from
data, associative retrieval avoids modality-specific design, and
has demonstrated strong empirical performance in domains
such as language processing [12]. However, directly apply-
ing attention-based memory retrieval to long-horizon robotic
imitation learning via offline data exposes two fundamental
challenges. First, policies may exploit spurious correlations
between past observations and current actions, i.e., attending to
information that correlates with expert behavior in the training
data but is not causally relevant to task execution. Such
correlations often fail to hold at test time, leading to poor
performance [13], [14]. Second, in offline imitation learning,
small prediction errors compound during closed-loop online
execution [15], [16]. Conditioning on large amounts of past
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Fig. 2. HALO learns to retrieve diverse forms of task-relevant information
from history, guided by priors distilled from vision-language foundation
models.

observations can amplify this effect, as the policy repeatedly
attends to noisy information, leading to drift and cascading
failures over long horizons. Together, these challenges can
limit the effective use of memory in imitation learning, a
crucial capability for partially observable long-horizon tasks.

To address these challenges, we propose HALO: History-
Aware visuomotor policy for LOng-horizon robotic imitation
learning. Our key insight is that while attention provides a
general retrieval mechanism, it must be guided towards task-
relevant information and constrained to avoid conditioning on
irrelevant or noisy history (Fig. 2).

To mitigate spurious correlations, we build on the observa-
tion that vision-language models (VLMs) encode rich priors
about which information from past observations is relevant
for a task [17]. Although these priors are not grounded in
action and are therefore insufficient on their own for control,
they provide useful signals for identifying task-relevant infor-
mation in history. In HALO, we distill these priors into the
policy through automatically generated video question–answer
(VQA) supervision. To answer these questions correctly, the
retrieval module must attend to specific parts of the history
where task-relevant event(s) occurred, providing direct super-
vision on what should be retrieved from memory. The policy is
co-trained to both imitate expert actions and answer questions
about past observations. The VQA objective biases memory
retrieval towards task-relevant information, whereas the action
prediction objective may still access information needed for
low-level control. This contrasts with prior work that incorpo-
rates VLM priors through text-based summaries [18], which
may omit details needed for low-level control.

To address error accumulation over long horizons, HALO
further restricts the policy to condition only on a sparse subset
of stored information. Rather than attending to the full history,
the policy retrieves the top-k most informative observations
or actions via learned query-key matching and conditions
exclusively in these elements [19]. This explicit sparsification
limits the incorporation of noisy information, reducing closed-
loop drift and mitigating cascading failures during execution.

We evaluate our approach on REMEMBENCH [20], a bench-
mark for long-horizon manipulation tasks that require diverse
forms of memory, as well as on five real-world tasks across
two robotic platforms, including a fixed-base manipulator

and a mobile manipulator. Across these settings, we show
that VQA-induced task priors provide a general solution,
improving absolute task success by 7% on average across
diverse tasks and outperforming prior methods based on hand-
designed rules (−12%) and task-specific features (−21%).
We further find that while vision-language models encode
informative priors about task-relevant information, policies
using these priors alone reach only 18% absolute success,
compared to 41% with action-grounded retrieval, highlighting
the importance of grounding retrieval in action prediction. In
addition, we demonstrate that top-k attention sparsification
improves absolute performance by 10%, reducing model drift,
and outperforms alternative memory mechanisms based on
memory compression by 29%. Together, these results highlight
the importance of learning to retrieve task-relevant information
from memory and grounding retrieval in action prediction for
long-horizon control.

II. RELATED WORK

A. Imitation Learning under Partial Observability

Standard imitation learning assumes Markovian observa-
tions, causing reactive visuomotor policies to fail under partial
observability. Belief-state space methods address this issue
by explicitly modeling task state but require task-specific
representations and update rules [21]. Recent work instead
incorporates explicit memory into policy. Some methods rely
on object-centric representations to reduce the amount of
information, but often limit retrieval to spatial information [5].
Others retrieve past observations using similarity in learned
semantic embeddings, leveraging pretrained vision-language
models [4], [22], or apply hand-designed rules for memory
filtering [23]. Such assumptions restrict their applicability to
settings where task-relevant information is well captured by
a fixed representation or retrieval rule (here, a semantic one),
and may not scale to more diverse long-horizon tasks.

