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Abstract

The scalability of instructable agents in robotics or gaming
is often hindered by limited data that pairs instructions with
agent trajectories. However, large datasets of unannotated tra-
jectories containing sequences of various agent behaviour
(play trajectories) are often available. In a semi-supervised
setup, we explore methods to extract labelled segments from
play trajectories. The goal is to augment a small annotated
dataset of instruction-trajectory pairs to improve the perfor-
mance of an instruction-following policy trained downstream
via imitation learning. Assuming little variation in segment
length, recent video segmentation methods can effectively ex-
tract labelled segments. To address the constraint of segment
length, we propose Play Segmentation (PS), a probabilistic
model that finds maximum likely segmentations of extended
subsegments, while only being trained on individual instruc-
tion segments. Our results in a game environment and a sim-
ulated robotic gripper setting underscore the importance of
segmentation; randomly sampled segments diminish perfor-
mance, while incorporating labelled segments from PS im-
proves policy performance to the level of a policy trained on
twice the amount of labelled data.

Code — https://github.com/NikeHop/PlaySegmentation-
AAAI2025

Introduction

Advances in natural language conditioned generative mod-
els led to breakthrough results on text-to-image (Saharia
et al. 2022), text-to-text (Ouyang et al. 2022) and text-to-
audio generation (Le et al. 2023) forming the backbone of
many recent Al applications (OpenAl 2023). A similarly ca-
pable model that learns to map natural language instructions
to the corresponding trajectories of a game or robotic agent
is an ongoing research challenge (Brohan et al. 2023). The
main obstacle towards that goal is the lack of data, i.e. anno-
tated trajectories containing diverse behaviours in different
environments (Walke et al. 2023). To address this data lim-
itation, recent work focuses on enhancing the sample effi-
ciency of training algorithms (Yu and Mooney 2023), trans-
forming foundation models into policies (Brohan et al. 2023)
or performing data augmentation via simulation-based ap-
proaches (Wang et al. 2024). Another remedy for the lack

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

17214

of data is to develop training algorithms that learn from data
sources that, although abundant, deviate from the conven-
tional framework of instruction-trajectory pairs (Ma et al.
2023; Wang et al. 2023b). One such source of less conven-
tional data are large collections of videos of agent behaviour.
For example, consider gameplay videos on YouTube (Baker
et al. 2022) or play data in robotics (Lynch et al. 2019;
Mees et al. 2022; Wang et al. 2023b), where long unseg-
mented trajectories are generated by humans teleoperating
a robotic agent with the instruction to play. We will refer
to trajectories that contain sequences of diverse agent be-
haviour as play trajectories. Our goal is to generate training
data for an instruction following policy from them. This task
requires segmenting the play trajectories and labelling the
resulting segments with the corresponding instructions. We
tackle this problem in a semi-supervised setting, in which
a small amount of subsegments of the play trajectories are
labelled with the corresponding instructions (see Figure 1).

Previous work on trajectory segmentation has focused on
unsupervised methods, aiming to discover skills that max-
imise the likelihood of the unsegmented trajectories (Kipf
et al. 2019; Rao et al. 2022; Jiang et al. 2022). However,
these approaches do not guarantee that the identified skills
align with any natural language instructions. Research on la-
belling trajectory segments with corresponding instructions
have generally assumed that labelled and unlabelled seg-
ments are drawn from the same distribution (Xiao et al.
2023; Ge et al. 2023). Fewer studies have explored the
segmentation of trajectories with multiple behaviours into
segments corresponding to individual instructions (Shiarlis
et al. 2018; Sharma, Torralba, and Andreas 2022). The anno-
tations in those works assume entire trajectories are labelled
with natural language plans which describe the sequence of
instructions followed by the agent.

Extracting labelled segments from play trajectories poses
the challenge of identifying segments that align with specific
instructions. Adding non-representative or wrongly labelled
segments, potentially harms the performance of a policy
trained downstream. We adapt existing segmentation meth-
ods from the video segmentation literature and show that
they struggle to generalise from the labelled dataset to the
longer play trajectories. To address this, we introduce play
segmentation (PS), a probabilistic model of segmentations
of play trajectories, that can be trained from single instruc-
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Figure 1: Example of play data, where the play trajectory contains sequences of instructable agent behaviour. The trajectory is
represented by the observation sequence of the agent. Parts of the trajectory are labelled with the corresponding instructions
and form the annotated dataset. Sampling random segments bears the risk to capture incomplete instructions or multiple ones.

tion segments. To summarise, our contributions are:

* Adapting video segmentation methods to play data and
analysing their ability to improve policy performance via
data augmentation.

