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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. RoBOoTTT exhibits capabilities such as one-shot in-context imitation from
human videos and on-the-fly policy improvement.
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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-fly policy improvement, robustness to
perturbations, and stronger performance on multi-stage, long-horizon tasks. We also observe, for the
first 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 five-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 .

Keywords: Long-Context Policies, Test-Time Training, Robot Foundation Models

1. Introduction

Most state-of-the-art robot foundation models operate with single-step or short-history visuomotor context (5;
;3 85 29; 365 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-fly 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 (dubbed RoBoTTT-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-fly 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 five
minutes and spanning ten stages, which no baseline ever does. Finally, we show for the first 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 sufficient 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 offers
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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 configuration 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 fly. 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

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 of d-dimensional tokens X and its query, key, and value sequences Q, K,V
induced by projection matrices 6q, 0k, 8y, with Q,, K, V, denoting the projections at timestep ¢. The fast
weights W parameterize a small neural network fy(-) : R — R, for instance a linear layer or an MLP. At
timestep ¢, the fast weights are updated to associate K with its corresponding value projection V' through

Wi < Wit —nVwLew (fwe_, (K), Vi), €]

where Lrw (9,v) = ||© — v||? is typically a mean squared error and 7 denotes the (learnable) learning rate. The
updated fast weights then compute the output O, in the apply step via

Or = fw, (Q). 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 model fy, and the apply step retrieves
it for the downstream prediction. The projection matrices 6, 0k, 6y and the fast weight initialization W, 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 & = {(o, qt, At)}f:1 consists
of image o;, proprioception ¢;, and action chunk A; tuples; we omit the language modality for simplicity. We
learn policies w(A¢|€<¢, o, ¢:) that condition on the history £, before timestep ¢ and the current observation.
For long-context policies, we aim to scale the context length |{4|.

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 first 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 how RoBoTTT 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-fly 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 flow-matching loss with sequence action forcing, sampling the noise level
independently per action chunk. Inference starts from the learned initialization W, 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 ROoBOTTT on top of GROOT 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 Diffusion Transformer (DiT) (52) action head with TTT layers. At timestep ¢, it pre-
dicts an H-step action chunk A; = [ay,...,a:rm—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 7' timesteps,
[R1,®1,q1, Ay,....Rp, D, qr, flT], where @, are the vision-language (VL) tokens output by the VLM, ¢; is the
encoded proprioception token, A, are the noised action tokens, and R, 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
Ry, ¢, and A,, and cross-attend to the VL tokens @, of that timestep. The per-timestep attention outputs are
then concatenated along the time dimension, X = [R1,q1, A1, ..., Ry, qr, Ar], 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 efficiency, relying instead on the smaller number (N = 16) of register tokens
R to carry VL information across time.

Gating for Preserving Pretrained Capabilities Toretainthe ( am ) ( am ) (( _Awm )
knowledge of the pretrained VLA model, RoBoTTT is initialized ... Flatten dvertime
from the base model weights and adopts a learned tanh gating

mechanism (1) that keeps the contribution of TTT small at the TTT Layer
.sta.lr't o.f training. Concretely, for each DiT layer, we learn a € Rd, % VL % VL 4 VL /£
initialized to near zero (0.001), and gate the TTT contribution i 4
throu gh ( Tanh Gating ]
O = tanh(a) ® O + Oatin, 3)

where Orrr is the TTT layer output from Eq. 2 and Oy, 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.

Figure 3: Computation flow with tanh gat-
ing. The TTT output is weighted by the
learned gate tanh(«) before being added to
the attention output.
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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
80,0k, 0y and the fast weight initialization W), are learned as part of the model parameters. Specifically, given
a training sequence, we run TTT over it in the inner loop with the fast weight loss Lrw (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 W is meta-learned through gradients
of gradients (21; 65), tailoring the fast weight updates to robot trajectories.