Several approaches learn compact representations of the
history to support long-horizon reasoning [24]. While effec-
tive, learned compression can discard granular information,
such as low-level action sequences taken by the robot. These
limitations motivate memory retrieval mechanisms that can
flexibly access diverse task-relevant information from history
without relying on task-specific designs.

B. Knowledge Distillation from Foundation Models

Vision-language foundation models encode rich knowledge
about scenes, objects, and activities from large-scale mul-
timodal data and have been widely used in robotics for
perception, planning, affordance learning, and semantic rea-
soning [25]–[30]. Prior work has also distilled knowledge from
foundation models into robotic systems by improving para-
metric representations [31], [32]. In contrast, relatively little
work has explored using foundation models to guide memory
retrieval in visuomotor imitation learning, that is, learning to
retrieve information from non-parametric memory [33]. Our
work builds on these efforts by distilling task-relevant priors



from vision-language models to supervise learned memory
retrieval, while grounding the policy through action imitation.

C. Memory Mechanisms for Long-Context Reasoning

Modeling long-range temporal dependencies is a central
challenge in sequential decision making. Recurrent and state-
space models maintain memory through compressed latent
states but struggle with selective recall and credit assignment
over long horizons [9], [34], [35]. Transformer-based models
address these limitations by using attention to directly access
past inputs [11]. However, dense attention over long contexts
can cause irrelevant or noisy information to increasingly influ-
ence predictions [36], an issue that is especially pronounced
in robotics due to prediction errors and compounding errors
during closed-loop execution.

To regulate information flow in long-context models, prior
work has proposed combining attention with recurrence [37],
a gating mechanism [38], and inducing sparsity in the trans-
former architecture [39]. While these mechanisms have been
extensively studied in language and vision, their effectiveness
in long-horizon closed-loop visuomotor control has received
less attention. In this work, we find that simple Top-K
attention sparsification is effective for reducing the influence
of accumulated error in model prediction.

III. HALO

A. Problem Formulation and Overview

Problem formulation. In this work, we address long-horizon
robotic imitation learning under partial observability, where
successful task execution requires recalling information no
longer present in the current sensory input. At each time step
t, the robot receives an observation ot (e.g., RGB images and
proprioception) and executes a low-level action at. Let

τt = {(o1, a1), . . . , (ot−1, at−1), ot}

denote the interaction history up to time t. Additionally, we are
given a natural-language task instruction l (e.g., “put all the
bread in the microwave and close the door”), which specifies
the high-level goal and is provided to the policy at every time
step. We are given a dataset of expert demonstrations

D = {τ (i)}Ni=1,

where each trajectory

τ (i) = {(o(i)1 , a
(i)
1 ), . . . , (o

(i)
Ti
, a

(i)
Ti
)}

is collected via teleoperating the robot. Our aim is to learn a
closed-loop visuomotor policy

πθ(at | τt, l),

that imitates the expert and performs long-horizon tasks by
retrieving and leveraging relevant information from history.

Model architecture overview. We parameterize the visuo-
motor policy πθ(at | τt, l) with three main components:
(i) modality-specific encoders consisting of an observation

encoder gobs
θ and an action encoder gact

θ , which map hetero-
geneous inputs (e.g., RGB images, proprioception, and past
actions) into a common latent space, (ii) a policy backbone
fθ that performs memory retrieval over the encoded history
and processes the information, and (iii) a task-specific head
hact
θ and htext

θ that predict low-level control commands and
text answers, respectively.

At time step t, the current observation is encoded as
xt = gobs

θ (ot) and past actions as ei = gact
θ (ai) for i < t.

The encoded history is

Mt = {(x1, e1), . . . , (xt−1, et−1)}.

Given Mt, the current embedding xt, and the task instruction
l, the policy backbone fθ produces a latent state

zt = fθ(Mt, xt, l),

This latent state is passed to two prediction heads: an action
head hact

θ (zt) for control and a text prediction head htext
θ (zt)

for auxiliary supervision.