Developing Play Segmentation, a segmentation method
capable of segmenting trajectories containing sequences
of instructions while only being trained on individual in-
struction segments.

Demonstrating that the extracted labelled segments of
Play Segmentation lead to policy improvements across
two environments.

Related Work

Trajectory Segmentation: A significant body of work has
focused on learning reusable skills from a set of trajecto-
ries in an unsupervised manner (Niekum et al. 2012; Fox
et al. 2017; Kipf et al. 2019; Jiang et al. 2022; Fu et al.
2024). The underlying approach shared by these methods
is to model the distribution of trajectories using a latent vari-
able model, where the latent variables represents the active
skill at each timestep. After training the probabilistic model
via maximum likelihood (Fox et al. 2017; Kipf et al. 2019),
inferring the latents for a trajectory results in a segmenta-
tion of the trajectory (Jiang et al. 2022). However, there is
no guarantee that the segments will correspond to specific
instructions. To ensure that the extracted subsegments align
with natural language instructions, a set of annotated exam-
ples can be employed (Shiarlis et al. 2018). Given the high
cost of annotations, it is desirable for this set to be only a
small fraction of the available demonstrations, which natu-
rally leads to a semi-supervised setup (Sharma, Torralba, and
Andreas 2022). Prior work looked at data setups in which
trajectories are paired with plans describing the sequence of
skills performed by the agent (Shiarlis et al. 2018; Sharma,
Torralba, and Andreas 2022). Here, the annotation are seg-
ments of individual instructions within longer trajectories.
Therefore we do not need to model the segmentation as a
latent variable but can learn the parameters of a conditional
distribution over segmentations given a trajectory.
Semi-Supervised Instruction Following: The standard
approach to train instructable agents is to perform imitation
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learning on a dataset of instruction-trajectory pairs (Stepput-
tis et al. 2020; Jang et al. 2022; Lynch et al. 2022). Due to the
difficulty of generating natural language annotated trajecto-
ries, the problem is often studied in a semi-supervised learn-
ing setup (Xiao et al. 2023; Ge et al. 2023). For example,
Xiao et al. leverage CLIP embeddings (Radford et al. 2021)
to learn a labelling model on a small annotated dataset,
which is used to label a large unannotated dataset. Train-
ing a policy on the joint dataset improves the task accuracy.
However, the unlabelled and labelled trajectories come from
the same distribution, making it unnecessary to identify seg-
ments corresponding to instructions in the unlabelled trajec-
tories. The model that has been trained in a setting closest
to the one proposed here is SL3 (Sharma, Torralba, and An-
dreas 2022). Given a small set of trajectories labelled with
an overall goal and the sequence of instructions contained in
it (Shridhar et al. 2020), SL3 applies an iterative procedure
of segmenting trajectories, labelling segments and learning
an instruction conditioned policy. The labelled dataset here
consists of individual instructions and not plans, but unlike
the case of SL3 does contain information about the start and
end of these instructions.

Video Segmentation: The vision community has studied
the task of identifying actions in uncropped videos under re-
lated but distinct setups. While Action Segmentation (AS)
methods (Farha and Gall 2019; Yi, Wen, and Jiang 2021) try
to predict for each frame the correct action class, Temporal
Action Localization (TAL) methods try to predict the bound-
ary timesteps of an action segment and a corresponding ac-
tion label (Shi et al. 2023; Wang et al. 2023a). Some frame-
works are developed to handle multiple of these tasks (Yan
et al. 2023). Datasets for training contain uncropped videos
containing multiple, not necessarily contiguous, action seg-
ments that are annotated on a frame level or with segment
boundary information (Tang et al. 2019; Kuehne, Arslan,
and Serre 2014). Both classes of methods have been stud-
ied under different levels of supervision (Kumar et al. 2022;
Ding and Yao 2022; Lu and Elhamifar 2021). However our
setting provides a unique challenge where the length of the
training videos and the number of activities in the training
videos differ from the videos at test time. To the best of our
knowledge we are the first to investigate the usage of video



segmentation models for data augmentation in sequential de-
cision making settings.

