
If You Can Make an Omelette, Can You Crack an
Egg? Probing Zero-Shot Subtask Generalization in

Vision-Language-Action Models

Grigorii Guz1,2 Giuseppe Carenini1 Mathias Lécuyer1 Michiel van de Panne1 Vered Shwartz1,2
1 University of British Columbia, 2 Vector Institute for AI

{gguz,carenini,van,vshwartz}@cs.ubc.ca, mathias.lecuyer@ubc.ca

Abstract: Recent robotic vision-language-action (VLA) models have shown im-
pressive zero- and few-shot capabilities when deployed in unseen environments
and robot morphologies. While natural language is a convenient way to specify
tasks, it remains unclear how reliably VLAs can follow previously unseen lan-
guage instructions after adaptation to new domains. This capability is particularly
important for multi-task settings where collecting data and finetuning models for
each potential task is impractical. To investigate this, we evaluate how well VLAs
finetuned on a set of high-level tasks (place block in drawer, stack blocks) per-
form on the constituent low-level subtasks (grasp block, lift grasped block), and
compare this to models finetuned directly on those subtasks. This evaluation pro-
tocol isolates unseen instruction understanding from the model’s physical task
execution capabilities. We find that even for bigger VLAs, the performance gap
between high-level vs. subtask finetuning does not shrink consistently. Overall,
our results indicate that beyond model scaling, fine-grained robot data annotation
and appropriate data collection protocols are crucial for improving the multi-task
capabilities of existing robotic VLA policies1.
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1 Introduction

Recently introduced robotic foundational vision-language-action models [VLAs; 1, 2, 3] are demon-
strating increasingly strong performance on a range of real-world robotics tasks, while requiring less
data to adapt to new tasks, environments, or even new robots. They support arbitrary language in-
puts as task specifications, which is potentially very convenient for scenarios involving many tasks
and language-based human interaction. It may also side-step the need for hand-designed planning
primitives by instead relying on abstractions encoded by natural language.

However, since natural language is flexible, the same task can be specified at different levels of
abstraction with respect to its intermediate steps. Correspondingly, some robotics tasks like pick-
and-place and object rearrangement can be decomposed into intermediate subtasks at different levels
of granularity. The decision about which level of abstraction (the selection of primitive skills and
appropriate data collection protocol) to use for finetuning the VLA in a given setting may impact its
downstream performance. If large language and/or vision-language models (LLM, VLMs) planners
are used to generate free-form natural language task decompositions, the generated intermediate
steps may differ in their abstraction levels from those selected for VLA fine-tuning. One way to
address this is to constrain such planners to the pre-selected primitives [4, 5]. However, in real-
istic human-robot interaction, users might issue corrections or suggestions [6, 7] corresponding to
constituent subtasks of the primitives themselves. For VLAs to be reliable in such settings, it is de-

1The code is available here: https://github.com/grig-guz/vla_subtask_generalization.
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sirable for them to implicitly encode the temporal compositional structure of tasks they were trained
to perform, as reflected by the ability to recognize the language instructions for constituent sub-
tasks. Given that VLAs were already exposed to a multitude of skills and corresponding language
instructions during large-scale pretraining [8], while also employing LLMs or VLMs for process-
ing language instructions [1, 9, 3], it may be the case that they already encode such compositional
structure.

We test these abilities in simulation, leveraging the datasets from CALVIN and LIBERO, which
are two popular multi-task language-conditioned robotic manipulation benchmarks [10, 11]. From
those, we selected a subset of tasks (which we treat as HL) that can be decomposed into sequences
of 2-4 lower-level (LL) tasks. We finetune a selection of recently released VLAs with HL task
demonstrations and compare their performance on the corresponding constituent LL tasks relative
to directly finetuning the VLAs on the LL tasks. We analyze how the relative performance is af-
fected by factors such as model scale, the amount of (implicit) LL skill demonstrations within the
HL fine-tuning dataset, as well as specificity of language labels. Since the demonstrations for LL
tasks are contained within the HL task trajectories, our setup isolates language understanding from
control/task execution capabilities of VLAs.

Our results suggest that in terms of constituent LL task performance, finetuning VLAs on HL tasks
leads to a substantial performance gap compared to fine-tuning them directly on LL task trajecto-
ries, though this gap tends to shrink with increased model scale. A closer analysis reveals that the
transfer performance depends on the specific LL task, and even then, sufficient state space coverage
is required for VLAs to execute the specified task (as opposed to other instruction-irrelevant tasks).
Hence, robust contextual language understanding does not emerge “for free” even with introduc-
ing specialized language processing components (e.g. LLMs or VLMs) into VLA architecture for
processing language instructions. As a consequence, handling unseen free-form natural language
instructions or feedback requires additional targeted supervision and appropriate data collection
methods.