Method overview. A common approach for retrieving infor-
mation from history is to equip the policy backbone (fθ) with
an associative memory retrieval mechanism, typically imple-
mented via learned query–key similarity (i.e., attention) [11].
Such mechanisms provide a general, modality-agnostic way
to retrieve information from history, avoiding task-specific
designs.

Concretely, the policy backbone fθ implements retrieval
using a query–key–value formulation. At each time step t,
a query vector is computed from the current context,

qt = fq(xt, l),

while each memory element mi ∈ Mt is mapped to a key–
value pair,

ki = fk(mi), vi = fv(mi),

where fq , fk, and fv are learned functions parameterized
by θq ⊂ θ, θk ⊂ θ, and θv ⊂ θ, respectively. Retrieval
is performed by computing similarities between qt and {ki}
and aggregating the corresponding values {vi}. The retrieved
features are integrated with the current representation and
processed by subsequent model layers.

However, as explained before, directly applying such an
attention-based retrieval in long-horizon imitation learning
introduces two key limitations. First, because attention ag-
gregates information from all stored history Mt, the policy
may attend to task-irrelevant details and incorporate them into
decision-making, leading to spurious correlations between past
observations and actions. Second, during closed-loop execu-
tion, small prediction errors, compounded by environmental
interactions, accumulate over time. These errors introduce
noise into the stored representations, which can degrade latent
representation quality, leading to model drift and cascading
failures over long horizons.

HALO addresses these limitations with two components
(Fig. 3). First, we distill task-relevant priors from vision-
language models (VLMs) into the policy using automatically
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generated video question–answer (VQA) supervision. This
supervision encourages the retrieval mechanism to focus on
task-relevant information, reducing reliance on irrelevant his-
tory (Sec. III-B, III-C). Second, we restrict retrieval to the
top-k most relevant memory entries at each time step. This
sparsification limits the influence of accumulated error during
closed-loop execution, leading to robust long-horizon control
(Sec . III-D).

Concretely, HALO trains a single visuomotor policy that
jointly (i) imitates expert actions and (ii) answers VQA
queries about the trajectory history. Both objectives share the
same modality-specific encoders gθ and a common backbone
fθ that contains the memory retrieval mechanism, differing
only in their prediction heads. Top-k sparsification is applied
to retrieval for both objectives, encouraging the policy to
condition only on a subset of relevant memory entries. This
shared training and policy weights encourages the retrieval
mechanism to learn representations that are useful for both
answering questions about the past and predicting actions. As
a result, supervision from VQA transfers to action prediction,
guiding the policy to retrieve information relevant for control.

B. Distilling Vision-Language Model Priors via Video
Question–Answering

Vision-language models encode rich priors about scenes, ob-
jects, activities, and semantics to understand task instructions,
making them a useful source of guidance for identifying task-
relevant information in trajectories. However, because VLMs
are not grounded in action prediction, these priors alone do
not capture all the information required for effective low-level
control. HALO therefore distills priors from VLMs into the
policy while grounding them through imitation learning.

Video question–answering as retrieval supervision. In stan-
dard end-to-end imitation learning, the retrieval mechanism is
trained solely through the action prediction objective. HALO
additionally supervises the retrieval process using the video
question–answering objective. Specifically, we generate VQA
pairs (u, v), where u is a text-based question probing task-
relevant information from the trajectory history (e.g., object lo-
cations, object relations, event ordering, or subgoal progress),

and v is the corresponding answer. For VQA supervision, the
policy backbone is conditioned on the encoded history Mt,
the current observation embedding xt, and the question u, and
the answer is predicted via a VQA head:

v̂ ∼ πvqa
θ (v | Mt, xt, u), (1)

where πvqa
θ consists of the shared observation gobs

θ , action
encoder gact

θ , policy backbone fθ (including the retrieval
mechanism) with the action prediction objective, and a text
prediction head htext

θ .
To answer u, the policy must retrieve the specific infor-

mation from the history that supports the answer. Since the
questions are generated using vision-language models and
tailored to the task, this objective injects task-relevant priors
into the retrieval mechanism, providing direct supervision on
what information should be retrieved.