Methodology

The full pipeline of our approach starts with segmenting play
trajectories, followed by labelling the extracted segments
with instructions and lastly training a policy on the extracted
labelled segments. Depending on the segmentation model,
the segmentation and labelling can be done jointly. First, we
describe the structure of play data and introduce notation,
followed by a description how video segmentation models
can be adapted to the play data setting. Finally, we introduce
our play segmentation approach.

Play Data

Given is a small annotated dataset D,,, = (Tk,d{’“){fvzl

of instruction-trajectory pairs, next to a large unannotated
dataset of only play trajectories Dypann = (df’”‘
T, < Tl;. Here, d¥ (00, ag, ...,or) denotes a trajec-
tory of length 7"+ 1 with o, and a; being the observation
and action of the agent at timestep ¢ and 7 is an instruc-
tion in natural language from a finite set of possible in-
structions (. We denote the segmentation of a trajectory as
ag.r—1 € {0, 1}T, where a; = 1 means that a segment
ended at timestep ¢. A labelled segmented trajectory is the

triple (d*, cvo.7—1, 1.5 ), such that ZtT:_Ol o =K.

)kle , where

Segmentation Models

Here, we discuss different strategies to extract labelled seg-
ments from play trajectories. We start with the simplest way,
i.e. labelling random segments, and then discuss how video
segmentation methods can improve upon this approach by
cropping enlarged random segments. We then present Play
Segmentation, a conditional probabilistic model over seg-
mentations given play trajectories, that can be trained having
access only to individual instruction segments.

Random Segments: The simplest method to augment
the labelled dataset involves randomly sampling windows
from the play trajectory and labelling them using a labelling
model trained on D,,,. The segment length is sampled uni-
formly between the minimum and maximum length of the
segments in D,y,,. It is unlikely that random segments begin
and end precisely at the start and end of an instruction, lead-
ing to out-of-distribution challenges for the labelling model.
An alternative is to sample larger segments that contain the
start and end of a single instruction and develop methods that
crop out the instruction from the larger segment. We adapt
UnLoc (Yan et al. 2023), an Action Segmentation method,
and TriDet (Shi et al. 2023), a Temporal Action Localisation
method, to perform the cropping.

UnLoc (Yan et al. 2023): UnLoc is a CLIP-based frame-
work designed to tackle multiple video understanding tasks
such as TAL and AS. Here, we focus on the action seg-
mentation variation of UnLoc. It learns to predict frame-
wise action labels given a segment of image-based envi-
ronment observations by learning the probabilistic model
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Figure 2: Overview of how training samples are generated
from a single annotated segment for the different segmenta-
tion approaches. Here, ¢ stands for the instruction class of
the segment and bg for the background class.

po(T0.r—1|00:T) = HtT;()l po(7t|og.7). The image obser-
vations and natural language instructions are encoded via
CLIP. For each instruction the embedding is concatenated to
the end of the observation sequence. Then a self-attention-
based architecture outputs the logit of the instruction label
for each frame. The usual training data (Shridhar et al. 2020)
consists of pairs of segments and frame-wise annotations,
containing multiple actions and possibly background seg-
ments. Since the longer play trajectories do not have frame-
wise annotations, we approximate this setup by sampling
windows around the annotated segments and labelling the
additionally sampled frames as background (see Figure 2).
At test time the trained model can provide frame-wise la-
bels for the whole play trajectory. However, during train-
ing the model only receives input segments containing one
action-segment. We sample windows of the same length dur-
ing training. The final labelled segment can then be ob-
tained by cropping away the frames that are labelled as back-
ground. UnLoc does not scale with the number of instruc-
tions as each segment needs to be processed with each pos-
sible instruction such that the batch size is multiplied for
each sample by the number of possible instructions |].
Tridet (Shi et al. 2023): TAL methods are commonly
trained on a dataset consisting of uncropped video segments
0¢.7 containing multiple action segments, where each action
segment is given by a triplet of the form (s;,e;,¢;) (Zhao
et al. 2019). Here s; represents the starting timestep, e; the
ending timestep and c; the action class. The key design as-
pects of most architectures are pretrained features from an
action classifier, followed by a feature pyramid to account
for action segments of different length (Wang et al. 2023a).
The TriDet architecture proposes a new boundary prediction
head on top of the feature pyramid achieving state of the
art performance on multiple TAL benchmarks. Similarly to
UnLoc, we sample random windows around the segments
of the annotated dataset and train TriDet to identify the ac-
tion segment in the enlarged segment. At inference time, we
sample random windows from the play trajectories and let