Concretely, our dataset D = {¢()}¥ | contains N trajectorles each a sequence of language, image, pro-
prioception, and action-chunk tuples ¢ = {(I, o, g, A;) }._,, reintroducing the language instruction I, 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 flow-matching objective as ¢;, the sequence loss over a
trajectory ¢ given fast weight initialization Wy is

Lim (&Wo) = Zet (100, g1, Ar) s Wi1) (4)

t 1

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

Sequence Action Forcing RoBOTTT is trained with a flow-matching objective for actions: the DiT action head
learns to denoise A, = AT = 7A; + (1 — 7)¢, where 7 € [0, 1] is the flow-matching timestep and ¢ ~ A/(0,T)
is the sampled noise. In sequence training, we find 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 diffusion) makes entire sequences
uniformly easy (low noise) or uniformly hard (high noise) to learn, echoing the findings of Chen et al. (10).

To summarize, denoting the DiT action head as vg and the timestep-t tuple as &; = (I, o¢, q;, A;), we train
RoBOTTT with sequence action forcing by minimizing

S

T
Lim (& Wo) = Z (& Wir) = Z i€ {|’09 q)mAtﬁalIt;Wt—l)*(At*E)HQ ) )

where each 7, is sampled independently as 7y = s(1 — u), u ~ Beta(1.5,1), s = 0.999.

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 flow only within each segment
(Fig. 4). Crucially, the fast weights are carried over across seg- B carry B cary
ment boundaries, so TTT continues over the entire sequence, % ——)_14_
while their gradients are detached at the boundaries. GPU petach Detach Al
memory is thus determined by the segment length rather than
the total sequence length, allowing arbitrarily long training con-
texts under a fixed memory budget. Note that the fast weight
initialization Wj still receives gradients through the first seg-
ment, whose updates originate directly from Wj.

Input Sequence

v

, Gradient Flow . Stop Gliadie,nt

TBPTT Segment1  TBPTT Segment2 - TBPTT Segment N

TTT Fast Weights Update

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

Inference As illustrated in Fig. 2, RoBoTTT starts each rollout from the learned initialization W, 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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Pup Go Car (T,,,: 2 mins)
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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

configuration specified by a language prompt or a one-shot human video demonstration; 1-minute episodes.
Bottom, Gear Bot: ten-stage assembly spanning five minutes, our longest-horizon task.

3.3. Effective Learning from Context

RoBOTTT decouples fast weight updates from slow weight updates: by masking the flow-matching loss on
selected timesteps, those timesteps serve as pure context, updating the fast weights without providing an
imitation target. This flexibility 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 £V'4¢°
with robot trajectories £'°P°t of the same task: the video sequence updates the fast weights only (its flow-
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 configuration yields one-shot imitation.

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 £PA8eer = {(I o4, qs, Ay)}E., in
which each executed action chunk A, is either a robot action
AR or a human correction A!!. Such interleaved rollouts trace a
natural pattern of online policy improvement. Standard DAgger  Figure 6: DAgger Distillation. During se-
fine-tunes on the human corrections and discards the subopti— quence training, all executed actions update
mal robot actions; yet it is precisely these actions that reveal  the fast weights, but the flow-matching loss
what failure each correction responds to. RoBoTTT instead  is computed only on human corrections.
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 flow-matching loss is masked to the human corrections only.

robot actions D human corrections

%)

“ (fast weight update only) (fast weight update + flow-matching loss)

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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Figure 7: Main evaluation: task completion scores on three assembly tasks. Scores are rubric-based,
reported in percent; higher is better.

the improvement process induced by human interventions is distilled into the policy’s fast-weight adaptation.
At test time, the model performs such corrections online, without human intervention; its own corrections then
enter the history and are absorbed into the fast weights, exactly as the human corrections were during training.
As we show in Sec. 4, DAgger Distillation yields stronger failure recovery and higher task performance than
standard DAgger training.