2 Related Work

2.1 Robotic Vision-Language-Action Models

The emergence of robotic VLAs is motivated by the observation that large-scale pretraining was
shown to improve all-around model capabilities in many fields, most notably computer vision and
natural language processing. A recent trend is to aggregate datasets for numerous tasks, task spec-
ification modalities, and robot types. Such projects, like Open X-Embodiment [OXE; 8], enable
large-scale pretraining of generalist robot policies.

In this work, we employ a subset of recent models of this type, including Octo [1], π0-FAST [9] and
CogACT [3] (see more details in Section 4.1 and Table 10). Due to the high diversity and abundance
of pretraining data, these models have (to a varying extent) demonstrated interesting capabilities
such as transfer of manipulation skills to unseen objects and robot types, either via finetuning on a
small number of examples or completely zero-shot. In this work, we focus on a particular type of
generalization - compositional generalization, testing whether the performance of VLAs transfers
from high-level tasks (such as “place block in drawer”, “stack blocks”) to their constituent low-level
tasks (such as “grasp block”, “lift grasped block”), as well as the effects of language-task labeling
specificity.

2.2 Testing Language Understanding in VLAs

Many recent studies in robotic manipulation domain employ language for task specifications and
evaluate the robustness of VLA to diverse attributes such as object appearance, lighting conditions
and presence of distractor objects [12, 13], as well as generalization of manipulation skills to novel
scenes and objects [14, 15]. Here, we review works emphasizing language as the main factor of
variation and evaluating several desired aspects of language instruction following behavior in VLAs.
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Figure 1: (Left) A frame from the CALVIN environment, scene D. (Right) A frame from the
LIBERO environment, kitchen scene.

Notably, Gao et al. [16] organized many of the aforementioned factors as well as their interactions
into a single conceptual framework.

First, due to linguistic variability across different people (lexical choice, grammatical structure, etc.),
one attractive property is robustness to semantically equivalent paraphrases of seen instructions.
The study by Parekh et al. [17] tested how well the VLAs generalize at test time to paraphrases
of language instructions observed during training. They find that LLMs within VLA architectures
enable robust generalization to instruction paraphrases for in-distribution tasks, and that augmenting
the training set annotations with paraphrases improves the success rate on unseen longer-horizon
tasks constituted by previously seen tasks. Besides the differences in the target VLA abilities, they
focus on the impact of different neural architecture components on generalization. Hence, they train
the VLAs from scratch, without considering the effect of large-scale pretraining, as we do here.

Another useful capability is generalization to language instructions specifying unseen long-horizon
tasks with intermediate steps consisting of previously seen tasks. Parekh et al. [17], Haresh et al. [18]
test this by finetuning VLAs on a set of lower-level tasks and evaluating on progressively longer-
horizon tasks. They find that the VLAs’ performance degrades with increase in task horizon length.
Another line of work proposes test-time adaptation [4] and data annotation [19, 20] techniques for
improving long-horizon task generalization.

Like [17, 18], we evaluate how well VLAs generalize to new tasks specified with language instruc-
tions. However, we focus on effects of paraphrasing and fine-grained labeling on higher-to-lower
level task generalization, which to our knowledge was not explored before for VLAs. Further, we
utilize human teleoperation data instead of data from scripted policies [17, 18], which we elaborate
on in §3.1.

3 Datasets and Evaluation

We use the CALVIN and LIBERO benchmarks for our experiments (§3.1). For each environment,
we define a new task inventory consisting of original high-level (HL) tasks along with our decompo-
sition into low-level (LL) tasks (§3.2). We relabeled the datasets according to task structure (§3.3).
Finally, we modified the original evaluation protocols in each benchmark to enable more fine-grained
error analysis (§3.4).

3.1 The Benchmarks

CALVIN [10] and LIBERO [11] are multi-task robotic manipulation benchmarks which can support
evaluation of natural language understanding capabilities of robotic policies. The tasks included
in these benchmarks involve rearrangement of rigid objects and manipulation of simple articulated
objects. We selected these benchmarks for two reasons. First, the provided task types are ap-
propriate for our analysis since they are straightforward to decompose into intermediate subtasks
which themselves can be labeled with language instructions. Second, these benchmarks contain
sufficient amounts of multi-task language-annotated robot data collected from humans. Since the
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VLAs that we experiment with (§4.1) were pretrained largely or entirely on human teleoperation
data [8, 21, 22], we assumed that LL task transfer will be more consistent if the HL trajectories are
also from humans, hence closer to the pre-training distribution.

3.2 Task Decomposition

For our experiments, we selected a collection of tasks that can be treated as high-level and another
set of tasks to be low-level. To guide our choice, we assumed the main structural relation between
the HL and LL tasks to be that 1) the instruction for each HL and LL task can be expressed as
a single-clause English sentence, and that 2) each HL task instruction can also be expressed as a
semantically equivalent (in the given scene setup) multiple-clause English sentence, where each
clause is itself an instruction for some LL task. For example, the HL task “heat up the frying pan on
the stove” can be expressed as “turn on the stove and put the frying pan on the stove”, where each
clause in the latter is an instruction for a LL task.