TriDet identify the action segment in the large random win-
dow. As TriDet directly predicts the boundary locations and
action class, no further postprocessing is necessary before
adding the labelled segments to the annotated dataset.

One drawback from the cropping approach is the assump-
tion that there exist a window size for the random segment
that captures with high likelihood the start and end of ex-
actly one instruction. If the shortest and longest instruction
length differ a lot, a large window size potentially captures
multiple shorter instructions and a shorter window size will
never capture a longer instruction. It is important to note that
UnLoc and TriDet both are capable of segmenting full play
trajectories, if fully segmented play trajectories were part of
the training data.

Play Segmentation (PS): We introduce Play Segmenta-
tion (PS), a model tailored to segmenting play data. The
desideratum for the model is that it can be trained on short
segments from D,,,, but generalises to segmenting longer
play trajectories. We start by factorising the probabilistic
model over labelled segmentations (71.x, ag.7—1) as fol-
lows:

p(leK7 Q.71 |00:T)
= Popu (T1:K |0:7—1, 00:T) 'pGSeg(aO:Tfl loo.T)

K T—1
= ] pouu (Trloamyai+1) - [ Pose(@t05(ape)ts1);
k=1 t=0

where o maps the i-th segment to the timestep it starts,
a(K+1) = T and y(ap.¢) = max{i|o; = 1,7 € {0, ..., t}}.
Next to a model that can predict the correct label for a seg-
ment (pg,,,), we need to train a model to predict whether an
observation sequence corresponds to an instruction segment
(py,.,)- However the labelled dataset contains only segments
that correspond to instructions. To train py,,,, we augment
Dann with different types of negative samples.

For each segment of the annotated dataset (7,041, )
we translate the observation sequence o, to the left
and right by a random number of timesteps sampled from
{tminy -+, tmax }- The minimum and maximum steps for the
translation are hyperparameters of the method and should
be chosen based on the segment lengths present in the an-
notated dataset. Additionally we obtain negative samples by
sampling a random timestep from {tmin, ..., tmax } used for
elongating or shortening the groundtruth segment. For a sin-
gle annotated segment (o,.+,, @ = 1) we obtain the follow-
ing negative segments:

° (Ot(,:tlikl;a = 0), (Otgfkgztlaa = 0)

° (Oto—kg:t1+k47 o = 0),
* (0t0+k51t1+ksv o= O)’ (Oto—ksitl—ksv Q= O)

The model is trained by minimising the loss:

L(Oim, Oseg) =
]ESNDann [IOg(pGLM <T|Ot02t1 )) + 1Og(p953g <1|Ot02t1 ))]
+E,  pavs [108(Pos., (0]0t4:¢, )]

ann
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Method | UnLoc | TriDet | PS
Comp. Complexity | O([¢[) | O(1) | O(T?)

Table 1: Comparison of the computational (comp.) complex-
ity of different segmentation models. It is measured by the
number of neural functional evaluations (NFE) needed to
segment one trajectory.

where s = (04,:4,,1,7) and s = (04,4, ,0). The labelling
model is only trained on the positive samples as the nega-
tive ones cannot be labelled with an instruction. Both mod-
els share parameters, but have separate prediction heads. At
segmentation time we determine the most likely segmenta-
tion a1 using pyg,,:

ES
Qg1 = argmax pyg,, (o.7—1]00.7)
@0:T—1

(1)

We can use dynamic programming (DP) to find of.;_;
via the recursion:

max log py,, (ao:r—1l00.T) =
Q0T —1

max
i€{0,...,7T—1}

log pos,, (@ir1:7—1 = (0, ..., 1)[0ig1.7))-

2

“23?‘ log pos, (@0:i]00:i+1)+

The DP algorithm has cubic complexity in the number of
timesteps and is related to the Viterbi algorithm for Hidden
Semi Markov Models (Yu 2010). Due to this complexity we
cannot segment full play trajectories for large 7" but instead
segment windows of size w. The first window is sampled
starting at ¢ = 0, the beginning of the play trajectory. Let
0t,,:w be the last segment resulting from the segmentation
process. Then the starting point for the next window is ei-
ther w if pyg,, (o = 1|og,.,) > 0.5, or t otherwise. In that
manner complete play trajectories can be segmented. In Ta-
ble 1 we give an overview of the computational complexities
of the introduced segmentation models at segmentation time
with respect to the trajectory length.