3.4. Implementation Details

We instantiate RoBOTTT on pretrained GROOT N1.7 (51), adding a TTT layer to each of its 16 DiT layers;
each fast model is a two-layer MLP. We pretrain on a mixture of tabletop bimanual robot data and egocentric
human data (81), gradually increasing the pretraining context length up to the target (e.g., 8K timesteps for
RoBOTTT-8K), for 30K steps on 16 NVIDIA GB200 GPUs. We then post-train on each downstream task at 1K
context length for 20K steps. Further details are in Appendix

4. Experiments

Experiment Settings We evaluate on three long-horizon, multi-stage assembly tasks requiring bimanual
manipulation and dexterity (Fig. 5): Pup Go Car, Circuit, and Gear Bot. All experiments use a YAM bimanual
setup with four RGB cameras: top, bottom, left wrist, and right wrist. For each task, we collect 8, 6, and 5
hours of real-robot data, with average episode lengths of 2 minutes, 1 minute, and 5 minutes, respectively.
The Circuit task has 80 assembly configurations, varying components, assembly order, and number of pieces;
the target configuration is specified through the language prompt (or a one-shot human video demonstration).
We train on 20 configurations and test on the remaining 60.

We compare RoBOTTT against three baselines: GROOT N1.7 (51) with single-step context; GROOT N1.7
Hist., GROOT N1.7 with one history frame; and GDN, in which the TTT layers of RoBoTTT are replaced with
Gated DeltaNet layers (74), a linear-complexity recurrent memory that updates its state without test-time
gradient descent. All methods are post-trained on the same task data: sequence models use a 1K-timestep
context, and non-sequence models are trained to a matched compute budget. Each policy is evaluated for 20
trials (10 for Gear Bot due to its substantially longer horizon) across varied configurations. We report the
number of fully successful trials and a rubric-based task completion score normalized to [0, 1] (reported in
percent). Hyperparameters and score rubrics are in Appendix

RoBOTTT consistently outperforms baselines on dexterous, long-horizon tasks. As shown in Fig. 7 and
Table 1, RoBOTTT achieves an average task completion score of 79%, 87% higher than the single-step context
baseline GROOT N1.7 (42%) and 41% higher than the best baseline GDN (56%), with the most fully successful
trials on every task. Notably, on Gear Bot, which requires five minutes on average for full completion, ROBOTTT
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Figure 8: Closed-loop performance scales with pretraining context length. Average task completion score
across the three tasks as pretraining context length grows from 128 to 8K timesteps. RoBOTTT improves
steadily, surpassing the best short-context baseline from 1K onward with no sign of saturation; GDN does not
benefit from longer context. Single-Step Context and Short Context denote GROOT N1.7 and GROOT N1.7 Hist..
All evaluations in this figure predate the DAgger training used for Pup Go Car in the main results.

achieves full successes (2 of 10) while no baseline ever does. Qualitatively, ROBOTTT excels in three aspects.
First, it tracks task progress: in multi-stage assembly, visually similar stages cause state aliasing, leading baselines
to perform wrong motions or skip stages, whereas the fast weights, updated on the fly, retain salient features of
the history and disambiguate the current stage. Second, it exhibits strategic recovery: during roof drilling on Pup
Go Car, if the drill misses the roof screw, RoBoTTT raises the arm, re-aligns, and re-attempts, while baselines
proceed to the next stage as if the previous one had succeeded. Third, it is more precise in fine-grained stages such
as inserting and snapping circuit components; we attribute this to long context mitigating partial observability,
as past observations of the object of interest inform actions when it is currently occluded. The relevant
observation window is difficult to specify a priori; RoBOTTT instead learns what to retain, suggesting that with
a sufficiently expressive sequence model, the use of long context can be learned rather than hand-designed.

Can history alone match RoBoTTT? Naively concatenat-
ing past observations does not reliably help: on Pup Go Car,
GROOT N1.7 Hist. scores 39.5% versus 57% for its no-history GR(‘)‘g‘T"’NTS gﬁﬁg i / o ﬁj .
counterpart GROOT N1.7, as appended histories can introduce  GrooT N1.7 Hist. 0/20 8/20 0/10
spurious correlations and leave the robot temporally out of GDN 3/20 8/20 0/10
distribution at inference. GDN, which compresses history into
a recurrent state, improves over GROOT N1.7 on Circuit and
Gear Bot but not Pup Go Car. Notably, both GDN and RopoTTT  trials on three assembly tasks, out of 20
maintain fixed-size states; the difference is the update rule. ~Per task (10 for Gear Bot). RoBOTTT is the
We hypothesize that the gated delta rule, a linear associative ~ ©nly method with full successes on Gear Bot.
update without test-time gradient descent, struggles to extract
structure from dense, repetitive robot streams across thousands of timesteps, whereas RoBoTTT’s nonlinear
fast model, updated by gradient descent at test time, is the more expressive compressor.