For CALVIN, we created these sets by selecting a subset of original CALVIN’s tasks (treated as
HL) and implementing a few additional LL tasks to decompose the selected HL ones. See Figure
3 for the dataset trajectory distribution for the resulting HL and LL tasks, Tables 4, 5 for pre/post-
conditions for HL and LL tasks respectively, Table 6 for specification of the exact decomposition of
HL tasks into LL tasks and Table 7 for language instructions.

For LIBERO, we selected a subset of tasks from the original LIBERO-90 and LIBERO-10 splits for
which the success condition included at least two predicates (e.g. the “heat up the frying pan on the
stove” task from above). Those tasks were treated as HL and tasks involving individual predicates
as LL. See Table C.1 for resulting tasks and Table C.2 for corresponding language instructions.

3.3 Data Collection and Task Labelling

The dataset from the CALVIN benchmark was assembled with “play data” collection protocol,
meaning that the humans teleoperating the robot were performing arbitrary self-initiated tasks in
a single episode for an extended period of time. To annotate the resulting data with language in-
structions, the original automatic data labeling procedure in CALVIN slides 2-second windows over
the recorded dataset, and assigns language labels to those windows based on the task evaluator logic
(more details in §3.4). We extend this procedure to annotate each window based on both HL and
LL task criteria. For a given window, we check that both the HL task and corresponding LL task se-
quence (see Table 6) are completed according to pre-conditions and post-conditions for those tasks
(see Tables 4 and 5). That way, each demonstrations in the resulting dataset is annotated with 1) a
single HL task instruction 2) LL task segment boundaries and corresponding instructions. Overall,
we collect 75 trajectories per HL task, for a total of 1,350 trajectories. The resulting HL and LL task
trajectory counts are shown on Figure 3.

For LIBERO, the authors relied on the more standard episodic data collection method, where the
human teleoperating the robot was told which task to perform in each episode. To segment the
trajectories for the selected tasks, we relied on the original LIBERO task evaluators. We iterate over
every timestep in a HL task trajectory, and once one of the HL task’s predicates (§3.2) is satisfied, we
label the segment with the corresponding LL instruction and treat the next timestep as the beginning
of a LL new trajectory. This way, each HL trajectory is split into multiple LL segments. The
resulting HL dataset contains 6 tasks with up to 50 trajectories per task, for a total of 234 trajectories
(the original LIBERO dataset contains 50 trajectories per task, but some of them did not satisfy
the benchmark’s task checkers), while the LL dataset contains 9 tasks and 468 trajectories. The
trajectory counts are shown on Figure 4.

3.4 Evaluation Protocols

During the episode, the language instruction l ∈ L for the current task and ot ∈ O = RH×W×3

RGB camera observation are provided to the robot at every timestep t. In response, a policy π :
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O × L → P (A) infers a continuous action at ∈ A = R7. This proceeds until the robot completes
the given task, or a timeout is reached.

For CALVIN, we perform evaluation with 5 tasks per episode. In the beginning of each episode, we
sample the initial state and a physically consistent random sequence of 5 tasks. The policy receives
instructions for one task at a time - once it is completed, the environment provides the instruction
for the next task. As the main evaluation metric, in §5.1 we report the average number of tasks
completed per episode (out of 5). We use this setup since it was the original evaluation protocol in
CALVIN, as well as because some of the tasks require certain preconditions to be satisfied before-
hand. For example, “lift the grasped block” task requires the robot to grasp one of the blocks first,
so this task is always preceded by e.g. “grasp the red block” task in the evaluation sequence. The
pre-conditions and post-conditions for each task are outlined in the Appendix B.1.

For LIBERO, the selected tasks can be executed independently from one another, so we follow the
standard evaluation protocol with one task per episode and report the success rates per task and
across tasks in §5.2.

New evaluation protocol. The original task evaluators in both CALVIN and LIBERO bench-
marks consider it a success if the robot eventually completed the target task, even if it performed
other tasks first. This can undesirably reward a brute force policy, for example rewarding a robot for
completing the task “grasp the red block”, by grasping every block in the environment. To address
this, we modify the task evaluators to terminate an episode if the robot completes an irrelevant task
(to the one currently given).

In our analysis (§5), we use both evaluator versions to establish whether the task due to misunder-
standing of a given instruction that leads to completing an irrelevant task vs the failure to complete
any task at all resulting in timeout. We refer to the corresponding evaluation protocols as Hard
evaluation vs Easy evaluation.

