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Abstract
We propose a test-time adaptation method that en-
ables a progress estimation model to adapt online
to the visual and temporal context of test trajecto-
ries by optimizing a learned self-supervised objec-
tive. We introduce a gradient-based meta-learning
strategy that explicitly trains the progress estima-
tor to learn to adapt at test time, inducing reliance
on semantic content rather than temporal order.
Our method generalizes from a single training
environment to diverse out-of-distribution tasks,
environments, and embodiments, outperforming
the state-of-the-art in-context learning approach
using autoregressive vision-language models.

1. Introduction
Vision-Language Models (VLMs) have demonstrated re-
markable generalization capabilities across diverse tasks and
domains by learning from large-scale, unstructured web data
without human supervision (Radford et al., 2021; Alayrac
et al., 2022). In contrast, despite significant advances in
learning generalist policies for robotics (Brohan et al., 2023;
Ghosh et al., 2024) and 3D virtual environments (Reed
et al., 2022; Team et al., 2024), state-of-the-art methods
in these domains have yet to achieve comparable success
due to their reliance on expert demonstrations, limiting their
scalability. World models have emerged as a promising
solution (Ha & Schmidhuber, 2018; Hafner et al., 2021),
enabling agents to learn in simulated environments. Despite
the potential of world models to generate realistic visual
trajectories in diverse, open-ended environments (Hughes
et al., 2024; Silver & Sutton, 2025), a critical challenge
remains: how can agents effectively learn from videos at
scale without relying on human supervision? One promis-
ing approach is to learn a generalizable goal-conditioned

This work is supported by UKRI (EP/Y037111/1) as part
of the ProSafe project (EU Horizon 2020, MSCA, grant no.
101119358). 1Department of Computing, Imperial College Lon-
don, London, United Kingdom. Correspondence to: Christos
Ziakas <c.ziakas24@imperial.ac.uk>.

Accepted to the 2nd Workshop on Test-Time Adaptation: Putting
Updates to the Test (PUT) at the 42 nd International Conference on
Machine Learning (ICML), Vancouver, Canada, 2025.

value function directly from expert visual trajectories and
their corresponding task descriptions, using it as a reward
and supervision signal for reinforcement learning and im-
itation learning, respectively (Chen et al., 2021; Ma et al.,
2022). In this framework, goal-conditioned value estimation
has been formulated as task progress estimation: predicting
how far an agent has progressed toward completing a task,
based on visual observations and a natural language task
description (Dashora et al., 2025).

Prior work on progress estimation has employed contrastive
VLMs (Radford et al., 2021), leveraging the similarity be-
tween a task description and a visual observation in their
shared multimodal representation. However, these meth-
ods do not incorporate temporal context from the visual
trajectory during inference (Ma et al., 2023; Baumli et al.,
2023; Rocamonde et al., 2024). In contrast, autoregressive
VLMs (Alayrac et al., 2022) incorporate temporal context by
conditioning on the full visual trajectory within the prompt;
however, the state-of-the-art approach (Ma et al., 2024) dis-
cards temporal order by shuffling the trajectory in inference
to mitigate a bias toward monotonically increasing predic-
tions, inherited from chronologically ordered datasets used
to pre-train VLMs. Both existing VLM architectures rely
on pre-trained representations and in-context learning for
generalization, which limits their robustness in tasks that
require temporal reasoning (Pătrăucean et al., 2023).

In this work, we propose a method for training a progress
estimation network that adapts to both visual and tempo-
ral contexts in unseen environments, using sequences of
multimodal representations derived from expert visual tra-
jectories and their corresponding task descriptions. At test
time, instead of relying on similarity-based approaches or in-
context learning, our method updates the parameters of the
progress estimation network to adapt to context before mak-
ing task progress predictions. As the network sequentially
updates its parameters during inference, it captures temporal
context, forming an implicit memory of the past (Sun et al.,
2024). To mitigate reliance on temporal cues in progress
estimation (Xu et al., 2024; Singh et al., 2021), we propose
a gradient-based meta-learning strategy (Finn et al., 2017;
Sun et al., 2020) that trains our model for test-time adap-
tation by optimizing the self-supervised loss over diverse
sub-trajectories selected via dissimilarity-based sampling.
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2. Methodology
2.1. Problem Formulation

