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Fig. 1: SPRINT is a scalable approach for pre-training robot policies with a rich repertoire of skills while minimizing human annotation effort. Given a
dataset of language-annotated trajectories for offline pre-training, SPRINT automatically expands the skill set via LLM-based instruction relabeling and
cross-trajectory skill chaining to enable efficient finetuning on unseen target tasks.

Abstract— Pre-training robots with a rich set of skills can
substantially accelerate the learning of downstream tasks. Prior
works have defined pre-training tasks via natural language
instructions, but doing so requires tedious human annotation
of hundreds of thousands of instructions. Thus, we propose
SPRINT, a scalable offline policy pre-training approach which
substantially reduces the human effort needed for pre-training a
diverse set of skills. Our method uses two core ideas to automati-
cally expand a base set of pre-training tasks: instruction relabel-
ing via large language models and cross-trajectory skill chaining
with offline reinforcement learning. As a result, SPRINT pre-
training equips robots with a richer repertoire of skills that
can help an agent generalize to new tasks. Experiments in a
household simulator and on a real robot kitchen manipulation
task show that SPRINT leads to substantially faster learning of
new long-horizon tasks than previous pre-training approaches.
Website at https://clvrai.com/sprint.

I. INTRODUCTION

When humans learn a new task, e.g., how to cook a new
dish, we rely on a large repertoire of previously learned
skills, like “chopping vegetables” or “boiling pasta”, that
make learning more efficient. Similarly, much work in robot
learning aims to equip robots with a set of useful skills for
improving learning efficiency [1]–[6]. A common approach
to acquiring a rich skill set is to pre-train policies on a
wide range of tasks. Recent works have employed language
instructions as a way for humans to manually define such
tasks for policy training, typically via hindsight annotation
of large, pre-collected robot experience datasets [7]–[10].
While the resulting policies show impressive capabilities,
generalization to new tasks requires a large set of pre-
trained skills and thus many pre-training tasks. As a result,
prior works resorted to annotating robot trajectory datasets
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with hundreds of thousands of human instruction labels [9],
limiting their application outside industrial contexts. Can we
instead devise a pre-training approach that similarly equips
robots with a wide repertoire of skills but minimizes the need
for human task annotations?

We introduce SPRINT (Scalable Pre-training via
Relabeling Language INsTructions), a scalable pre-training
approach that equips robots with a large set of skills while
substantially reducing human labeling effort (see Figure 1).
Given an initial set of language-labeled pre-training tasks,
SPRINT uses extensive automated relabeling to greatly
expand this task set without additional human effort.
Given a dataset of robot trajectories with initial language
instruction annotations, we leverage two core ideas to
grow the number of tasks. First, we leverage the rich
knowledge captured in large language models (LLMs) to
iteratively combine consecutive language instructions into
more complex tasks, e.g., “place mug in coffee machine”
and “press brew button” into “make coffee”. Second,
we propose a language-conditioned offline reinforcement
learning (RL) objective that “stitches” multiple trajectory
segments from the data to form new tasks, a process we
call “skill chaining” since it allows the policy to learn
longer-horizon skills. Through the combination of both
techniques, SPRINT creates a richer pre-training task
set that can help the agent generalize to new tasks. We
demonstrate that SPRINT-pre-trained robots can leverage
their resulting larger skill repertoire to more efficiently learn
new downstream tasks.

In summary, our contributions are threefold: (1) we pro-
pose SPRINT, a scalable pre-training approach for robot
policies that minimizes human task annotation effort via
LLM-based aggregation and cross-trajectory skill chaining,
(2) we introduce ALFRED-RL, an RL benchmark for the

2024 IEEE International Conference on Robotics and Automation (ICRA 2024)
May 13-17, 2024. Yokohama, Japan

979-8-3503-8457-4/24/$31.00 ©2024 IEEE 9168



popular ALFRED household task simulator [11], to test our
pre-trained agents on a rich set of long-horizon, semantically
meaningful tasks, (3) we demonstrate that policies pre-
trained with SPRINT learn downstream tasks more efficiently
than prior pre-training approaches, both on challenging AL-
FRED tasks and in a real robot kitchen manipulation setup.