Joint grounding through imitation learning. While VQA
supervision guides retrieval toward task-relevant information,
it does not by itself ensure that the retrieved information is
sufficient for low-level control. We therefore jointly train the
policy using an imitation learning objective:

LIL(θ) = E(τt,s,a∗
t )∼D

[
− log πact

θ (a∗t | τt, l)
]
, (2)

where a∗t denotes the expert action. We also define a VQA
loss over the generated dataset D̃:

LVQA(θ) = E(τt,s,u,v)∼D̃
[
− log πvqa

θ (v | τt, u)
]
. (3)

The final training objective is

L(θ) = LIL(θ) + λLVQA(θ), (4)

where λ balances imitation and VQA supervision. This joint
training ensures that VQA provides informative priors about
what information from the history should be retrieved, while
imitation learning grounds retrieval in expert action prediction.

C. Generating VQA Data from Long-Horizon Trajectories

Generating accurate VQA supervision for long-horizon
robot trajectories is challenging. Single VLM calls over high-
dimensional visual information often produce incorrect or
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hallucinated question-answer pairs, likely because state-of-the-
art VLMs struggle to process long-context visual information
coherently. To address this, we employ a multi-stage genera-
tion pipeline that produces high-quality supervision (Fig. 4).

(i) Trajectory-to-text summarization. Given a trajectory seg-
ment, we construct a textual description that captures scene
elements (e.g., object identities and locations) and activity
descriptions (e.g., “the robot opened the drawer and placed the
mug inside”). To do so, we combine information from different
specialized vision models, such as object detectors for spatial
cues and VLMs for higher-level activity descriptions, and con-
solidate them into a single text representation of the trajectory.
This consolidation is performed only to generate questions and
answers that provide retrieval priors; the information itself may
not be sufficient to capture all the information required by the
policy to predict low-level actions.

(ii) Question and answer synthesis. From the consolidated
text, we synthesize questions that probe memory requirements
relevant to the task. We observe that language models tend
to bias questions toward task-relevant information present in
the initial portion of a trajectory. To mitigate this bias, we
explicitly prompt the language model to generate a question
corresponding to a specific frame index, randomly sampled
from the trajectory. The model is also allowed to return “N/A”
if no task-relevant information is present at the specified
frame. We ask the language model to also generate the answer
corresponding to the question.

(iii) Automatic filtering for correctness and relevance. Gen-
erated VQA pairs may contain incorrect or be weakly task-
relevant or labeled as “N/A”. To improve data quality, we use
an additional language model to rate each pair on correctness

with respect to the trajectory description and relevance to the
task. Pairs with low scores are filtered out. The remaining set
forms D̃, which is used for training.

D. Reducing Model Drift with Top-K Attention Sparsification

Even with improved retrieval supervision, long-horizon
closed-loop execution remains susceptible to error accumu-
lation. In offline imitation learning, policies are trained on
expert trajectories but must execute actions based on their
own predictions at test time. Small prediction errors can
lead to future observations that deviate from the expected
observations, leading to compounding errors over time. Con-
ditioning on large amounts of information from memory can
further exacerbate this effect by repeatedly incorporating noisy
information, resulting in cascading failures over long horizons.

To mitigate this issue, HALO explicitly limits how much
information from the history the policy can condition on at
each time step. Rather than attending to all available infor-
mation, we first identify the information most relevant to the
current decision and restrict retrieval to only these elements.
This allows the policy to focus on important information while
reducing the effect of accumulated error in memory.

Concretely, let {mi}|Mt|
i=1 denote candidate information ex-

tracted from the history, with keys ki = fk(mi) and values
vi = fv(mi). Given a query qt, standard attention computes
scores si = ⟨qt, ki⟩ and forms a weighted sum over all values.
In top-k sparsification, we instead select

Ik = TopK({si}|Mt|
i=1 , k), (5)

corresponding to the k most relevant elements, and compute
attention only over this subset with all elements outside Ik
receive zero weight:

ct =
∑
i∈Ik

exp(si)∑
j∈Ik

exp(sj)
vi. (6)

Since the top-k operation is non-differentiable, we employ a
straight-through estimator during training. Intuitively, at each
training step, the policy retrieves the top-k elements based
on the query–key similarity using the current model weights.
If the retrieved information improves action prediction or
VQA accuracy, gradients flowing through the attention output
increase the corresponding query–key similarities, reinforcing
the selection of useful information. Conversely, elements that
do not contribute meaningfully receive weaker updates and are
less likely to be selected in future steps.