In video trajectories, task progress estimation is equivalent
to learning a goal-conditioned value function under reward
functions that measure task completion. Therefore, we for-
mulate task progress estimation as the problem of learning a
goal-conditioned value function that predicts the degree of
task completion from visual-language representations. For-
mally, the value function is defined as: V : O × G → [0, 1]
which maps an observation ot ∈ O and a goal specifi-
cation g ∈ G to a scalar value indicating the predicted
progress toward goal completion, where V (ot; g) = 0 cor-
responds to the start of the task and V (ot; g) = 1 to task
completion. Task progress is often aligned with temporal
position in expert demonstrations, based on the assump-
tion that such trajectories exhibit monotonically increasing
progress toward goal completion (Lee et al., 2021; Ma et al.,
2024; Dashora et al., 2025). Given an expert trajectory
τ = (o1, . . . , oT ) ∼ πE , temporal progress is defined using
normalized timestep indices: V πE (ot; g) =

t
T where T is

the trajectory length. This provides supervision for learning
a goal-conditioned value function V , which can generalize
beyond expert data to estimate task progress.

2.2. Model Architecture

Our method comprises three modules: (1) a multimodal
encoder that extracts visual-language representations from
visual trajectories and task descriptions; (2) a test-time adap-
tation module updated with a learned self-supervised objec-
tive; and (3) a regression head that predicts task completion.

2.2.1. MULTIMODAL INPUT REPRESENTATION

We use a frozen contrastive vision-language encoder,
CLIP (Radford et al., 2021), to extract representations from
visual observations and goal descriptions. Given a visual
trajectory τ = (o1, . . . , oT ) and a language task descrip-
tion g, we concatenate their representations at each timestep
t to form a sequence of joint multimodal representations
(x1, x2, . . . , xT ), where xt = [ϕv(ot);ϕg(g)] ∈ R2d and
ϕv and ϕg denote the visual and language encoders, respec-
tively. CLIP is pre-trained with a contrastive objective to
align paired image-text inputs in a shared representation
space. As a result, representations of visual observations
that are semantically closer to goal completion tend to align
with the representation of the goal description.

2.2.2. TEST-TIME ADAPTATION

To adapt the multimodal input representation to both visual
and temporal context, we employ an adaptation module
fadapt following the test-time training paradigm (Sun et al.,
2020). At inference time, the parameters of fadapt are up-

dated via a step of gradient descent on the self-supervised
loss ℓself, based on the test trajectory. The self-supervised
loss ℓself is parameterized by projection matrices, meta-
learned by optimizing progress estimation performance after
test-time adaptation. In particular, fadapt is trained to recon-
struct a projected target representation from a corrupted
input generated by the projection matrices PV ∈ Rd′×d and
PK ∈ Rd′×d, respectively. At each timestep t, the model
receives a sliding window of size k + 1 with the local repre-
sentations Wctx = {xt−k, . . . , xt}, and performs tep steps
of gradient descent on ℓself:

θt = θt−1 − η
∑

xτ∈Wctx

∇θℓself(xτ ; θt−1) (1)

where η is the adaptation learning rate, and θt−1 are the
parameters from the previous step. For each trajectory, the
parameters θ0 learned during meta-learning serve as the
initialization. The visual context is captured from the CLIP-
based input representation xt, while temporal context is
captured through test-time adaptation over recent represen-
tations xt−1, xt−2, . . ., either explicitly or implicitly (Wang
et al., 2023). In the explicit case, the parameters of fadapt are
reset to θ0, while in the implicit case they are incrementally
updated from θt−1 to retain information over time.

