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Figure 1: RoboTTT, a long-context visuomotor policy that integrates Test-Time Training (TTT) into robot foundation
models, with context scaled to 8K timesteps. RoboTTT exhibits capabilities such as one-shot in-context imitation from
human videos and on-the-fly policy improvement.
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RoboTTT : Context Scaling for Robot Policies

Abstract
Recent robot foundation models operate with single-step or short-history visuomotor context. We
introduce Test-Time-Training Robot Policies (RoboTTT ), a robot model and training recipe that scale
visuomotor context to 8K timesteps, three orders of magnitude beyond state-of-the-art policies, without
growing inference latency. At this context length, we unlock new robot capabilities: one-shot in-
context imitation from human video demonstrations, on-the-�y policy improvement, robustness to
perturbations, and stronger performance on multi-stage, long-horizon tasks. We also observe, for the
�rst time, steady gains in closed-loop performance as pretraining context length scales. At its core,
RoboTTT integrates Test-Time Training into robot foundation models such as Vision-Language-Action
policies, yielding a sequence model whose recurrent state consists of fast weights, parameters updated
by gradient descent during both training and inference, compressing histories into weight space and
retrieving contextual information for long-context conditioning. To scale training context length, the
recipe combines sequence action forcing with truncated backpropagation through time. On challenging
real-robot manipulation tasks, RoboTTT improves overall performance by 87% over the single-step
context baseline and fully completes a �ve-minute, ten-stage assembly task, which no baseline ever does.
RoboTTT trained with 8K-timestep context outperforms the same model pretrained with 1K timesteps by
62%, suggesting context length as a new scaling axis for robot foundation models. Videos are available
at research.nvidia.com/labs/gear/robottt.
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1. Introduction

Most state-of-the-art robot foundation models operate with single-step or short-history visuomotor context (5;
7; 8; 29; 36; 37; 41; 47; 51; 60; 67; 75; 76). In contrast, context length has become an important scaling axis
for large language models (9; 16; 27; 46; 53; 71). While longer-term reasoning in robotics can be delegated to
external memory banks (50; 69), long visuomotor context remains important for capabilities such as one-shot
in-context imitation from human video demonstrations ( 18), on-the-�y improvement from a robot's own
deployment history (39), and stronger closed-loop performance on multi-stage, long-horizon tasks. This raises
a natural question: how can we build visuomotor policies that learn from and exploit arbitrarily long contexts?

To answer this question, we introduce Test-Time-Training Robot Policies(RoboTTT, Fig. 1), a robot model
and training recipe that scale visuomotor context to 8K timesteps (dubbedRoboTTT-8K), three orders of
magnitude beyond state-of-the-art robot foundation models (5; 51; 75), without growing inference latency. At
this context length, RoboTTT exhibits new robot capabilities. Through long-context conditioning, it performs
one-shot imitation from a single in-context human video demonstration, succeeding in 6 of 10 trials while
baseline methods fail entirely. It also exhibits on-the-�y policy improvement, performing 36% better than
the same model not trained for this capability. Under external perturbations, it succeeds in 83% of trials
versus 53% for the best short-context baseline. On multi-stage, long-horizon tasks, it improves overall task
performance by 87% over the single-step context baseline and fully completes an assembly task lasting over �ve
minutes and spanning ten stages, which no baseline ever does. Finally, we show for the �rst time that scaling
pretraining context length yields steady gains in closed-loop performance:RoboTTT-8K achieves a 63% higher
task completion score than the same model pretrained with 1K-timestep context and outperforms the best
short-context baseline by 57%, suggesting context length as a new scaling axis for robot foundation models.