4 Experimental Setup

4.1 Models

We used the Octo-Small, Octo-Base [1], π0-FAST [9] and CogAct [3] VLAs for evaluation. This
choice covers a variety of model parameter sizes (from 27M to 7.6B), to investigate the effects of
model scale. Further, to explore the effects of large-scale robotics data pretraining, we also finetune
a version of Octo-Base with random initialization for all parameters except T5 language encoder.
Most VLAs follow the transformer-based encoder-decoder architecture, where the input images and
language instruction are encoded into a sequence of tokens in the action decoder’s input space2 (see
Table 10). A more detailed overview of each model is in Appendix D.2.

4.2 Finetuning

For all models, we perform full model finetuning for up to 50k iterations, using only language
instructions as goal specifications. The finetuned parameters include image encoders, multimodal
decoders and action heads, for all models considered. We perform validation after every 5k iterations
by evaluating the models on a small number of episodes with the Easy evaluation setting, and select
the best-performing model for subsequent analysis. See Appendix D for details on preprocessing
and hyperparameters.

4.3 Evaluation

As in the original CALVIN benchmark, we evaluate the models’ ability to execute random sequences
of tasks of length 5. We use 1,000 episodes for all evaluations. As metrics, we report the average

2To our knowledge, there are no VLAs that feature any architectural inductive biases to facilitate composi-
tional language understanding, so this could not be considered as a factor in the selection of VLAs.

5



Model LL ft → LL instr HL ft → LL instr Conj ft → LL instr
Easy evaluation
Octo-B (R) 2.3± 0.8 −1.12± 0.07 −0.77± 0.09
Octo-S 3.7± 0.22 −2.07± 0.14 −1.62± 0.28
Octo-B 3.77± 0.13 −2.04± 0.05 −1.82± 0.14
Pi-0 Fast 3.71± 0.08 −1.12± 0.05 −0.73± 0.1
CogAct 3.5± 0.13 −0.78± 0.23 −0.38± 0.24

Hard evaluation
Octo-B (R) 2.17± 0.72 −1.33± 0.06 −1.06± 0.11
Octo-S 3.48± 0.17 −2.04± 0.1 −1.65± 0.27
Octo-B 3.56± 0.16 −2.04± 0.02 −1.84± 0.14
Pi-0 Fast 3.43± 0.13 −1.4± 0.07 −1.04± 0.19
CogAct 3.3± 0.11 −1.13± 0.14 −0.91± 0.09

Table 1: LL task performance across different finetuning settings on CALVIN. The first column -
average number of tasks completed per episode by LL finetuned models (out of 5). The remaining
columns - transfer gaps between LL and that column’s finetuning setting. Top - Easy evaluation
setting - an episode continues until the target task is completed or the timeout is achieved. Bottom -
Hard evaluation setting - an episode terminates if the model completes a non-target task.

number of tasks that the robot completes per episode (out of 5), as well as per-task success rates.
For compactness, we arrange semantically similar tasks into groups (see Appendix D.1) and report
average per-group success rates.

For LIBERO, we execute one task per episode and evaluate each task for 50 episodes. We report the
success rates for individual tasks and average success rate across all tasks.

5 Experiments

Our analysis aims to uncover if VLAs trained on a set of HL tasks can also perform the constituent
LL tasks in a zero-shot manner. We finetune all models on the same observation-action data but
with 3 different types of language annotations. HL finetuning is the base case; it refers to training
on trajectories and instructions corresponding to HL tasks. Conj finetuning setup uses the same
trajectories as in HL finetuning, but with replacing the HL instructions by single “recipe” consisting
of the corresponding conjunctions of LL instructions (“rotate red block left” → “grasp red block,
then rotate the grasped block left, then ungrasp the block”). For both settings, we perform valida-
tion (§4.2) with HL tasks but with same instruction types as used for finetuning. Finally, for LL
finetuning we use LL task trajectories (segments of HL trajectories) with corresponding LL task
instructions and use LL tasks for validation.

5.1 Results for CALVIN Environment

Average number of completed tasks. Table 1 compares the average number of LL tasks completed
for both evaluation settings (see §3.4). First, all models (except the randomly initialized Octo-B
(R)) perform similarly when finetuned with LL data annotation, but there is a drop in performance
when finetuning with HL or Conj annotations. However, the performance gap tends to shrink for the
bigger models, especially CogAct. Second, all models (except the randomly initialized Octo) exhibit
same or better LL task transfer when finetuned with Conj instructions than HL instructions. This
is likely due to to the fact that Conj finetuning models were exposed to the same vocabulary as
present in LL task instructions. However, the performance gap with LL finetuning is still sizable,
meaning that fine-grained annotation does fully not alleviate the need for trajectory segmentation.
Third, compared to Hard evaluation setting, the Easy evaluation settings shows higher absolute LL
task performance and, for the bigger models, smaller performance gap between different finetuning
regimes. Thus, a sizable proportion of failures occur due to execution of irrelevant tasks.
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Figure 2: Success rates for individual LL tasks from CALVIN, Hard evaluation setting. Each bar
group corresponds to a single LL task. Within each group, the three bars for each model (same
color) correspond to LL, HL and Conj finetuning (same order as columns in Table 1).