II. RELATED WORK

Language in RL. There is a large body of work at the in-
tersection of natural language processing and behavior learn-
ing for robotics, and the field has been further accelerated by
the recent successes in training large, general-purpose lan-
guage models. Language has been used to structure agents’
representations [12], [13], learn reward functions [14], guide
task learning via recipes [15], [16] and perform long-horizon
planning [17]–[20]. Another line of work has used language
to define a wide range of tasks for pre-training policies,
resulting in impressive generalization capabilities [8]–[10].
Yet, these works require collecting hundreds of thousands of
costly human language instructions. Our approach SPRINT
builds on this line of work but introduces two novel objec-
tives for automatic relabeling of training task instructions,
thereby substantially reducing the amount of human labeling
required for successful pre-training. Prior works have also
investigated automated language instruction generation [21]–
[23], but they focus on online learning and make assumptions
that are hard to scale, e.g., hand-defined grammars [21]
or privileged state information [22], [23]. In contrast, we
perform offline pre-training and use large language models
for scalable task generation.

Pre-training Policies for RL. Developing policy pre-
training approaches for faster downstream learning has been
investigated for many years [24]–[26]. Recent advances in
offline RL [27] enabled approaches that can pre-train agents
offline and effectively finetune them on online tasks [28]–
[31]. However, these approaches require target-task reward
annotations on the pre-training data and the resulting policies
are only pre-trained to solve the target task. Meta-RL ap-
proaches, on the other hand, pre-train on a range of tasks and
thus allow fast adaptation to unseen downstream tasks [32]–
[35], yet require the tedious manual definition of pre-training
tasks by experts. To avoid manual task design, other works
have explored unsupervised pre-training approaches based
on behavior diversification [36]–[38], extraction of behavior
priors from offline agent experience [5], [39], [40] or goal
state reaching [41], [42]. Closest to ours, Chebotar, Haus-
man, Lu, et al. [42] proposes an objective that randomly
selects states to chain together existing trajectories, while
we propose a language skill chaining objective that allows
SPRINT to execute new, composite language instructions.
Such unsupervised pre-training approaches [42] learn skill
repertoires without clear meaning, which, as we demonstrate
in Section IV, lead to worse downstream task transfer.

Pre-trained Models for Data Augmentation. Obtaining
robot (pre-)training data at scale is costly. Thus, recent works
have explored using world knowledge captured in large pre-
trained models for enriching robot learning datasets, e.g.,
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Fig. 2: SPRINT overview. We assume access to a dataset
of agent experience with language instructions for the per-
formed skills (1). Collecting such instructions with human
hindsight annotation is a flexible yet costly approach for
defining pre-training tasks. Thus, SPRINT introduces two
approaches for automatically growing the set of pre-training
tasks without additional human effort: (2) by aggregating
language instructions with an LLM and adding the relabeled
trajectories back into the pre-training dataset (Section III-
B), (3) by performing cross-trajectory chaining of skills to
enable pre-training of skills that are unseen in the offline
agent experience (Section III-C).

by increasing the visual diversity of trajectories [43]–[45]
or annotating unlabeled data [46]. Our approach similarly
leverages pre-trained (language) models for automated data
augmentation. By investigating an orthogonal augmentation
direction, aggregation and chaining of natural language in-
structions, SPRINT is complementary to these methods.

III. SPRINT: SCALABLE POLICY PRE-TRAINING WITH
LANGUAGE INSTRUCTIONS

In this paper, we propose SPRINT (Scalable Pre-training
via Relabeling Language INsTructions), an approach for pre-
training robot policies that equips them with a rich repertoire
of skills to enable efficient finetuning on unseen tasks. Fol-
lowing prior work on agent pre-training, SPRINT assumes
access to a large offline dataset D of agent experience [4],
[5], [42], [47]–[49], collected, e.g., from prior RL runs or via
teleoperation. We further assume that the data is annotated
with an initial set of natural language task instructions, e.g.,
“put a mug in the coffee machine” or “push the brew button”,
that can be collected in hindsight via platforms like Amazon
Mechanical Turk [8], [11]. Given a sequence τ of states
and actions from the dataset D, annotators can label sub-
trajectories τ1 = [s0, a0, s1, . . . ], τ2 = . . . with free-form
language descriptions z1, z2, . . . of the skills executed in the
respective sub-trajectories (see Figure 2, left), resulting in a
language-annotated dataset DL.