At its core, RoboTTT integrates Test-Time Training (TTT) (64; 78) into robot foundation models such as
Vision-Language-Action (VLA) policies (51). RoboTTT is a sequence model whose recurrent state consists of fast
weights (58): unlike slow weights, which are frozen at inference, fast weights are updated by gradient descent
during both training and inference. This design addresses the three challenges of long-context visuomotor
policies: encoding long histories with su�cient capacity, exploiting the conditioned context ( 12), and keeping
inference cost constant in context length. First, a fast model (e.g., an MLP) parameterized by fast weights o�ers
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greater capacity than the vector-valued states of recurrent neural networks. Second, training the fast model
during deployment retains salient features and discards redundant ones in the dense, repetitive streams of robot
observations and actions. Third, propagating fast weights over time keeps inference cost constant, whereas
Transformer inference grows with history even with a KV cache. Crucially, by learning during deployment,
RoboTTT enables new forms of in-context adaptation and policy improvement. For example, it conditions
on a human video demonstrating a new task con�guration to achieve one-shot imitation. Through DAgger
Distillation, a training procedure that distills DAgger-style ( 57) failure-to-correction mappings into fast weights,
it learns to improve on the �y. To scale training context length, our recipe combines sequence action forcing with
truncated backpropagation through time (TBPTT), allowing context to grow without increasing GPU memory.
Videos are available at research.nvidia.com/labs/gear/robottt.

2. Preliminaries

Test-Time Training Mechanism Test-Time Training (TTT) ( 64; 78) introduces fast weights that are updated
during both training and inference to dynamically model contextual information. This contrasts with slow
weights (i.e., model parameters), which are updated only during training and remain frozen during inference.
Formally, consider a sequence ofd-dimensional tokens X and its query, key, and value sequencesQ; K; V ,
induced by projection matrices � Q ; � K ; � V , with Qt ; K t ; Vt denoting the projections at timestep t. The fast
weights W parameterize a small neural network f W (�) : R d ! R d, for instance a linear layer or an MLP. At
timestep t, the fast weights are updated to associate K with its corresponding value projection V through

Wt  W t�1 � �r W L FW
�
f W t�1 (K t ) ; Vt

�
; (1)

where L FW (v̂; v) = kv̂ � vk 2 is typically a mean squared error and� denotes the (learnable) learning rate. The
updated fast weights then compute the output Ot in the apply step via

Ot = f W t (Q t ): (2)

This �update then apply� operation occurs during both training and inference. Intuitively, the update step
encodes contextual information into the parameter space of the fast modelf W , and the apply step retrieves
it for the downstream prediction. The projection matrices � Q ; � K ; � V and the fast weight initialization W0 are
learned with the outer task loss, such that the history mechanism is optimized for the task at hand. At inference,
TTT thus compresses previously processed tokens into its fast weights, whereas standard full attention retains
all previous keys and values in memory and attends over them at each step.

Robot Sequence Models In this work, we consider robot policies that condition on their rollout history, also
known as robot sequence models (22; 32; 56; 67). Concretely, a robot trajectory � = f(o t ; qt ; A t )g

T
t=1 consists

of image ot , proprioception qt , and action chunk A t tuples; we omit the language modality for simplicity. We
learn policies �(A t j� <t ; ot ; qt ) that condition on the history � <t before timestep t and the current observation.
For long-context policies, we aim to scale the context length j�<t j.

3. Method: Test-Time-Training Robot Policies

In this section, we introduce Test-Time-Training Robot Policies(RoboTTT), a robot model and training recipe for
learning over long-context robot trajectories. We �rst describe the model architecture and how we integrate TTT
into modern robot foundation models, then a training recipe that combines sequence action forcing with truncated
backpropagation through time (TBPTT) to scale training context length. We then describe howRoboTTT enables
long-context conditioning, unlocking new forms of in-context adaptation and policy improvement: one-shot
imitation from in-context human video demonstrations, and DAgger Distillation, a meta-learning method
that teaches the policy to improve on-the-�y by distilling the DAgger-style ( 57) correction process, mapping
suboptimal robot actions to human corrections, into its fast weights. Finally, we share implementation details.
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Figure 2: RoboTTT model architecture, training, and inference. TTT layers are added after the attention
layers in the DiT action head: attention operates within each timestep, while TTT layers operate across
timesteps. Training uses a sequence �ow-matching loss with sequence action forcing, sampling the noise level
independently per action chunk. Inference starts from the learned initialization W0, updating fast weights on
each observation and propagating them forward.

3.1. Model Architecture

RoboTTT integrates TTT layers into robot foundation models, such as VLA models, while preserving compat-
ibility with the underlying architecture, and thus applies to a broad range of backbones. In this paper, we
instantiate RoboTTT on top of GR00T N1.7 (51).