Task-Specific Performance. Success rates for individual CALVIN tasks are shown in Figure 2.
There, the bigger models are more likely to have similar per-task performance across all three fine-
tuning configurations, showing more robustness to changes in data annotation. However, the transfer
gap is very pronounced for the last five tasks. Two possible reasons for models’ decreased perfor-
mance when changing the data annotation style are 1) lack of data, or 2) these tasks cannot be
learned from longer trajectories without segmentation. To disentangle these factors, we employ a
bootstrap-like procedure. Due to resource limitations, we only perform this experiment with the
Octo-S model.

Task HL ft Conj ft
Grasp block 0.05 0.0
Rotate block 0.0 0.0
Move door 0.15 0.73
Grasp slider/drawer 0.22 0.74
Place over area 0.11 0.98
Ungrasp block 0.32 1.0
Ungrasp slider/drawer 0.99 0.53
Lift block 0.39 0.0
Place over block 0.99 0.0

Table 2: Regressing the success rate srτ of each
LL task τ on counts cτ of its implicit demonstra-
tions in the bootstrap samples of the HL task tra-
jectories. The entries are p-values for βτ > 0.

Let TLL denote the set of all LL tasks. We re-
peatedly subsample the finetuning dataset with
full HL trajectories. With each subsample, we
1) finetune the model on those HL trajecto-
ries (without LL segmentation) and evaluate
the per-task performance with Hard setting,
and 2) record the number of unique implicit
demonstrations for each LL task within those
HL trajectories in each subsample. With LL
task counts and LL task performance scores
across many subsamples, for each LL task
τ ∈ TLL, we apply linear regression srτ =
βintercept + βτ cτ with that task’s implicit LL
segment counts cτ as features and predict the
success rate srτ on that LL task. Then, we
examine the resulting regression coefficients -
if for the target task τ we have βτ > 0, then
the model is indeed learning the LL task from unsegmented demonstrations. We perform this
subsampling-finetuning procedure with HL and Conj finetuning settings and report the p-values
from the t-test for βτ > 0.

The results in Table 2 show the success rates for “Grasp block” and “Rotate block” improve signif-
icantly with more implicit demonstrations across both finetuning settings. As seen from Figure 2,
for these two tasks the performance is most similar across all finetuning settings. However, for ‘Lift
block” and “Place over block” tasks, we see that the extra implicit demonstrations are only useful
with Conj finetuning setting, which is also reflected in the large gap between these settings in
Figure 2. For all cases, the results show no significant benefit from access to more implicit LL
demonstrations.
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Model LL ft → LL instr HL ft → LL instr Conj ft → LL instr
Easy evaluation
Octo-B (R) 0.38± 0.01 +0.13± 0.07 +0.09± 0.06
Octo-S 0.51± 0.02 +0.14± 0.03 +0.18± 0.04
Octo-B 0.53± 0.00 +0.09± 0.06 +0.07± 0.05
Pi-0 Fast 0.47± 0.01 +0.10± 0.06 +0.09± 0.04
CogAct 0.83± 0.04 −0.03± 0.01 −0.02± 0.07

Hard evaluation
Octo-B (R) 0.35± 0.01 −0.10± 0.02 −0.13± 0.02
Octo-S 0.32± 0.01 −0.06± 0.02 −0.05± 0.02
Octo-B 0.28± 0.04 −0.04± 0.01 −0.04± 0.03
Pi-0 Fast 0.30± 0.05 −0.06± 0.01 −0.07± 0.01
CogAct 0.35± 0.03 −0.04± 0.02 −0.04± 0.03

Table 3: Average LL task success rates across different finetuning settings on LIBERO. The first
column - average task success rate. The remaining columns - transfer gaps between LL and that
column’s finetuning setting. Top - Easy evaluation setting - an episode continues until the target task
is completed or the timeout is achieved. Bottom - Hard evaluation setting - an episode terminates if
the model completes a non-target task.

5.2 Results for LIBERO Environment

Average success rate across tasks. The results are shown in Table 3. First, we consider the Easy
evaluation setting. In comparison to CALVIN, there is now a difference across different VLAs on LL
finetuning, which can be attributed to smaller finetuning dataset size. Further, LL finetuning

does not lead in LL task performance - other finetuning configurations have similar success rates.
To investigate this, consider the results for Hard evaluation setting. Notice that the success rates
dropped severely compared to the Easy evaluation, and that there is now no performance difference
between the VLAs. Such a drastic difference is due to bias in the LIBERO dataset. For example, for
the HL task “turn on stove and put frying pan on it”, all demonstrations start with the robot turning
on the stove and then moving the pan. All other HL LIBERO tasks have the same bias in LL task
ordering within their demonstrations. As a result, we found that all VLAs complete the preceding
tasks first, independent of the current instruction. This pattern can be seen by comparing per-task
success rates for Easy (Figure 5) and Hard (Figure 6) settings - for some tasks the performance is
identical across both settings, for others the success rates are near zero for Hard evaluation.