Method Pup Go Car Circuit Gear Bot

Table 1: Main evaluation: fully successful

Scaling pretraining context length yields steady gains in closed-loop performance. We pretrain both
RoBOTTT and GDN at context lengths from 128 timesteps (a few seconds) to 8K (over four minutes), then
post-train and evaluate closed-loop performance on all three tasks (Fig. 8). As references, Single-Step Context
denotes GROOT N1.7, conditioned on the current observation only, and Short Context denotes GROOT N1.7 Hist.,
with one additional history frame. RoBOTTT exhibits a clear scaling trend: closed-loop performance increases
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Human Demo

Resetting

Figure 9: One-shot imitation from an in-context human video. Continuous footage: a human demonstrates
an unseen configuration (frames 1-3), the scene is reset (frame 4), and RoBOTTT reproduces the assembly
(row 2). The prompt is identical across configurations, so the target is identifiable only from the video.

steadily with pretraining context length, reaching 71.5% at 8K, 63% higher than the same model pretrained
at 1K (43.9%) and 57% higher than the best short-context baseline GROOT N1.7 Hist. (45.6%), with no sign
of saturation. GDN shows no such trend. We attribute the difference to the two update rules: RoBoTTT’s fast
weights are updated by gradient descent, and the outer loss meta-learns their initialization W}, and update
dynamics, which longer training sequences shape over more update steps; GDN’s linear associative state admits
no such meta-learning. Below 1K, RoBOTTT remains competitive (still outperforming GDN at matched lengths)
but falls short of its longer-context variants. We attribute this to the rollout horizon exceeding the training con-
text: 1K timesteps is about half a minute, shorter than our shortest task episode, so at inference the fast weights
are updated far beyond the window seen in training, and positional embeddings extend to unseen positions.

Long-context conditioning unlocks one-shot imitation and perturbation robustness. We first evaluate one-
shot imitation. For the Circuit task, we collect additional human demonstration videos in which the robot stays
idle and a human assembles the circuit by hand. For each assembly configuration in the training set, we collect
5-20 human videos with varied initial layouts. During training, we sample a human video and a robot trajectory
of the same configuration and concatenate them into a single training sequence, masking the flow-matching
loss on the video portion (Sec. 3.3). We use the same task prompt, “assemble circuit,” for all configurations,
so the target configuration is identifiable only from the in-context video. Since GROOT N1.7 cannot condition
on context and human videos far exceed GROOT N1.7 Hist.’s history window, we compare against GDN.

As shown in Table 2, RoBoTTT follows the in-context demon-
stration (Fig. 9) and achieves six successful assemblies out of
ten trials, while GDN fails entirely, picking up wrong compo-

Number of Successful Rollouts

6/ 10
0/10

Task Completion Score

RoboTTT 65%
GDN 33%

nents or assembling in the wrong order. This suggests that
although recurrent-memory policies can encode contextual in-
formation, they struggle to use it; RoBOTTT instead queries a
fast model updated by gradient descent on the history, retriev-
ing the demonstrated configuration when needed.

We next evaluate perturbation robustness: beyond condi-
tioning across episodes, RoBoTTT also conditions within an
episode. On Pup Go Car, a human removes the yellow roof
after the robot installs it, or removes a tire after insertion; a
policy that conditions on its own rollout should return to the
pre-perturbation stage and reinstall the part. We collect 30
minutes of perturbation data and co-train it with the task data.
As shown in Table 3, all methods exhibit some robustness, likely
from this co-training, but the long-context methods react suc-

Table 2: One-shot imitation on Circuit. Task
completion score and fully successful trials,
conditioning on one in-context human video
of an unseen configuration.