Test-Time Training for Robot Actions As shown in Fig. 2, RoboTTT consists of a vision-language model
(VLM) backbone and a Di�usion Transformer (DiT) ( 52) action head with TTT layers. At timestep t, it pre-
dicts an H -step action chunk A t = [a t ; : : : ; at+H�1 ]. We add TTT layers after the self- and cross-attention
layers, so that attention processes single-step information while TTT layers process information across
the time dimension. Concretely, the input to RoboTTT's DiT is a robot trajectory spanning T timesteps,
[R1; � 1; q1; ~A1; : : : ; RT ; � T ; qT ; ~AT ], where � t are the vision-language (VL) tokens output by the VLM,qt is the
encoded proprioception token, ~A t are the noised action tokens, andRt are N learned register tokens (14; 30)
prepended at each timestep that attend to all other tokens. Attention layers operate on the single-step tokens
Rt , qt , and ~A t , and cross-attend to the VL tokens� t of that timestep. The per-timestep attention outputs are
then concatenated along the time dimension,X = [R 1; q1; ~A1; : : : ; RT ; qT ; ~AT ], and passed through the TTT
layers for the fast weight update (Eq. 1) and output (Eq. 2). We avoid passing the VL tokens� through TTT
layers directly for computational e�ciency, relying instead on the smaller number ( N = 16 ) of register tokens
R to carry VL information across time.

Figure 3: Computation �ow with tanh gat-
ing. The TTT output is weighted by the
learned gate tanh(�) before being added to
the attention output.

Gating for Preserving Pretrained Capabilities To retain the
knowledge of the pretrained VLA model, RoboTTT is initialized
from the base model weights and adopts a learnedtanh gating
mechanism (1) that keeps the contribution of TTT small at the
start of training. Concretely, for each DiT layer, we learn � 2 R d,
initialized to near zero (0.001), and gate the TTT contribution
through

O = tanh(�) � O TTT + O attn ; (3)

where OTTT is the TTT layer output from Eq. 2 and Oattn is the
attention layer output. In this way, RoboTTT learns to adjust
the contribution of the TTT layers without overwhelming the
computation of the pretrained model.
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3.2. RoboTTT Sequence Training

We train RoboTTT on robot trajectory sequences so that fast weights are updated within each training sequence,
learning both a suitable fast weight initialization and its update dynamics. The TTT projection matrices
� Q ; � K ; � V and the fast weight initialization W0 are learned as part of the model parameters. Speci�cally, given
a training sequence, we run TTT over it in the inner loop with the fast weight loss L FW (Sec. 2), compute
the outer task loss at every timestep, and optimize the full model on the averaged loss. In this way, the
projection matrices are learned directly from the outer task gradient, and W0 is meta-learned through gradients
of gradients (21; 65), tailoring the fast weight updates to robot trajectories.

Concretely, our datasetD = f� (i) gN
i=1 contains N trajectories, each a sequence of language, image, pro-

prioception, and action-chunk tuples � = f(l; o t ; qt ; A t )gT
t=1 , reintroducing the language instruction l, which

is shared across the trajectory. Each training sequence is a full trajectory or a contiguous sub-trajectory up
to a maximum context length. Denoting the per-step �ow-matching objective as ` t , the sequence loss over a
trajectory � given fast weight initialization W 0 is

L fm (�; W 0) =
1
T

TX

t=1

` t ((l; o t ; qt ; A t ) ; Wt�1 ) ; (4)

where Wt�1 is the fast weight state entering timestep t, updated to Wt inside the TTT layers (Eq. 1). Each
optimization step then takes a gradient step w.r.t. L fm , updating both regular model weights and the fast
weight initialization.

Sequence Action Forcing RoboTTT is trained with a �ow-matching objective for actions: the DiT action head
learns to denoise ~A t = A �

t = �A t + (1 � � )� , where � 2 [0; 1] is the �ow-matching timestep and � � N (0; I)
is the sampled noise. In sequence training, we �nd it necessary to sample the noise level independently for
each action chunk in the sequence, a technique we call sequence action forcing. Without it, training is unstable,
possibly because sharing one noise level across the sequence (full-sequence di�usion) makes entire sequences
uniformly easy (low noise) or uniformly hard (high noise) to learn, echoing the �ndings of Chen et al. (10).