This issue is not present for CALVIN as it used a different data collection protocol. The CALVIN
dataset was built with play data collection method, where the data is collected in one long episode
such that human can begin executing any task at any moment. Hence, each task has more uniform
coverage of the environment’s state space. On the other hand, the demonstrations for LIBERO envi-
ronment were collected episodically, and due to LL task order bias in HL task trajectories, the initial
states of each episode were only covered by data for a single LL task. This can result in unexpected
VLA policy behavior even when learning tasks from gold standard trajectory segmentations.

6 Conclusion

We investigated the low-level subtask transfer capabilities of a set of recently released VLAs. While
we find evidence that large-scale pretraining of these models and model size indeed improve the
performance, the results were not consistent across all tasks, language annotation schemes and data
collection regimes. This suggests that current VLAs do not implicitly encode the compositional task
structure during finetuning. As such, robust deployment in settings with flexible language-based
user interaction may require specialized data collection and annotation protocols balancing multiple
levels of task abstraction.
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A Additional Figures

Figure 3: Per-task counts of trajectories in the CALVIN dataset, HL vs. LL labelling.

Figure 4: Per-task counts of trajectories in the LIBERO dataset, HL vs. LL labelling.
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Figure 5: Success rates for individual LL tasks from LIBERO, Easy evaluation setting. Each bar
group corresponds to a single LL task. Within each group, the three bars for each model (same
color) correspond to LL, HL and Conj finetuning (same order as columns in Table 3).

Figure 6: Success rates for individual LL tasks from LIBERO, Hard evaluation setting. Each bar
group corresponds to a single LL task. Within each group, the three bars for each model (same
color) correspond to LL, HL and Conj finetuning (same order as columns in Table 3).
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B CALVIN Task specifications

B.1 Task pre- and post-conditions

Task name Preconditions Postconditions
Rotate the X left/right Robot.contacts = ∅ Robot.contacts = ∅

All blocks are stationary All blocks are stationary
X rotated by D degrees

Move slider door left/right Robot.contacts = ∅ Robot.contacts = ∅
All blocks are stationary All blocks are stationary
Door is in opposite position Slider door was moved left/right

Open/close the drawer Robot.contacts = ∅ Robot.contacts = ∅
All blocks are stationary All blocks are stationary
Drawer is in opposite position Drawer was opened/closed

Place X in Y Robot.contacts = ∅ Robot.contacts = ∅
All blocks are stationary All blocks are stationary
X not in Y X in Y

Stack blocks Robot.contacts = ∅ Robot.contacts = ∅
All blocks are stationary All blocks are stationary
X1 block is not on X2 block X1 block is on X2 block

Unstack blocks Robot.contacts = ∅ Robot.contacts = ∅
All blocks are stationary All blocks are stationary
X1 block is on X2 block X1 block is not on X2 block

Table 4: HL task semantics. X ∈ { red block, blue block, pink block}. Y ∈ {drawer,
sliding cabinet}.
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Task name Preconditions Postconditions
Grasp the X Robot.contacts = ∅ All other blocks are stationary.

All blocks are stationary |X.contacts ∩Robot.contacts| ≥ 2
|Robot.contacts \X.contacts| = 0
X is on the ground.

Grasp the slider door Robot.contacts = ∅ |X.contacts ∩ Slider.contacts| ≥ 2
Slider door not moved too much

Touch the drawer Robot.contacts = ∅ |X.contacts ∩Drawer.contacts| ≥ 1
Drawer not moved too much

Ungrasp the block Some X is grasped Robot.contacts = ∅
All other blocks are stationary All blocks are stationary

X not moved too much in x, y dir
X not rotated too much around z axis

Ungrasp the Y Robot is touching/grasping Y Robot.contacts = ∅
Y was not moved too much

Place grasped block over Some X1 is grasped and lifted Same X1 is grasped and lifted
X2/table/Y X1 ̸= X2 X1 is over target surface

X1 is not over target surface All other blocks are stationary
All other blocks are stationary

Rotate the grasped block Some X is grasped Same X is grasped
left/right All other blocks are stationary X rotated around z axis by D
Move the slider door Robot is grasping the slider door Robot is grasping the slider door
left/right Slider door moved by D left/right
Pull/push the drawer Robot is touching the drawer Robot is touching the drawer

Drawer was pushed/pulled by D
Lift the grasped block Some X is grasped Same X is grasped

All other blocks are stationary. All other blocks are stationary.
X is on the ground X is lifted by D.

Table 5: LL task semantics. X ∈ { red block, blue block, pink block}. Y ∈ {drawer,
sliding cabinet}.