Method Roof Perturbation Tire Perturbation

RoboTTT 15/ 20 18/ 20

GROOT N1.7 10/ 20 11/20
GROOT N1.7 Hist. 3/20 5/20
GDN 13/20 18/ 20

Table 3: Robustness to external perturba-
tions. Each entry reports successful recov-
eries, i.e., where the policy reassembled the
removed part, out of 20 per condition.
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Figure 10: DAgger Distillation results on Pup Go Car. Task completion after fine-tuning on a pool of 100
DAgger trajectories (50 collected with RoBoTTT, 50 with GROOT N1.7). DAgger Distillation applies to the
sequence models RoBoTTT and GDN.
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Figure 11: On-the-fly recovery learned through DAgger Distillation. While tightening the roof screw on Pup
Go Car, RoBoTTT misses the screw (frames 1-3), raises the arm and re-attempts, getting closer but missing
again (frames 4-5), then re-adjusts once more and succeeds (frames 6-8).

cessfully more often: ROBOTTT recovers in 15/20 roof-perturbation trials versus 13/20 for GDN and at most
10/20 for the short-context baselines, and both RoBoTTT and GDN recover in 18/20 tire trials. This supports
the view that visuomotor context improves within-episode conditioning; example recoveries are shown in
Fig. 1.

RoBOTTT learns to recover on the fly and improves upon standard DAgger. On Pup Go Car, we study
DAgger Distillation against alternative uses of DAgger data (Fig. 10). We collect 50 DAgger trajectories each with
RoBOTTT and GROOT N1.7 as the base policy, and use the pooled 100 trajectories to train all methods. Standard
DAgger, fine-tuned on human corrections alone, improves the base policies by 9% on average across the four
methods, and by 13% on the two sequence models. DAgger Distillation, applicable to the sequence models
RoBOTTT and GDN, takes the full trajectory, including the suboptimal robot actions, as context while computing
the imitation loss only on the human corrections (Sec. 3.3). From the same DAgger data, it yields a 33% average
improvement: 36% for RoBOTTT and 29% for GDN. Notably, the suboptimal robot actions carry no value as
imitation targets: fine-tuning GROOT N1.7 on the full trajectories, robot actions included, performs identically
to corrections alone (57% for both). Their value is as context: qualitatively, most of DAgger Distillation’s gain
comes from recovering after wrong actions (Fig. 11), indicating that the failure-to-correction mappings distilled
into the fast weights manifest as on-the-fly improvement during rollout. That GDN also improves substantially
suggests DAgger Distillation applies generally to sequence-model policies, though RoBoTTT benefits the most.
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Design choices that matter for RoBoTTT’s per-

. . . GROOT N1.7 |
formance. We ablate key design choices. First, w/ Register Tokens
we compare against two variants: ROBOTTT with- & —No Seq. Action Forcing 1
out sequence action forcing (No Seq. Action Forcing) j:;’ [ TT Linear-
and RoBOTTT with the fast model replaced by a

. . =] State Tokens
linear layer (TTT Linear). Second, we trace the de- 2
velopment of RoBOTTT as a roadmap: TTT layers § Add Action Tokens 1
processing only state tokens (State Tokens), then ad- E Add Register Tokens 1

ditionally passing action tokens through the TTT lay- 00 01 02 03 04 o5 06
ers (+ Action Tokens), and finally inserting learned Task Completion Score
register tokens (4 Register Tokens), which yields the
full RoBOTTT. Since the register tokens add capac-
ity independent of TTT, we also augment GROOT
N1.7 with the same number of register tokens, so
the comparison isolates the TTT mechanism from
the extra tokens.

Figure 12: Ablation results on the Pup Go Car task.
We ablate sequence action forcing and the fast-model
architecture (MLP vs. linear), and trace each component
added during development (state tokens, action tokens,
register tokens). GROOT N1.7 with register tokens is
included for a matched-token comparison.
As shown in Fig. 12, removing sequence action

forcing during training significantly hurts closed-loop performance: the resulting inaccurate motions leave the
robot unable to make meaningful progress. This underscores the importance of applying different noise levels
across noised action chunks during sequence training. The TTT-linear variant outperforms the GROOT N1.7
baseline but remains suboptimal, 27% worse than the MLP fast model, suggesting that expressive, nonlinear
fast models matter most, echoing findings in vision and language modeling tasks (78).