To summarize, HALO combines VQA-based distillation
of informative VLM priors, which encourages task-relevant
retrieval and reduces spurious correlations, with top-k sparse
attention, which limits error accumulation and mitigates model
drift, yielding a policy that is effective for long-horizon,
partially observable tasks.

IV. EXPERIMENTS

A. Evaluation Tasks.

We evaluate our approach on long-horizon manipulation
tasks that require retrieving diverse information types—spatial,



Fig. 5. Visualization of real-world tasks. We evaluate HALO in four stationary and mobile manipulation tasks, including a human-robot collaborative task
(rows) with strong partial observability, where the agent needs to retrieve different types of information from memory. The pictures in each column depict a
different phase of the task.

relational, numerical, and event-time—from past interactions,
including human-robot collaborative scenarios. These tasks
span five scenarios reflecting diverse memory demands often
faced in household settings (Fig. 5):

Retrieve Object (Spatial information). This task requires
recalling object locations observed earlier in the episode; the
policy must fetch a granola bar from a location previously ob-
served on the kitchen countertop, which is no longer visible at
the time of action. Across episodes, the object’s initial location
varies between the left and right sides of the countertop.
Return to Same Container (Object relations). This task
requires recalling earlier relations among objects; after placing
a bowl in a sink, the policy must later retrieve the plate on
which the bowl was originally placed. Across episodes, the
involved objects and their relations vary.
Store N objects (Numerical information). This task requires
recalling a numerical count over time; the robot should place
n chip packets in a drawer before closing it, with the packets
becoming occluded once placed. Across episodes, both the
initial number of chip packets and the target count n vary.
Heat Stove (Event-time information). This task requires recall-
ing when an event occurred to act after a specified duration;
the robot must heat a stove for a fixed duration. Across

episodes, the required heating duration varies between 4, 6,
and 8 minutes.
Store N objects (Spatial information, Human-robot collab-
oration). This task requires tracking a numerical count in a
collaborative setting: a human places some purple cups first,
then the robot completes the total of three purple cups in the
shopping bag, and then adds a green cup to it. Across episodes,
the number of initial purple cups in the scene ranges from 3
to 4, and the human places 1 to 3 cups.

B. Baselines.

With the goal of reducing memory size or introducing
inductive priors about what should be stored, prior work
proposes several alternatives:

SAM2Act++ [5] uses object-centric memory by storing object
center pixel coordinates. This induces a strong spatial prior and
reduces memory size by storing only object locations.
ReMemBer [18] stores text summaries of past observations
generated by a VLM. This introduces semantic priors while
compressing history into text.
Hand-designed Features uses human-designed rules to select
which task-relevant features to store or discard, similar to
prior work MemER [23]. It encodes human priors about what
information is important while keeping memory compact.



TABLE I
EVALUATION ON SIMULATION BENCHMARK WITH 50 ROLLOUTS PER TASK.

Method Retrieve Object Return to Same Container Store N Objects Heat Stove for T mins. Average
(Spatial Info.) (Relational Info.) (Numerical Info.) (Event-time Info.)

Standard Transformer 0.26 0.23 0.12 0.27 0.22

Scene Memory Transformer 0.53 0.25 0.17 0.40 0.34

SAM2Act++ 0.39 0.11 0.27 0.04 0.20

ReMemBer 0.36 0.13 0.21 0.00 0.18

Hand-Designed Features 0.68 0.15 0.21 0.13 0.29

Token Merging 0.29 0.24 0.25 0.38 0.29

HALO w/o VQA 0.42 0.29 0.17 0.37 0.31

HALO 0.64 0.32 0.26 0.40 0.41

TABLE II
EVALUATION ON REAL-WORLD TASKS WITH 20 ROLLOUTS PER TASK

Method Retrieve Obj. Return to Container Store N Objs. Heat Stove Store N Objs. Average
for T mins. Human-Robot

(Spatial Info.) (Relational Info.) (Numerical Info.) (Event-time Info.) Spatial Info.