2.2.3. TASK PROGRESS ESTIMATOR

After test-time adaptation, a third projection matrix PQ ∈
Rd′×d maps the input xt into an adaptation space Rd′

. Then,
it is passed through an adaptation function fadapt, followed
by a progression head h to estimate task progress:

V (xt; g) = h(fadapt(PQxt; θt)) (2)

where V is the predicted degree of task completion. The
progression head h is a multilayer perceptron (MLP), follow-
ing value function architectures used in deep reinforcement
learning (Espeholt et al., 2018). The network is trained
using normalized progress labels yt from expert demon-
strations, minimizing the mean squared error. In inference,
the progression head h remains frozen; only the adaptation
module fadapt is updated using the self-supervised objective.

2.3. Training Procedure

The projection matrices PK , PV , PQ, which parametrize the
self-supervised loss ℓself, along with the progression head h
are trained with gradient-based meta-learning to optimize
the progress prediction objective Lpred after test-time adapta-
tion (Sun et al., 2024). The total training objective combines
Lpred with ℓself, weighted by a scalar λ, and is optimized by
differentiating through the test-time adaptation steps applied
to fadapt. Progress estimators often exploit global temporal
shortcuts (e.g., trajectory length) as a form of temporal short-
cut bias (Xu et al., 2024; Singh et al., 2021), leading to poor
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2. Test-time Adaptation on Visual and Temporal Context

3. Task Progress Estimation after Test-Time Adaptation

Progress
Estimation: 90%

1. Multimodal Input Representation 

"Fold the cloth"

Figure 1: Test-Time Adaptation for Progress Estimation. 1) At each timestep, multimodal representation xt, and its
context window Wctx = {xt−k, . . . ,xt}, serve as input to adaptation module fadapt. 2) fadapt is updated using self-supervised
loss over Wctx. 3) The adapted representation is passed through frozen MLP head h to produce scalar task progress score.

performance. To encourage reliance on semantic rather than
temporal cues, we apply test-time adaptation during training
over diverse sub-trajectories selected via dissimilarity-based
sampling. Given a sequence of multimodal representations
{x1, . . . , xT }, fixed-length sub-trajectories are extracted us-
ing a sliding window of size wtr and stride s, resulting in a
candidate set of windows W . A subset W ′ ⊂ W of size b
is then selected to maximize the total pairwise dissimilarity:

W ′ = arg max
W′⊂W, |W′|=b

∑
{wi,wj}∈(W

′
2 )

∥wi − wj∥22, (3)

where each wi is a sub-trajectory of length wtr. Within
each sampled window, we update the parameters θt using
a gradient step on ℓself, then predict task progress from the
updated representation, as described in 2.2.

3. Experiments
3.1. Datasets

We train and evaluate our model on expert visual trajecto-
ries paired with natural language task descriptions from the
BridgeData V2 dataset (Walke et al., 2023), which spans a
wide range of manipulation tasks, environments, and robot
embodiments. For training, we use a curated subset consist-
ing of 2,986 expert demonstrations covering pick-and-place
manipulation tasks, but it does not include folding, sweep-
ing, or stacking tasks. All demonstrations are collected
using a single robot embodiment (WidowX 250) across
four configurations of the ToyKitchen environment. An
additional 287 expert demonstrations are held out as the
in-distribution test set, referred to as tk pnp.

We evaluate the ability of progress estimators to generalize
across novel environments, tasks, and robot embodiments
using subsets of BridgeData V2 curated to introduce varia-
tion along these axes. Environment shifts involve changes

in scene layout or background. For example, lm pnp is a
pick-and-place task in front of a laundry machine, while
td fold, ft fold, and rd fold feature cloth folding
on different surfaces. ms sweep introduces a long-horizon
sweeping task in a confined tray. Embodiment shifts are
evaluated using the DeepThought robot, which differs from
the training embodiment (WidowX 250) in both morphol-
ogy and camera perspective. dt tk pnp (pick-and-place)
and dt tk stack (stacking) retain the in-distribution en-
vironment with a new embodiment, while dt ft stack
(stacking) and dt rd pnp (drawer pick-and-place) involve
both embodiment and environment shifts. Each dataset in-
cludes 200 expert trajectories with task descriptions, except
for ms sweep, which contains 100 due to its size limitation.
Appendix A provides a full description of our datasets.