Experiments

The goal of the evaluation is to assess the capability of the
different segmentation models to extract labelled segments
from the play trajectories that can be used for data aug-
mentation in an imitation learning context. In Section 4.1
the two evaluation environments are introduced and in Sec-
tion 4.2 the importance of segmentation for successful data
augmentation is highlighted. In Section 4.3 we compare the
downstream-policy performance resulting from the different
segmentation models and investigate reasons for the perfor-
mance differences.

Environments

BabyAlI (Chevalier-Boisvert et al. 2019) is a grid-based en-
vironment with a range of difficulty levels designed to test
instruction following agents. Here we choose the GoTo-
environment with 7 distractors (Figure 3). The agent needs



Figure 3: Example observations from the CALVIN environ-
ment (left) and the BabyAl environment (right).

to navigate to the object described in the instruction. If mul-
tiple objects of the same type are present going to any of
them solves the task. The objects can be one of three types
with six different colours. The discrete action space is 4-
dimensional and the observations are 64x64 RGB images.
Demonstrations can be generated via a bot that solves the
task. To generate the play trajectories we sample a new goal
object every time the agent solves its current task until it has
solved a sequence of 10 different tasks. The length of the un-
segmented trajectories ranges from 11 to 71 timesteps. The
controlled generation of the play trajectories allows us to
evaluate the quality of the extracted labelled segments, as
we know which instruction is active at each timestep. One
limitation of the dataset is the possibility that at a single
timestep two instructions are active, i.e. the agents goal is
ared key but it comes across a yellow ball along the optimal
path. We evaluate policies by measuring the percentage of
tasks solved within 25 timesteps over 512 episodes. Given a
dataset of instruction-trajectory pairs we train a policy via
imitation learning following the proposed implementation
by Hui et al. (2020).

CALVIN (Mees et al. 2022) is a dataset containing play
trajectories of a simulated 7-DOF Franka Emika Panda robot
arm acting in a tabletop environment (Figure 3). Tasks in-
clude manipulating objects of different colours and shapes
as well as opening/closing doors and switching lights on/off.
There exist 34 different types of tasks. Individual segments
of the play trajectories are labelled by human annotators
with the corresponding instruction that is being executed.
The length of the play trajectories varies between 1674 and
30838 timesteps, while the length of the instructions varies
between 32 and 64 timesteps. The policy takes as input the
image of a static camera showing the gripper arm and table-
top as well as an image of the gripper camera. An instruction
following policy is evaluated on it capability of following
sequences of natural language instructions. Each sequence
consists of five instructions. The performance metric is the
number of instructions completed by the policy until its first
failure. The final evaluation score is the average number of
instructions completed, computed over a 1000 sequences.
Similar to prior work the policy is trained via multi-context
imitation learning (MCIL) (Lynch and Sermanet 2021; Mees
et al. 2022; Mees, Hermann, and Burgard 2022).
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Figure 4: Effect of different amounts of annotated data on
policy performance as well as the effect of data augmenta-
tion via labelled groundtruth segments and labelled random
segment for BabyAl (top) and CALVIN (bottom).

Does Segmentation Matter?