Standard Transformer 0.40 0.30 0.20 0.40 0.50 0.36

HALO 0.55 0.40 0.55 0.60 0.65 0.55

Scene Memory Transformer (SMT) [24] compresses the
entire history into a single scene-level embedding via attention.
This reduces memory footprint but forces all past information
into a fixed-size representation.
Token Merging [40] compresses the history by merging
tokens with similar embeddings that are temporally adjacent
to maintain a fixed budget of memory.

C. Results

How well does HALO perform compared to prior visuo-
motor imitation learning methods that incorporate alternative
inductive priors? (Table I)

Comparison to object-centric memory. Compared to
SAM2Act++, HALO improves average task success by 21%
points. SAM2Act++ performs well when tasks align with its
object-centric prior, such as counting objects, but struggles
with tasks that require non-spatial memory, particularly re-
calling event-time information. This highlights the limitation
of relying on a single type of prior.
Comparison to text-based summarization. HALO outper-
forms ReMemBer by 23% points on average. Text summaries
generated by VLM often capture coarse semantic information,
but may omit details needed for control. Textual summaries
may capture object locations but omit action information for
navigating to the object, explaining poor ‘Retrieve Object’
performance. It suggests that while VLM priors are useful,
text-based compression alone is insufficient for control.
Comparison to hand-designed rule-based filtering. Com-
pared to hand-designed features, HALO achieves an absolute
improvement of 12%. While this performs on par with HALO
on spatial tasks, it remains less competitive than HALO on
other tasks. This suggests that learning what to retrieve directly
from data using HALO not only removes manually designed
task-specific priors but also improves performance, possibly

by enabling the policy to exploit additional information for
decision-making (App. Sec. VII-A).
Comparison to compressed memory representations. We
compare HALO against two approaches that compress history:
Scene Memory Transformer (SMT), which uses a learned
pooled attention layer to compress history into a single em-
bedding, and Token Merging, which merges nearby tokens to
maintain a fixed memory budget. HALO outperforms SMT
by 7% and Token Merging by 12% points. While compression
reduces redundancies and noise in memory, it can lose granular
information necessary for low-level action prediction [41]. In
contrast, HALO stores all information in memory, enabling
access to fine-grained details and performing selective retrieval
to reduce the impact of noise.

Overall, we observe that no single method wins across
all tasks. However, HALO remains competitive without
task-specific assumptions or hand-designed rules, making it
versatile with less engineering effort across information types.
This versatility is reflected in average performance across
tasks, alongside competitive performance on individual ones.

How effective is HALO in real-world tasks? (Table II)
We observe a similar trend in real-world settings, where

HALO consistently outperforms the standard Transformer
baseline by 19%. Notably, this improvement persists on
challenging tasks, including storing multiple objects, tasks
completed by the human partner, and long-horizon tasks like
heating a pot for up to 8 minutes, which demand diverse types
of information and long-context memory.

In addition, we measure manipulation and memory failures
in real-world evaluations, finding that HALO reduces them
by 8% and 25% absolute over full attention in the ‘Retrieve
Object’ task, respectively. These results support our hypothesis
that HALO reduces model drift (fewer manipulation failures)



TABLE III
EVALUATION ON SIMULATION WITH 50 ROLLOUTS PER TASK.

Method Retrieve Object Return to Container

LSTM 0.14 0.12

Mamba 0.20 0.18

TransformerXL 0.12 0.20

Window Attention 0.13 0.16

Strided Attention 0.20 0.28

Hierarchical Attention 0.28 0.22

Gated Attention 0.45 0.28

HALO 0.64 0.32

and improves memory retrieval (fewer memory failures).

What are the effects of VLM-induced priors and Top-
K sparsification on performance? (Table I)

Effect of VLM-induced priors. We compare HALO against
a variant trained without VQA supervision. Adding VLM-
induced priors improves average success by 10%, suggesting
that VQA supervision helps the policy identify relevant
history, particularly in tasks that require recalling past object
placements or numerical information. Without it, the retrieval
mechanism may often attend to irrelevant history, leading to
poor performance at test time.
Effect of Top-K sparsification. We compare Top-K retrieval
to full attention over memory. Top-K improves performance
by 9%. Restricting retrieval reduces the amount of irrelevant
or noisy information incorporated into decision-making,
which is particularly important in long-horizon tasks where
only a few past events are relevant to the current action.