3.2. Evaluation Metric

We evaluate the performance of a progress estimator us-
ing the Value Order Correlation (VOC) metric (Ma et al.,
2024), which measures the alignment between the predicted
progress values and the chronological order of the frames
in a visual trajectory. Formally, let p1, . . . , pT denote the
predicted progress values for a trajectory of T frames, and
let rt = t represent the temporal index. VOC is defined
as the Spearman rank correlation ρs between the predicted
values and the temporal indices.

3.3. Baselines

The CLIP baseline performs zero-shot progress estimation
by computing cosine similarity between frozen CLIP frame
embeddings and the task description (Mahmoudieh et al.,
2022). VLM-RM is a regularized CLIP method that projects
features along the direction from a generic reference prompt
to the task prompt (Rocamonde et al., 2024). CLIP-FT is a
trained supervised regression model using frozen CLIP fea-
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Table 1: Validation VOC scores for task progress estimation under distribution shifts relative to the training distribution. ID
= In-Distribution, ES = Environment Shift, EM = Embodiment Shift, ES & EM = Environment and Embodiment Shift.

SHIFT DATASET CLIP VLM-RM CLIP-FT GVL-0S GVL-1S TTT-EX TTT-IM
ID TK PNP 0.0380 0.0289 0.2513 0.2691 0.2520 0.1957 0.7822

ES

LM PNP 0.0170 0.0331 0.1489 0.3053 0.2719 0.1826 0.7246
TD FOLD 0.0310 0.0718 0.1521 0.3257 0.3181 0.1322 0.7085
FT FOLD 0.1081 0.0994 0.1619 0.3311 0.3874 0.1683 0.6583
RD FOLD 0.0952 0.0548 0.1257 0.3720 0.4057 0.1154 0.6056
MS SWEEP -0.1285 -0.2260 0.1476 0.1580 0.1495 0.0102 0.4898

EM
DT TK PNP 0.0423 -0.0406 0.1490 0.2577 0.2151 0.2069 0.8203
DT TK STACK 0.0347 0.0461 0.0991 0.2542 0.2770 0.0747 0.7081

ES & EM
DT FT STACK 0.0258 0.0282 0.0485 0.2122 0.2485 0.0439 0.6979
DT RD PNP 0.0233 0.0408 0.2112 0.3292 0.3155 0.1559 0.6951

tures and a two-layer MLP head (Lin et al., 2022). GVL (Ma
et al., 2024) is the state-of-the-art in-context learning ap-
proach that leverages autoregressive VLMs to predict task
progress. In our experiments, GVL-0S refers to the zero-
shot setting, where the model is prompted with only the
test trajectory and task description. GVL-1S refers to a
one-shot in-context setting, where a full shuffled trajectory
from our training set, with its progress labels, is provided as
an example. Both methods use the latest version of Gemini
1.5 Pro (Reid et al., 2024). Our method is evaluated in two
adaptation configurations that differ in how they capture tem-
poral context. The explicit-memory variant (TTT-EX) uses a
fixed-length local context of the most recent frames (k = 7)
and resets the adaptation module at each timestep, limit-
ing adaptation to short-term dependencies. The implicit-
memory variant (TTT-IM) updates the adaptation module
sequentially (k = 0) without reset, enabling retention of
past frames of the trajectory. Appendix B provides details
about model architectures and training procedure.

3.4. Results

Our experiments show that the TTT-IM consistently out-
performs both zero- and one-shot GVL, highlighting the
importance of preserving temporal order in progress esti-
mation. TTT-IM outperforms TTT-EX, suggesting that re-
taining memory of the test trajectory is more effective than
relying on local context. We provide an additional analysis
in Appendix C, demonstrating the impact of step-by-step
compared to trajectory-level adaptation and the benefit of
implicit memory. CLIP-FT and TTT-EX perform compara-
bly to GVL on the in-distribution task but fail to generalize
to out-of-distribution settings. Both CLIP and CLIP-Reg
show limited performance, likely due to their lack of tem-
poral modeling. For GVL-0S and GVL-1S, in some cases,
in-context examples improve performance, while in others,
they provide no benefit or even degrade performance.