To assess the policy’s performance with varying levels of
annotated data, we subsample for both environments the an-
notated dataset into subsets of 10%, 25%, and 50%. Sub-
sequently, the policy is trained for each subset. As antici-
pated, instruction completion decreases with less annotated
data, as shown in Figure 4 (gt condition). For the next steps
in the analysis, we will attempt to recover the policy’s per-
formance at a 100% of the labelled data by starting with
a subset of it and adding labelled segments extracted from
the unsegmented trajectories of the unlabelled dataset. For
the BabyAl environment we start with a subset consisting
of 10% of the labelled dataset and for the CALVIN environ-
ment with a subset consisting of 25% of the labelled dataset.
In the following we will refer to these subsets as the start-
ing split. To understand whether it matters which segments
are labelled and used for data augmentation we compare the
performance between labelling and adding randomly sam-
pled segments and groundtruth segments to the starting split.
First, we train a labelling model based on the I3D archi-
tecture from the action recognition literature (Carreira and
Zisserman 2017) on the starting split. It achieves a valida-
tion accuracy of ~ 92% BabyAlI and ~ 95% on CALVIN.
To add labelled groundtruth segments, we remove the labels
from the left out data not in the starting split and add the



predictions of our labelling model as new labels.

In Figure 4, we can see that for both environments adding
labelled groundtruth segments recovers the performance of
a policy trained on all of the labelled data. One can conclude
that the high accuracy transfers to the left out data only in-
troducing a few wrongly labelled segments not having much
impact on the policies performance. For the randomly sam-
pled segments performance is either hampered (BabyAl) or
stays the same (CALVIN). Adding randomly sampled seg-
ments has a larger negative effect in the BabyAl environ-
ment due to the greater variance in instruction length. This
variance makes it less likely that a randomly sampled seg-
ment corresponds to a single completed instruction that can
be correctly labelled by the labelling model.

Comparison of Segmentation Models

All segmentation models are trained on the starting split and
then applied to extract labelled segments from the play tra-
jectories. The starting split is augmented with labelled seg-
ments until it has the same number of instruction-trajectory
pairs as the original labelled dataset. A policy is trained on
top of the augmented dataset. We do not have any annota-
tions for the play trajectories of the CALVIN dataset. This
is a more realistic scenario but makes it harder to analyse
the quality of the extracted labelled segments. Therefore, we
start with the analysis in the BabyAl environment and then
move to the CALVIN environment.

We measure the quality of the labelled segmentation via
the accuracy of the assigned labels as well as the precision
and recall of the segmentation points. It is important to note
that these metrics are lower bounds for the actual perfor-
mance. In the unsegmented trajectories of the BabyAl en-
vironment two instructions can overlap, i.e. while following
instruction A the agent also completes instruction B. There-
fore, the segmentation model can choose a correct segmenta-
tion point and label that is not part of the annotations. Video
segmentation models have low precision and label accuracy
(see Table 2), indicating that the chosen segments do not cor-
respond to groundtruth segments. This indicates that video
segmentation models cannot generalise their segmentation
performance from the training segments to the random seg-
ments from play trajectories.

Play Segmentation achieves a higher precision and la-
bel accuracy than both video segmentation models. The re-
call of play segmentation is notably lower than the preci-
sion, indicating undersegmentation. This is also visible from
the distribution of segment length of the extracted segments
(Figure 5). While the segment obtained via play segmen-
tation have a similar length distribution compared to the
groundtruth, the number of segments with 1-3 timesteps is
noticeably smaller. The performances of the policies trained
downstream on the augmented datasets reflect the segmenta-
tion performances. While extracted labelled segments from
TriDet have a negative impact on policy performance, data
augmentation via Play Segmentation improves the perfor-
mance to a level higher than if we had twice the amount of
labelled data available (see Table 3). The extracted segments
from UnLoc have little effect on the policies performance.
This is a result of the short segment length of the extracted
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Figure 5: Distribution of segment length of the segments
present in the groundtruth data (top left) and extracted via
Play Segmentation (top right), TriDet (bottom left) and Un-
Loc (bottom right).

Method | Precision | Recall | F1 | Label Acc.
PS 0.826 0.627 | 0.716 0.516
UnLoc 0.283 - - 0.353
TriDet 0.338 - - 0.323

Table 2: Quality of the extracted labelled segments. For Un-
Loc and TriDet we do not measure recall as they do not pro-
vide a complete segmentation of a trajectory but only the
start and end of a single segment.

segments (Figure 5). During training of the policy a state
of the trajectory is sampled jointly with the corresponding
instruction to predict the next action. As a result longer seg-
ments make up a larger part of the training dataset for the
policy.