Starting from a TTT MLP processing only state tokens, we improve performance by gradually adding tokens.
Adding action tokens yields a 23% relative improvement: aware of its past actions, the model better captures
environment dynamics. Adding register tokens yields a further 18% relative improvement. In contrast, register
tokens do not help GROOT N1.7. This suggests that learned register tokens are beneficial only when paired
with TTT’s temporal modeling, helping the model encode contextual information.

5. Related Work

Long-Context Policies Most state-of-the-art robot foundation models operate with single-step or short-
history context. Most Vision-Language-Action models (VLAs) and some World Action Models (WAMs) take
only the current observation (5; 29; 36; 37; 51; 60; 76) or a few consecutive observations (typically 2 to
8) (7; 8; 41; 47; 67; 75). Some work extends the observation window by, e.g., visually supplying movement
trajectories (80), compressing vision-language tokens (31), predicting past actions (68), or caching and gating
history tokens (23). These models nonetheless remain limited to a fixed context size. For longer horizons,
history can be delegated to higher-level semantics such as keyframes (50; 61) and language (44; 69), but long
visuomotor context remains important for capabilities such as in-context learning (18; 22), on-the-fly policy
improvement (39), and adaptation (38; 55; 66).

Another line of work processes the entire rollout history autoregressively (6; 22; 32; 40; 56). While these
models capture long-context dependencies well, they are computationally prohibitive for real-robot deployment
over long horizons, since decoding latency with a KV cache grows linearly with context length. Recurrent
neural network (RNN) policies (49) offer an alternative with constant inference complexity, but traditional
architectures such as LSTMs (26) scale worse than their full-attention counterparts (34). RoBOTTT can also be
viewed as an RNN policy whose recurrent states are fast weights, updated by gradient descent on the Test-Time
Training (TTT) loss. Crucially, this recurrent structure lets us scale context length, and we show that RoBoTTT
consistently outperforms the best single-step and short-context baselines once context length is sufficiently
scaled.

Building long-context policies requires addressing the spurious correlations introduced by history (15; 70),
where policies overfit to past actions implicitly encoded in past observations. Prior work mitigates this
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by summarizing context histories (50; 61), introducing auxiliary objectives (68), or selectively bypassing
context (23). RoBOTTT instead addresses it through the learned TTT fast weights, which dynamically encode
relevant information into the parameter space while erasing redundant features.

Test-Time Training Test-Time Training (TTT) (63) is a paradigm in which neural networks rapidly update
a small subset of their parameters, known as fast weights, using a self-supervised objective during both training
and inference, enabling continuous storage and retrieval of contextual information. Recent work has developed
improved test-time optimization and online learning objectives (3; 4; 35; 78), tighter architectural integration
with language and vision models (20; 24; 65; 79), and more efficient training strategies (42; 43). First
demonstrated for language modeling (77), TTT has since shown promising results in video generation (13),
computer vision (24), and 3D reconstruction (11). These modalities are inherently sequential, and TTT’s
success there suggests strong potential for robotics, where agents likewise interact with their environments in
a continuous, streaming manner.

While several recent works (2; 45; 82) use the term “test-time training” for robotics, they do not employ
fast weights, instead collecting extra data on test tasks to fine-tune the entire model. The closest setting
to ours is Ziakas and Russo (83), which equips Vision-Language Models (VLMs) with fast weights to adapt
value functions for robotic tasks. ROBOTTT instead builds robot visuomotor policies on top of TTT layers. By
scaling the training context length, we show that RoBOTTT exhibits new capabilities such as one-shot imitation
from in-context human demonstration videos and on-the-fly policy improvement, while achieving stronger
closed-loop performance on long-horizon tasks.