B.2 HL → LL task decomposition

Task name LL tasks
Rotate the X block left/right Grasp the X block, Rotate the grasped block left/right,

ungrasp the block
Move the slider door left/right Grasp the slider, move the slider door left/right,

ungrasp the slider
Open the drawer Grasp the drawer, Pull the drawer,

Ungrasp the drawer
Close the drawer Grasp the drawer, push the drawer,

Ungrasp the drawer
Place grasped block in sliding cabinet/drawer Place the gripper over sliding cabinet/drawer,

ungrasp the block
Stack block Grasp the X1 block, lift the grasped block,

place gripper over X2 block, ungrasp the block
Unstack block Grasp the X1 block, lift the grasped block,

place gripper over table, ungrasp block

Table 6: HL task decompositions in terms of LL tasks. X ∈ {red, blue, pink}.
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B.3 Task prompts

Task name Prompt
Grasp the X block grasp the X block
Grasp the drawer grasp the drawer handle
Grasp the slider grasp the slider handle
Ungrasp the block ungrasp the block
Ungrasp the drawer hanle ungrasp the drawer handle
Ungrasp the slider handle ungrasp the slider handle
Place the grasped block place the grasped block over X block/

over the X block/table/drawer/slider table surface/drawer/slider
Rotate the grasped block left/right rotate the grasped block 90 degrees to the left/right
Move the slider door left/right move the grasped handle towards the left/right
Pull/push the drawer pull the grasped handle out/push the grasped handle in
Lift the grasped block lift the grasped block
Rotate the X block left/right rotate the X block 90 degrees to the left/right
Move the slider door left/right move the sliding door to the left/right
Open the drawer open the drawer
Close the drawer close the drawer
Place grasped block in sliding cabinet store the grasped block in the sliding cabinet
Place grasped block in drawer store the grasped block in the drawer
Stack block stack blocks on top of each other
Unstack block remove the stacked block

Table 7: Prompts for LL tasks (first group) and HL tasks (second group). X ∈ {red, blue, pink}.

C LIBERO Task specifications

C.1 Task decompositions

HL Task name LL tasks
Turn on the stove and put the frying pan on it Turn on the stove, Put the frying pan

on the stove
Turn on the stove and put the moka pot on it Turn on the stove, Put the moka pot

on the stove
Put the yellow and white mug in the microwave and close it Put the yellow and white mug in the

microwave, Close the microwave
Put both the alphabet soup and the cream cheese box in the basket Put the alphabet soup in the basket,

Put the cream cheese box in the basket
Put both the alphabet soup and the tomato sauce in the basket Put the alphabet soup in the basket,

Put the tomato sauce in the basket
Put both the cream cheese box and the butter in the basket Put the cream cheese box in the basket,

Put the butter in the basket

Table 8: HL task decompositions in terms of LL tasks.
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C.2 Task prompts

Task name Prompt
Put the frying pan on stove put the frying pan on the stove
Put the moka pot on the stove put the moka pot on the stove
Turn on the stove turn on the stove
Close the microwave close the microwave
Put the yellow and white mug in the microwave put the yellow and white mug in the microwave
Put the alphabet soup in the basket put the alphabet soup in the basket
Put the cream cheese box in the basket put the cream cheese box in the basket
Put the butter in the basket put the butter in the basket
Put the tomato sauce in the basket put the tomato sauce in the basket
Turn on the stove and put the frying pan on it heat up the frying pan on the stove
Turn on the stove and put the moka pot on it heat up the moka put on the stove
Put the yellow and white mug in the microwave and close it microwave the yellow and white mug
Put both the alphabet soup and the cream cheese box in the basket put both the alphabet soup and the

cream cheese box in the basket
Put both the alphabet soup and the tomato sauce in the basket put both the alphabet soup and the tomato

sauce in the basket
Put both the cream cheese box and the butter in the basket put both the cream cheese box and the butter

in the basket

Table 9: Prompts for LL tasks (first group) and HL tasks (second group).

18



D Additional experiment details

D.1 CALVIN Task grouping

When reporting the results, we grouped the tasks in the following way:

HL tasks. Rotate block = [rotate red block left, rotate red block right, rotate blue block left, rotate
blue block right, rotate pink block left, rotate pink block right]. Slider/drawer = [open drawer, close
drawer, move slider left, move slider right]. Place block = [place red block into drawer, place blue
block into drawer, place pink block into drawer, place red block into slider, place blue block into
slider, place pink block into slider]. Stack/Unstack blocks = [stack blocks, unstack blocks].

LL tasks. Grasp block = [grasp red block, grasp blue block, grasp pink block]. Rotate block =
[rotate grasped block left, rotate grasped block right]. Move door = [move grasped slider left, move
grasped slider right, pull the drawer, push the drawer]. Grasp slider/drawer=[grasp slider, grasp
drawer]. Place over area = [place grasped block over table, place grasped block over slider, place
grasped block over drawer]. Ungrasp block = [ungrasp block]. Ungrasp slider/drawer = [Ungrasp
slider, ungrasp drawer]. Lift block = [lift grasped block]. Place over block = [place grasped block
over red block, place grasped block over blue block, place grasped block pink red block].