Approach Overview. SPRINT equips policies with
a diverse repertoire of skills via language-instruction-
conditioned offline RL: given a natural language task descrip-
tion z, the policy π(a|s, z) is rewarded for successfully ex-
ecuting the instruction (Section III-A). Intuitively, the richer
the set of task instructions during pre-training, the more
skills the policy will learn and the more downstream tasks
it can finetune on efficiently. Thus, SPRINT introduces two
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approaches for increasing the scale and diversity of the pre-
training task instructions without requiring additional costly
human inputs. Firstly, SPRINT leverages pre-trained lan-
guage models to aggregate consecutive instructions into new
tasks (Figure 2, middle, Section III-B). Secondly, SPRINT
introduces an objective for cross-trajectory skill-chaining via
offline RL that generates novel instruction chains across
different trajectories (Figure 2, right, Section III-C). SPRINT
pre-trains policies on the combined set of tasks and thereby
equips them with a richer skill repertoire. In our experiments
(Section IV) we demonstrate that this leads to more effective
learning of new tasks.

A. Instruction-Conditioned Offline RL

To pre-train our policy π with the natural language instruc-
tion dataset DL, we take inspiration from goal-conditioned
RL [42], [50], [51]: instead of rewarding the policy for
reaching goal states, we condition our policy π(a|s, z) on
language instructions z from DL and provide a scalable
sparse reward R(s, a, z) to the agent for reaching the end-
state sT of the sub-trajectory. Formally, we define the reward
as:

R(s, a, z) =

{
1, for s = sT

0, otherwise.
(1)

We train our policy π(a|s, z) to maximize this reward
with offline RL [27] using an instruction-conditioned critic
Q(s, a, z). Specifically, we use Implicit Q-Learning [31] as
it is performant and easy to tune.

B. Language-Model-Based Instruction Aggregation

LLM Prompt Example

Summarize the following steps.

1: Pick up the tomato slice.
2: Heat it up in the microwave.
Summary: Microwave a tomato
slice.

1: [SKILL 1]
2: [SKILL 2]
...
Summary:

Fig. 3: A shortened example
of the LLM prompt.

Large language models
(LLMs), trained on mas-
sive corpora of internet
text data, have been shown
to be effective at perform-
ing a variety of tasks –
from question answering
to program synthesis –
when prompted with rele-
vant text [52]–[58]. Here
we use LLMs to aggre-
gate, i.e., paraphrase, the
existing language instruc-
tions in DL (see Figure 2,

middle). Given a trajectory that contains multiple sub-
trajectories, we can aggregate adjacent sub-trajectories into a
longer trajectory and relabel its natural language annotation
with a summary of the individual instructions generated
by the LLM, thereby generating a new higher-level pre-
training task that encompasses instructions from multiple
sub-trajectories.1 We use a simple summarization prompt to
instruct the language model (see Figure 3). Specifically, we

1Other relabeling operations, such as splitting an instruction into lower-
level instructions, can also be performed by the LLM. However, such
operations require grounding the LLM in the agent’s observations to
determine sub-trajectory split points. We leave investigating this to future
work.

aggregate with LLAMA-13B [59], an open-source 13 billion
parameter LLM which is able to retain important information
from individual instructions in the overall summary. Like
in Section III-A, the reward for this new aggregated sub-
trajectory is 1 at the last transition and 0 otherwise. For
example, we prompt the LLM to summarize the two skills
(z1 : “Put a mug in the coffee machine,” z2 : “Push the brew
button”), resulting in a new annotation ẑ1:2 describing both
skills (e.g., “Make coffee”). We then add the new trajectory
back to our dataset DL. Using this technique, we generate
new language annotations for all combinations of consecutive
sub-trajectories in our dataset. In practice, this increases the
number of task instructions by 2.5x in ALFRED and 2x in
our robot manipulation dataset (see Section IV).