Robot Foundation Models Recent years have seen rapid progress in robot foundation models that build on
large-scale vision-language pretraining and adapt it to robotic control (5; 7; 8; 19; 29; 32; 36; 51; 67; 72; 80). A
common paradigm initializes from pretrained VLMs and adds an action generation module mapping multimodal
representations to robot actions. Existing approaches differ primarily in how actions are represented and
predicted. One line formulates control as autoregressive sequence modeling, discretizing actions into tokens
generated by next-token prediction (36; 54; 72). Another preserves continuous action spaces by coupling
pretrained VLMs with diffusion or flow-matching policy heads (5; 17; 51; 67), modeling multimodal action
distributions more expressively. While RoBoTTT can in principle be a plug-and-play module for any robot
foundation model architecture, here we instantiate it on the flow-matching GROOT-N1.7 (51) policy, our default
backbone throughout. Notably, although GROOT-N1.7 was trained with only single-step or short context,
RoBOTTT scales its context to 8K timesteps (about five minutes at 30 Hz control), and we find that capabilities
such as long-context conditioning emerge only once context length is sufficiently scaled.

6. Limitations and Conclusion

This work has a few limitations. First, scaling training context length increases training cost; future work could
adopt more recent TTT training techniques such as TNT (42). Second, while we develop a principled way of
integrating TTT into robot foundation models, future work might explore robotics-oriented objectives for the
TTT layers (as explored for vision (24)). Finally, although RoBoTTT improves task performance substantially,
it does not handle every failure mode encountered in deployment; combining it with reinforcement learning to
optimize task success directly is a natural next step.

We present RoBOTTT, a robot model and training recipe that scale the visuomotor context of robot policies
to 8K timesteps. At this context length, RoBoTTT unlocks new robot capabilities: one-shot imitation from in-
context human video demonstrations, on-the-fly policy improvement, robustness to external perturbations, and
stronger closed-loop performance on multi-stage, long-horizon tasks. At its core, ROBOTTT integrates Test-Time
Training into robot foundation models as the sequence modeling mechanism along the time dimension, and
its training recipe, combining sequence action forcing with truncated backpropagation through time, makes
training on long sequences tractable. We observe for the first time that scaling pretraining context length yields
steady gains in closed-loop performance, suggesting context length as a new scaling axis for robot foundation
models.
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A. Model Architecture, Training, and Deployment Details

A.1. Model Architecture

We instantiate ROBOTTT on pretrained GROOT N1.7 (51), which consists of the Eagle model (59) as the
vision-language model (VLM) backbone and a Diffusion Transformer (DiT) (52) as the action head. We add a
TTT layer to each of its 16 DiT layers. The original DiT has 538M parameters; each TTT layer adds roughly 10M,
for 690M in total. Each TTT layer contains a fast model, a two-layer MLP with GeLU activation (25), updated
by standard gradient descent at test time; more sophisticated test-time optimizers such as Muon (33; 78) are
left to future work. Following standard practice for TTT, we learn the inner test-time learning rate (63) on top
of a constant base learning rate of 0.1. We use RoPE (62) for positional embeddings with 6,,,e = 10000.

A.2. Training

We pretrain on a mixture of tabletop bimanual robot data and egocentric human video data (81), curated to
emphasize long trajectories; the trajectory length distribution is shown in Fig. . We train all models on
NVIDIA GB200 GPUs, using 16 GPUs per pretraining run and 8 per task-specific post-training run. Pretraining
tunes only the newly added sequence-modeling layers (TTT or GDN) and freezes the other components of
GROOT N1.7; post-training fine-tunes all parameters. During pretraining, we use a per-device batch size of 4
(global batch size 64) for context lengths of 4K and below, and 1 (global batch size 16) above. Post-training uses
a 1K context length and a per-device batch size of 1. We pretrain for 30K steps and post-train for 20K steps. All
models use the AdamW optimizer (48) with weight decay 1 x 10~°. Pretraining uses the Warmup-Stable-Decay
(WSD) schedule (28) with a peak learning rate of 2 x 10~°; post-training uses a cosine schedule with a peak
learning rate of 5 x 10~°.
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Figure A.1: Trajectory length distribution of the pretraining mixture.

A.3. Deployment

We deploy trained models on the YAM bimanual tabletop robot with four RealSense D405 cameras (top, bottom,
left wrist, right wrist) streaming 480p RGB observations. Inference runs on a workstation with an NVIDIA RTX
5090 GPU, at a control frequency of 30 Hz.