D.2 Overview of used models

Model Pretraining Image Language Action Action
dataset encoder encoder decoder model

Octo 800k OXE CNN T5-base (frozen) Transformer Diffusion
27, 93M

π0-FAST Proprietary PaliGemma-3B PaliGemma-3B PaliGemma-3B Categorical
3.6B + OXE (FAST tokenization)

CogAct 400k OXE DinoV2 + Llama-2 tokenizer Llama2 Diffusion
7.6B SigLIP-400M

Table 10: Overview of the VLAs used in our experiments.

Octo. Octo [1] comes with 27 million (Octo-Small) and 93 million (Octo-Base) parameter ver-
sions, making it the smallest of the OXE-pretrained models, from which 800k trajectories were used
for pre-training. The language inputs are processed with the T5-base language model [23], while
the image observations and goals are passed through convolutional networks and then flattened into
image patch-based vectors. The resulting sequence of language and image patch embeddings and
an extra readout token are processed in the transformer, and its outputs at readout token position
are sent to the action head. The action distribution is modelled with denoising diffusion model with
action chunking [24] (multiple actions predicted at a time).

Octo-Random Baseline. We also finetune a randomly initialized (i.e. not pre-trained) Octo-Base
architecture on our finetuning dataset, in order to establish the effects of large-scale pretraining on
LL task understanding. We randomly initialize all parameters except for the language model, which
is initialized to T5 as in Octo.

π0-FAST. π0-FAST [9] is an intermediate-scale model with 3.5B total parameters, pretrained on
809M frames/10k hours of data, mostly from a closed-source dataset, but with 9.1% of those frames
from the OXE, BridgeV2 [22] and DROID [21] datasets. It leverages PaliGemma [25] VLM for
processing input images and language instructions. PaliGemma itself consists of SigLIP-400M [26],
which projects input images into a flat sequence of tokens, which are concatenated with language
instruction tokens, a window of future actions tokenized with custom FAST action tokenizer, and
all together passed through Gemma-2B [27] language model. Some of the tokens in Gemma-2B
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are reserved for continuous actions, so during inference, only language instructions and images are
given as input, with the model generating action tokens autoregressively. After the model generated
the stop-token, the preceding action token sequence is converted into continuous actions.

CogAct. CogAct [3] comes with 7 billion parameters and is the largest VLA that we analyze. It
is pretrained on 400k trajectories or 22.5M frames from OXE. It first converts the input images with
SigLIP-400M and DinoV2 into a set of visual tokens, after which these tokens are concatenated with
language instruction tokens processed by a LLama-2 tokenizer [28], as well as a readout token. The
resulting sequence is processed with LLama-2-7B. Then, the outputs at the readout token are used
for iteratively denoising a sequence of future actions with a transformer decoder. As in Octo, the
action distribution is modelled with a diffusion model.

D.3 Other models considered

We also experimented with OpenVLA [2] and RDT [29]. OpenVLA only supports predicting a
single at a time, and in our 30HZ control setting was prone to getting ”stuck” in certain state space
regions where it was predicting low-norm actions. We tried filtering the dataset based on action
norm, but it did not meaningfully improve the performance. RDT, another recently released VLA,
also showed limited initial performance, was also excluded due to the fact that it contained CALVIN
as part of its large-scale pretraining dataset mixture, which would conflict with our new CALVIN
task definitions.

D.4 Inference

For all models, at a timestep t we generate H future actions at:t+H based on image observation ot
and language instruction l, and then execute these actions consecutively before sampling a new set
of actions at timestep t + H . This is referred to as action chunking inference+execution strategy,
with H being the horizon hyperparameter. We use H = 10 for all models except for Octo, for which
we use H = 4 as recommended by authors.

The authors of CogAct proposed Adaptive Action Ensemble, which is a strategy aimed at reducing
jerkiness/improving smoothness of inferred trajectories. During initial experiments, we found that
it to negatively affect the final performance, so we opted for standard action chunking.

D.5 Preprocessing

For each model, we use the same image and action preprocessing logic as in the original papers.

D.6 Hyperparameters

Hyp. name Octo π0-FAST CogACT
Batch size 256 128 128
Optimizer AdamW AdamW AdamW
Learning rate 3e-4 2.5e-5 2e-5
LR schedule Inv. square root Cosine None
Weight decay 0.01 1e-10 0
Observation window 2 1 1
Image resolution 256x256 224x224 224x224
Training act. horizon 10 10 15
Finetuned params All except T4 All All
Action horizon 10 10 10
Diffusion sampling steps 20 - 8

Table 11: Finetuning (first group) and inference (second group) hyperparameters for each model
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