C. Cross-Trajectory Chaining

In addition to generating new pre-training tasks composed
of behaviors within the same trajectory (Section III-B), we
also want to be able to generate pre-training tasks contain-
ing behaviors across different trajectories. For example, if
trajectory (A) shows cleaning the mug in the sink while
trajectory (B) starts with placing the mug in the coffee
machine, the agent should be able to learn to clean the
mug in the sink and then place it in the coffee machine
(see Figure 2, right), thus learning long-horizon behaviors
that are unseen in the training data. Agents trained with
standard offline RL can implicitly combine tasks described
from multiple trajectories into longer-horizon behaviors via
value propagation, i.e., perform “stitching” [27]. In our
case of instruction-conditioned offline RL, values do not
naturally propagate from trajectory (B) back to trajectory
(A) due to the different language instruction conditionings
for the critic Q(s, a, zA) and Q(s, a, zB). However, we can
actively add “chaining examples” [42], which encourage
learning longer-horizon behaviors, to our training dataset by
first combining language instructions and then appropriately
relabeling rewards. To build such chaining examples, we
first sample two sub-trajectories τzA and τzB from different
trajectories (see Figure 2, right). Next, we create an aggregate
instruction ẑ which indicates that the agent first finishes (A)
and then finishes (B), e.g., “clean the coffee mug (A) and
place it in the coffee machine (B).”2

Unlike in Section III-B, we cannot simply concatenate the
two trajectories together and relabel the reward of the last
transition to 1. Since we sampled the two sub-trajectories
at random, the last state of the first, sTA

, does not directly
transition into the first state of the second. To solve this
issue, we relabel both τzA and τzB with the aggregate
instruction ẑ and treat them as separate trajectories with
appropriately labeled rewards. For transitions in τzB , we
simply relabel the last transition with a reward of 1 to be

2Note that we could generate ẑ using the same LLM summarization as in
Section III-B. Yet we found the resulting summaries to often be confusing
since randomly paired instructions from different trajectories can rarely
be summarized meaningfully. We got the best empirical results by simply
concatenating the sampled instructions with the word “and”. Note that we
perform chaining on both the original trajectories and those generated by
LLM aggregation in Section III-B.
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consistent with the 0-1 rewards in Sections III-A and III-B.
Meanwhile, we would like to relabel the reward of the last,
terminal transition in τzA so that the learned Q-value for this
transition, Q(sTA

, aTA
, ẑ), will also be consistent with the

prior labeling schemes. What reward should we use here?
Recall that Q-functions trained for sparse reward (Eq. 1)

intuitively represent a value proportional to the probability
of reaching goal state sTz at time T [42], [60]:

Qπ(st, at, z) = E[
∑
t′=t

γt′−tR(st′ , at′ , z)]

= E
[
γT−t1 [sT = sTz ]

]
∝ Pπ(sT = sTz |st, at).

(2)

where γ ∈ (0, 1) denotes the discount factor. Following this
intuition, the Q-value learned for the last transition of (A)
should be proportional to the probability of finishing the
remainder of the combined task ẑ, i.e., proportional to the
likelihood of finishing (B) from sTA

when taking action aTA
.

Following Eq. 2, Q(sTA
, aTA

, zB) is this probability. Intu-
itively, if there are transitions in the dataset which indicate
that finishing (B) from sTA

by taking action aTA
is possible,

then this Q-value should be non-zero and the agent will
learn to chain (A) and (B) together through their aggregate
instruction ẑ. Our reward labels for the two trajectories with
aggregate instruction ẑ are therefore:

R(s, a, ẑ) =


1, for s = sTB

Q(s, a, zB), for s = sTA

0, otherwise.
(3)

Since Q changes during training, we compute the rewards in
Eq. 3 in each batch while training. Full SPRINT pseudocode
is listed in Alg. 1.