See App. Sec. VII-C and Sec. VII-D for more analysis.

How does HALO compare to alternative sparsification
and memory mechanisms?

Comparison to alternative sparsification methods. We
compare Top-K sparsification to window attention [19],
strided attention [19], hierarchical attention [42], and gated
attention [38]. HALO outperforms the best alternative, gated
attention, by 11%. The sparsification methods relying on
fixed access patterns may miss task-relevant events occurring
at unpredictable times. In contrast, Top-K selects memory
entries based on content relevance, allowing the policy to
retrieve information tied to the task rather than position.
Comparison to non-associative memory mechanisms. We
compare against models that compress history into latent
states, including LSTM [9] (−20%), Mamba [34] (−14%),
and Transformer-XL [37] (−12%). While compressed-state
models summarize past information efficiently, they may
discard details needed for recalling specific past events.
Selective retrieval from explicit memory allows the policy to
access such details when required.

What are the effects of different design choices in HALO?

Number of retrieved entries (k). We ablate the number of

retrieved history entries (k) used by the attention mechanism.
A moderate value (k = 8) achieves the best performance
(52% success). Smaller k (e.g., k = 4, 40% success) omits
useful context, while larger k incorporates irrelevant history
(48% for k = 12, 33% for k = 16, 44% for k = 24). We
fix k = 8 across all tasks. Developing adaptive strategies that
retrieve only the necessary amount of information at each
step is a promising direction for future work.
Co-training vs. pretraining. We compare joint co-training
of VQA and action prediction against a two-stage approach
(VQA pretraining followed by action finetuning). Co-
training VQA and action prediction achieves 64% success,
outperforming pretrain-then-finetune (44%) and no-VQA
training (42%) by 20 and 22 points, respectively. The
minimal gain from separate pretrain-then-finetune compared
to no-VQA suggests that VQA knowledge is lost during
fine-tuning, whereas co-training effectively shapes retrieval
toward task-relevant information.
Stage-wise VQA generation vs. single video prompt
generation. We compare HALO’s stage-wise pipeline against
a single-prompt baseline that generates QA pairs directly
from long videos. HALO achieves 60% points more accurate
QAs and 20% points fewer hallucinations. The results suggest
SOTA VLMs struggle with direct long-video reasoning for
question-answer generation, highlighting the importance of
the proposed stage-wise pipeline for generating high-quality
VQA (Examples in App. Sec. VII-B).

V. CONCLUSION AND FUTURE WORK

In this work, we study imitation learning in partially
observable domains where retrieving information from past
observations and actions is essential. We present HALO, a
method for training a visuomotor policy with a memory-
retrieval mechanism for long-horizon imitation learning. To
address spurious correlations learned during training, HALO
co-trains action prediction with a video question-answering
objective using VLM-generated pairs that provide priors on
task-relevant information. To mitigate error accumulation from
large memory, HALO employs a top-k sparsification strategy
that restricts retrieval to the most relevant parts of the history.
Through comprehensive evaluation in simulation and real-
world experiments across two robotic platforms, we demon-
strate that our approach, which stores all information in
memory and selectively retrieves relevant content, achieves
significant improvements over alternative methods that reduce
memory size through task-specific priors or learned com-
pression. We also find that VLM-induced priors are useful
for selecting task-relevant information from memory, but, by
themselves, can be insufficient for low-level control. In the
future, we plan to investigate mechanisms to switch from fixed
to active querying, adapting to each task. Moreover, we will
explore broadening the scope of querying to cross-episodic
information acquired by the robot in other runs. Additionally,
because retrieval from large memory adds retrieval latency,
especially as we expand the context to longer time periods,
we will explore speculative retrieval techniques to hide it.
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H. Küttler, M. Lewis, W.-t. Yih, T. Rocktäschel et al., “Retrieval-
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