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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-speci c 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-speci ¢ assumptions. However, directly incorporating long-
context transformer architecture into imitation learning from

of ine 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-
speci c 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-speci c¢ 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 of ine 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 of ine imitation learning,
small prediction errors compound during closed-loop online
execution [15], [16]. Conditioning on large amounts of past