Algorithm 1 SPRINT Algorithm

Require: Dataset DL w/ language instruction labels, LLM
1: AGGREGATESKILLS(DL, LLM)
2: while not converged do
3: τz ← DL: Sample an annotated skill (sub-)trajectory
4: Train offline RL on τz
5: τagg1 , τagg2 ← CHAINSKILLS(DL, LLM)
6: Train offline RL on τagg1 , τagg2

7: procedure AGGREGATESKILLS(DL, LLM) ▷ Sec. III-B
8: for composite trajectory τz̄ in DL do
9: for all adjacent sub-trajectories

[
τzi ...τzj

]
do

10: Assign name from LLM: LLM(zi...zj) = ẑi:j
11: τẑi:j ← Concat

[
τzi , ..., τzj

]
and relabel with ẑi:j

and reward from Eq. 1.
12: DL = DL ∪

{
τẑi:j

}
13: procedure CHAINSKILLS(DL, LLM) ▷ Sec. III-C
14: Sample random τz1 , τz2 ∼ D

L

15: Assign new name : ẑ = “{z1} and {z2}”
16: τagg1 ← Relabel τz1 w/ ẑ and rew from Eq. 3
17: τagg2 ← Relabel τz2 w/ ẑ and rew from Eq. 3
18: return τagg1 , τagg2

IV. EXPERIMENTS

In our experiments, we investigate how well an agent pre-
trained with SPRINT performs on challenging unseen tasks.

Thus, we answer the following questions: (1) Does SPRINT
enable more efficient finetuning on unseen target tasks than
previous pre-training approaches? (2) Can SPRINT agents
execute unseen language instructions zero-shot? (3) Does
augmentation via language relabeling lead to more gener-
alizable policies than through goal image relabeling?

A. Experimental Setup

1

2 3

4
5 6

"walk to the coffee
maker on the right"

"wash the mug in the sink"
"put the clean mug
in the coffee maker"

"pick up the mug and go
back to the coffee maker"

"pick up the dirty mug
from the coffee maker" "turn and walk to the sink"

visual navigation

visual navigation
memory

object interaction
state changes

visual navigationobject interaction

object interaction

Goal: "Rinse off a mug and place it in the coffee maker"

t 0= t 10= t 21=

t 50=t 27= t 36=

RGB Camera Wrist Camera

Jaco Robot Arm

Kitchen Objects

Fig. 4: Left: ALFRED provides a rich set of long-horizon,
meaningful tasks and a dataset of 6.6k language-annotated
demos. We introduce the ALFRED-RL Benchmark which
tests finetuning of RL agents on unseen tasks and scenes.
Right: Our Jaco robot arm with RGB image-based control.

We evaluate our approach on two image-based environ-
ments (see Figure 4): ALFRED-RL, a simulated RL bench-
mark we introduce, and a real robot kitchen.

ALFRED-RL. Our goal is to compare different pre-
training approaches on a diverse set of semantically mean-
ingful, long-horizon tasks. Yet, existing multi-task RL en-
vironments typically evaluate only on short-horizon or se-
mantically meaningless tasks [7], [61]. Thus, we introduce
a new RL benchmark based on the ALFRED household
task simulator [11]. While ALFRED abstracts away low-
level agent control into discrete actions like “pick up” or
“turn left,” its 100+ rich indoor scenes with many interactable
objects allow to evaluate an agent’s capabilities for solving
long-horizon household tasks from a rich task distribution.
The original benchmark focuses on imitation learning, but we
extend it to support training RL agents through a gym inter-
face with egocentric RGB observations and an action space
consisting of 12 discrete action choices and 82 interactable
object types [62]. We create three evaluation task sets that
test progressively more challenging axes of generalization:
EVALINSTRUCT uses unseen human-generated instructions on
familiar scenes, EVALLENGTH uses tasks that are longer than
any observed in pre-training, testing “stitching” capabilities,
and EVALSCENE uses tasks in unseen floorplans.