Both GVL methods perform well on folding tasks

(td fold, ft fold, rd fold), but fail to achieve
similar performance on stacking (dt tk stack,
dt ft stack) and pick-and-place (dt tk pnp,
lm pnp) tasks, suggesting that the autoregressive VLM
used in GVL may be biased toward folding-like robotic
manipulations. In contrast, our test-time adaptation methods
achieve consistent performance across all task types and
distribution shifts, indicating better generalization than
in-context learning. All methods, except CLIP-FT, perform
worse on the long-horizon task ms sweep, but TTT-IM
achieves the highest VOC score. Under embodiment
shifts, our method demonstrates strong generalization. In
dt tk pnp, which uses a different robot embodiment but
shares the same environment and tasks as the training set,
both TTT-IM and TTT-EX even exceed their in-distribution
performance, indicating that test-time adaptation can
effectively transfer across robot embodiments. In contrast,
GVL-1S performs poorly on both dt tk pnp and
dt tk stack, suggesting that few-shot learning fails to
generalize under embodiment shifts in our evaluation setup.

4. Discussion
Our results show that test-time adaptation enables progress
estimators for robotic manipulation tasks to generalize
across distribution shifts in task, environment, and embod-
iment. By updating the model incrementally at test time,
our method captures both temporal and visual context, out-
performing CLIP-based baselines, local-context adaptation,
and autoregressive VLMs. This may be attributed to the
fact that, despite their generalization capabilities through
in-context learning, autoregressive VLMs are not explicitly
trained for progress estimation, which requires temporal
reasoning over visual trajectories. In contrast, our method
requires access to expert visual trajectories during training,
whereas in-context learning methods rely on large-scale
pre-training.
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A. Training Dataset

(a) ”Put red object into silver pot.” (b) ”Take silver bowl lid from table.”

(c) ”Place yellow object inside pot.” (d) ”Move red object from pot to left burner.”

Figure 2: Each subfigure shows the start and end frames from an expert demonstration used for training, along with its
natural language task description. Demonstrations are collected across four distinct ToyKitchen environments.

Table 2: Dataset descriptions with task type, environment, and shift breakdown relative to our training distribution.
Checkmarks indicate a distribution shift along the task, environment, or embodiment dimension.

Dataset Task Type Environment Task Environment Embodiment

tk pnp pick-and-place toy kitchen

lm pnp pick-and-place laundry machine ✓
td fold fold cloth tabletop (dark wood) ✓ ✓
ft fold fold cloth folding table ✓ ✓
rd fold fold cloth robot desk ✓ ✓
ms sweep sweep folding table (tray) ✓ ✓

dt tk pnp pick-and-place toy kitchen ✓
dt tk stack stack blocks toy kitchen ✓ ✓

dt ft stack stack blocks folding table ✓ ✓ ✓
dt rd pnp pick-and-place robot desk (drawer) ✓ ✓
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(a) dt tk ms: “Move yellow object from burner to center.” (b) dt tk stack: “Place green cube on top of arch.”

(c) dt ft stack: “Move egg to table.” (d) dt rd pnp: “Put orange object in drawer.”

Figure 3: Each subfigure shows the start and end frames from an evaluation trajectory under embodiment shift, along with
its natural language task description. The top row depicts tasks in the same environment (ToyKitchen) using a different
robot (DeepThought), while the bottom row includes tasks that also involve new environments.

(a) lm pnp: “Place blue cloth inside washer.” (b) td fold: “Fold cloth bottom right to top left.”

(c) ft fold: “Fold clothes from left to right.” (d) rd fold: “Fold cloth bottom right to top left.”

(e) ms sweep: “Sweep into pile.”