To summarize, denoting the DiT action head asv� and the timestep-t tuple as � t = (l; o t ; qt ; A t ), we train
RoboTTT with sequence action forcing by minimizing

L fm (�; W 0) =
1
T

TX

t=1

` t (� t ; Wt�1 ) =
1
T

TX

t=1

E� t ;�

h
kv� (� t ; A � t

t ; qt ; Wt�1 ) � (A t � �)k 2
i

; (5)

where each �t is sampled independently as �t = s(1 � u), u � Beta(1:5; 1), s = 0:999.

Figure 4: TBPTT. Gradients are truncated at
segment boundaries; fast weights carry over,
so TTT continues over the entire sequence.

Truncated Backpropagation Through Time Training on
long sequences with full backpropagation through time (BPTT)
stores activations for every timestep, so GPU memory grows
with sequence length. We instead adopt truncated backprop-
agation through time (TBPTT): the input sequence is divided
into segments, and gradients �ow only within each segment
(Fig. 4). Crucially, the fast weights are carried over across seg-
ment boundaries, so TTT continues over the entire sequence,
while their gradients are detached at the boundaries. GPU
memory is thus determined by the segment length rather than
the total sequence length, allowing arbitrarily long training con-
texts under a �xed memory budget. Note that the fast weight
initialization W0 still receives gradients through the �rst seg-
ment, whose updates originate directly from W0.

Inference As illustrated in Fig. 2, RoboTTT starts each rollout from the learned initialization W0, updates
the fast weights on the current observation, and propagates them to the next timestep. At each timestep, action
chunks are generated with k-step denoising.
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Figure 5: Evaluation tasks. Three long-horizon assembly tasks on a YAM bimanual setup; each row shows
one rollout. Top, Pup Go Car: toy vehicle assembly, 2-minute average episodes. Middle, Circuit: target
con�guration speci�ed by a language prompt or a one-shot human video demonstration; 1-minute episodes.
Bottom, Gear Bot: ten-stage assembly spanning �ve minutes, our longest-horizon task.

3.3. E�ective Learning from Context

RoboTTT decouples fast weight updates from slow weight updates: by masking the �ow-matching loss on
selected timesteps, those timesteps serve as pure context, updating the fast weights without providing an
imitation target. This �exibility lets RoboTTT learn from heterogeneous contexts, such as human video
demonstrations or the robot's own suboptimal rollouts.

Imitation from In-Context Video Demonstrations We pair human video demonstration sequences � video

with robot trajectories � robot of the same task: the video sequence updates the fast weights only (its �ow-
matching loss is masked), while the action loss is computed on the robot trajectory conditioned on the updated
fast weights. Trained on such pairs, the model learns to extract task information from the in-context video;
at test time, conditioning on a single human video of an unseen task con�guration yields one-shot imitation.

Figure 6: DAgger Distillation. During se-
quence training, all executed actions update
the fast weights, but the �ow-matching loss
is computed only on human corrections.

DAgger Distillation Consider a robot rollout with human
corrections collected as in DAgger (57): whenever the robot
makes a mistake, a human operator intervenes with corrective
actions, yielding a trajectory � DAgger = f(l; o t ; qt ; A t )gT

t=1 in
which each executed action chunkA t is either a robot action
AR

t or a human correction AH
t . Such interleaved rollouts trace a

natural pattern of online policy improvement. Standard DAgger
�ne-tunes on the human corrections and discards the subopti-
mal robot actions; yet it is precisely these actions that reveal
what failure each correction responds to. RoboTTT instead
uses both, in asymmetric roles: during sequence training, the
fast weights are updated on the full interaction history, not only the executed corrections but also the suboptimal
robot actions themselves, while the �ow-matching loss is masked to the human corrections only.

We call this procedure DAgger Distillation (Fig. 6). This asymmetry, failures as context and corrections as
targets, is precisely how the human's failure-to-correction mapping is distilled into the fast weights: the model
learns to produce corrections in response to failures, rather than to imitate corrections in isolation, making
fuller use of the same collected data. We view it as an instantiation of Algorithm Distillation (39) in robotics:
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