B. Task Definition and Experiment Details

This section provides task definitions and experiment details.

B.1. Task Definition

All tasks are scored on a [0, 1] task completion scale via task-specific rubrics, detailed below.

Pup Go Car As shown in Fig. A.2, the robot assembles the yellow roof and the first wheel of the model car “Pup
Go Car”. It picks up the roof, aligns the screw with the hole on the car body, and places the roof. It then grasps
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Figure A.2: The “Pup Go Car” task. The robot assembles the roof and first wheel of a model car across multiple
stages, including screwing, drilling, bimanual handoffs, and a car flip.

Figure A.3: The “Gear Bot” task. The robot installs gears and wheels on both sides of the chassis, flips it twice,
attaches the robot head, and drives it with a remote.

the drill, aligns it with the roof screw, and tightens it, before handing the drill off to the right hand. The robot
next flips the car with one hand and picks up a wheel with the right hand, which inserts the wheel into the car
body. It then picks up the drill again and tightens the wheel, before finally handing the drill off to the left hand.

The scoring rubric is as follows: 0.05 if the roof is picked up; 0.1 if the roof is placed on the car body; 0.25
if the roof screw is properly inserted into the car body; 0.3 if the drill is picked up; 0.35 if the drill tip contacts
the screw; 0.45 if the roof screw is fully tightened; 0.5 if the drill is handed to the right hand; 0.55 if the car
body is flipped and stabilized; 0.6 if the tire is picked up; 0.75 if the tire is inserted into the car body; 0.8 if
the drill is picked up; 0.85 if the drill is aligned with and contacting the wheel screw; 0.9 if the wheel is fully
tightened; 1.0 if the drill is handed to the left hand. We allow at most two attempts for wheel assembly.

Gear Bot As shown in Fig. A.3, the robot assembles the entire toy model “Gear Bot”. It installs one gear and
two wheels on each side of the chassis, flipping the chassis twice so the shafts face upward. It then picks up the
red “robot head” and inserts it onto the chassis. Finally, it picks up the remote control and pushes the joystick
so the Gear Bot moves around. The scoring rubric is as follows: +0.1 for each chassis flip, +0.1 for each gear
or wheel installation, +0.1 for “robot head” installation, and +0.1 if the remote control is used successfully.

Circuit As shown in Fig. A.4, the robot assembles circuit components on a board. Components include a red
LED, green LED, colorful LED, lamp, motor, snap wire, press button, and switch. The robot assembles two or
three pieces, following different assembly orders for the left and right components. Considering the component
combinations and assembly orders, there are roughly 80 configurations. If the assembly includes a switch or press
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Two Pieces: Left then right

. Al

Two Pieces: nght then left

Figure A.4: The “Circuit” task. The robot assembles two or three circuit components on a board and powers
the circuit on when a switch or button is present.

button, the robot must also turn it on after assembly. The scoring rubric is as follows. For two-piece assembly with-
out a switch or press button, +0.5 per component installed. For two-piece assembly with a switch or press button,
+0.33 per component installed and +0.33 if the circuit is turned on. For three-piece assembly without a switch or
press button, +0.33 per component installed. For three-piece assembly with a switch or press button, +0.25 per
component installed and +0.25 if the circuit is turned on. No partial credit is given if the assembly order is wrong.

B.2. Experiment Details

Baselines For the GROOT N1.7 and GROOT N1.7 Hist. baselines, we use the official implementation (51),
extended to support history-frame input for GROOT N1.7 Hist.. For the GDN baseline, we replace each TTT
layer with a Gated DeltaNet layer from the Flash Linear Attention library (73), keeping the layer placement,
gating, and parameter count matched to RoBoTTT.

Evaluation We deploy trained models on YAM bimanual tabletop robots. To ensure identical initial conditions
across methods, we record the initial object placements for each task and reproduce them at evaluation time.
We evaluate 20 rollouts for the Pup Go Car and Circuit tasks, and 10 rollouts for the Gear Bot task and for
the Circuit task under the one-shot human-video setting, owing to their substantially longer evaluation time.
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