Figure 4: Each subfigure shows the start and end frames from a trajectory under environment shift, along with its natural
language task description. All tasks are performed using the same robot embodiment across different environments.
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B. Model Architecture
B.1. Model and Training Details

We use the OpenCLIP ViT-B/32 encoder pre-trained on the OpenAI dataset as a frozen backbone. Each visual observation
and task description is encoded using the CLIP vision and text encoders to produce their representation, respectively.
We opted for a joint (concatenation-based) representation over an element-wise product based on improved validation
performance. The adaptation module fadapt is a two-layer residual MLP with GELU activation and a projection dimension
d′ = 64. The model is trained using the AdamW optimizer with a learning rate of 1× 10−4, weight decay of 1× 10−4, and
a cosine learning rate schedule with 10% warmup. We use a batch size of 32 and pad all trajectories to a maximum length of
120 frames (matching the longest sequence in the training set). The weighting coefficient λself of the self-supervised loss in
the total training objective is set to 0.5, selected based on validation performance. We train for 5 epochs, as validation VOC
typically plateaus early, with extended training providing no further improvement. For dissimilarity-based sampling during
training, wtrain = 8 and b = 8 are chosen after validation. All experiments were run on NVIDIA RTX 6000 Ada Generation
GPUs.

B.2. Test-Time Training Hyperparameters

At inference time, we adapt only the temporal adaptation module fadapt, using the same projection dimension (d′ = 64) as in
training. We perform adaptation over a single gradient step (t ep = 1), using a learning rate of 0.1. This configuration was
selected from a sweep over learning rates {5.0, 1.0, 0.1, 0.01} and adaptation steps {1, 5, 10}, based on performance on the
validation set. Unless otherwise noted, the adaptation module is not reset between evaluation episodes.

B.3. Baselines

Both TTT-IM and TTT-EX use t ep = 1, projection dimension d′ = 64, and learning rates η of 0.1 and 1.0, respectively,
selected via hyperparameter tuning. TTT-IM uses no sliding window during inference (k = 0), whereas TTT-IM uses a
sliding window of size 8 (k = 7). CLIP-FT shares the same architecture as our method but excludes the adaptation module
and self-supervised loss. It uses a frozen CLIP encoder, followed by a linear projection and a two-layer MLP to predict
task progress. The model is trained with standard supervised regression, without meta-learning or test-time adaptation. To
increase expressivity, it uses an 8× larger projection matrix and 10× more training steps than our method (Lin et al., 2022).
For VLM-RM, we use a baseline prompt that describes the environment. For both GVL-0S and GVL-1S, we use the latest
version of Gemini 1.5 Pro, gemini-1.5-pro-latest (Reid et al., 2024), whereas the original GVL implementation
used an earlier release, gemini-1.5-pro. We also evaluated GVL using the open-source autoregressive VLM Qwen-VL
2.5 (Yang et al., 2024), which failed to overcome temporal bias despite frame shuffling, while GPT-4o (Hurst et al., 2024)
consistently declined to produce scalar progress estimates in our setup. All evaluations followed the prompt template
introduced in the original GVL work (Ma et al., 2024).
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C. Trajectory-Level vs. Step-by-Step Adaptation

Table 3: Validation VOC scores for progress estimation under distribution shifts. ID = In-Distribution, ES = Environment
Shift, EM = Embodiment Shift, ES+EM = Environment and Embodiment Shift.

Shift Dataset TTT-TR TTT-RS TTT-IM

ID tk pnp 0.1917 0.1918 0.7822

ES

lm sweep 0.1843 0.1854 0.7246
td fold 0.1402 0.1393 0.7085
ft fold 0.1302 0.1311 0.6583
rd fold 0.1161 0.1172 0.6056
ms ft sweep -0.0225 -0.0191 0.4898

EM
dt tk pnp 0.2123 0.2118 0.8203
dt tk stack 0.0833 0.0830 0.7081

ES+EM
dt ft stack 0.0558 0.0537 0.6979
dt rd pnp 0.1665 0.1660 0.6951

We evaluate three adaptation strategies: (1) TTT-TR, which updates the adaptation module once per trajectory; (2) TTT-RS,
which resets the adaptation module at every step and updates using only the current visual observation; and (3) TTT-IM, our
implicit memory variant that incrementally updates the adaptation parameters across timesteps. All approaches use the same
architecture and initialization. As shown in Table 3, TTT-TR and TTT-RS achieve nearly identical results, indicating that
applying a single update per trajectory offers no advantage over resetting at each step. In contrast, TTT-IM consistently
outperforms TTT-TR and TTT-RS, highlighting the benefit of retaining temporal context throughout the trajectory.
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