Since the play trajectories in the CALVIN environment
have no annotations we cannot investigate the quality of the
segmentations. To augment the starting split we follow Xiao
et al. (2023) and filter out labelled segments for which the la-
belling model has low confidence. The confidence threshold
is set such that a label accuracy of 90% on the validation set
is achieved. In Table 4 the results of the data augmentation
are shown. Extracting labelled segments via video segmen-
tation models improves policy performance. In comparison
to the BabyAl environment a random segment from the play
trajectories has a high likelihood of containing at most one
instruction and additional frames from other instructions.
Video segmentation models can then successfully crop away
the undesirable frames as learned during training.

Play segmentation outperforms the best video segmenta-
tion model and achieves a performance higher than if twice
the labelled data would have been available. However, there
is still a large gap to the relabelling groundtruth segments.
To investigate the cause for the performance differences we
looked at the label distribution of the extracted segments.



Dataset Task Accuracy (£ Std.)
GT - 100% 0.907 + 0.026
GT - Relabel 0.843 + 0.032
GT -50 % 0.805 + 0.025
PS 0.702 £+ 0.023
GT -25% 0.645 + 0.020
UnLoc 0.583 + 0.020
GT - 10% 0.544 + 0.009
TriDet 0.261 +0.134
Random - Relabel 0.053 + 0.006

Table 3: Policy performance in the BabyAl environment
trained on the augmented datasets from the different seg-
mentation models. The best segmentation model is high-
lighted. All results are averaged over § seeds.

Dataset Avg. Seq. Length (£ Std.)
GT - 100% 1.698 + 0.040
Relabel - GT 1.679 + 0.105
PS 1.477 + 0.092
GT - 50 % 1.411 £ 0.085
Tridet 1.394 + 0.043
Unloc 1.315 £ 0.035
GT - 25% 1.230 £ 0.036
Relabel - Random 1.169 £ 0.084
GT - 10% 0.867 £ 0.036

Table 4: Performance of the MCIL policy in the CALVIN
environment trained on the different augmented datasets.
The best segmentation model is highlighted. All results are
averaged over 4 seeds.

In the original dataset the labels are uniformly distributed.
From Figure 6 one can see that certain task labels are over-
represented in the added segments leading to an imbalanced
dataset. There is a positive correlation between the amount
of labelled segments added for a task and the policies im-
provement on the task (Figure 7). The failure to extract la-
belled segments for certain tasks is a possible explanation
for the observed performance differences.

Limitations

Play Segmentation extracts better labelled segments than
video segmentation models, which comes at the cost of
higher computational complexity during segmentation. A
potential remedy could be to sample from the distribution
over segmentations. However, this requires the learned dis-
tribution to only assign high probability to reasonable seg-
mentations. Another difficulty for the play data setting is to
judge the quality of the augmented dataset if no groundtruth
annotations are available. In more realistic settings, such as
the CALVIN dataset, the play trajectories have no annotation
to check the quality of the extracted segments.

Discussion

We demonstrate the potential to leverage unsegmented tra-
jectories for data augmentation to enhance an instruction-
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Figure 6: Distribution of labels in the segments extracted via
Play Segmentation.
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Figure 7: Displaying the relation between the number of
samples added for a task and the improvement the policy
achieves for that specific task in the CALVIN environment.
The improvement is measure by the change in task accuracy
between the original dataset and the augmented dataset rel-
ative to the improvement possible on that task.

following policy. Video segmentation methods enable the
extraction of instruction segments via cropping. However,
they are only applicable in scenarios, in which instructions
are of similar length. Play Segmentation successfully seg-
ments trajectories being trained only on individual segments
at the cost of higher computational complexity. The possi-
bility for training segmentation models depends on the type
of annotated data available. The setup studied here has a spe-
cial type of annotation, i.e. labelled subsegments of play tra-
jectories. The tradeoff between the cost of different types
of annotations and the possibilities for training annotation
models is an area for future research.



Ethical Statement

The long-term goal of the presented approach is to develop
a text-to-trajectory model for game or robotic agents, sim-
ilar to current text generation models. The two main risks
are incorrect instruction execution and misuse by malicious
actors. There is a trade-off between enhancing instruction-
following policies and the potential for their misuse; bet-
ter models can be more easily exploited. While the research
aims to improve instruction following, positively impacting
accuracy, it also heightens misuse risks.
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