Real-World Robot Kitchen Manipulation. To evaluate
pre-training approaches on end-to-end low-level robot con-
trol, we design a set of stylized kitchen manipulation tasks
with a Kinova Jaco 2 robot arm. The policy’s inputs are RGB
images from a wrist-mounted and a third-person camera and
it produces continuous end-effector (3-dim) displacement
actions and a discrete gripper open/stay/close action at a
control frequency of 10Hz. We collect a dataset of 329 long-
horizon trajectories via human teleoperation with the setup
from Dass, Yapeter, Zhang, et al. [63], each consisting of
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multiple language-annotated sub-trajectories like “pick up
the apple fruit,”, “place the black bowl in the dish rack,”
etc. For evaluation, we construct three long-horizon tasks,
sequencing 2 to 8 “primitive skills” like the ones mentioned
above, in environment configurations that are unseen in the
pre-training data. We collect 25 demonstrations for each of
the three tasks to evaluate offline fine-tuning performance of
different pre-trained policies.

Comparisons. We compare SPRINT against common
policy pre-training approaches, behavioral cloning and of-
fline goal-conditioned RL: Language-conditioned BC (L-
BC) [8], [64]: Behavior cloning (BC) conditioned on the
individual language instructions; Episodic Transformers
(ET) [62]: BC conditioned on sequences of language in-
structions – ET is the best-performing end-to-end learned
policy on the ALFRED leaderboard that does not use
privileged domain knowledge like hand-engineered poli-
cies or voxel maps; Actionable Models (AM) [42]: Goal-
conditioned offline RL with randomly sampled goal obser-
vations from the same training data as SPRINT. We also
evaluate SayCan [18]: Top-down LLM planning over pre-
trained, language-conditioned policies.

All methods use the same architectures, hyperparameters,
and training data DL where possible. In ALFRED-RL, all
methods use the same language token conditioned trans-
former policy architecture proposed by Pashevich, Schmid,
and Sun [62] specifically for ALFRED; we use a transformer
critic model with a separate output head for each critic,
following Snell, Kostrikov, Su, et al. [65]. On the real
robot, all methods use an RNN architecture with “action
chunking” [66] proposed by Dass, Pertsch, Zhang, et al. [67].
Results are means and standard deviations over 3 seeds.

B. SPRINT Solves Long-Horizon Tasks Zero-Shot

We first test the effectiveness of SPRINT’s pre-training
by analyzing zero-shot performance across 100 unseen
tasks in the EVALINSTRUCT evaluation set. We report results
in Figure 5 (left). Our approach, SPRINT, achieves 2-8x
higher zero-shot task performance than prior pre-training
approaches AM and L-BC. Even though ET also trains
to condition on long-horizon instruction sequences like
SPRINT, ours still outperforms it overall by 2x. To better
understand the differences between the methods, we report
the breakdown of returns by length of the evaluation task
in Figure 5 (middle). We find that all methods except AM
achieve similar performance on length 1 tasks. However, on
long-horizon tasks, SPRINT achieves much higher returns
than all baselines since it can leverage the LLM to automat-
ically generate longer-horizon pre-training tasks. In contrast,
L-BC trains only on the human-provided, shorter-horizon
annotations and thus cannot zero-shot perform longer tasks.
Meanwhile SayCan, with the same LLM as used for SPRINT,
commonly generates incorrect plans that lead to incorrect
behaviors. This problem is exacerbated on longer tasks; the
chance of planning errors increases with task length. In
contrast, SPRINT’s pre-training enables more robust long-
horizon task execution. Similar to our approach, AM trains

to reach long-horizon goals during pre-training but the results
in Figure 5 (left) show that its pre-training with goal-state
conditioning is less effective than our language-conditioned
pre-training. These results also hold for the EVALLENGTH task
set, which tests generalization to task horizons beyond the
ones seen during training. On these most challenging tasks,
SPRINT outperforms the best baseline by 2.5x.

C. SPRINT Finetunes Effectively in Unseen Environments

ALFRED-RL. We test SPRINT’s finetuning performance
to unseen tasks on the most challenging EVALSCENE task
set in unseen household floor plans with 50k environment
interactions. This corresponds to a realistic scenario in which
an agent is placed in a new household environment and needs
to leverage skills learned during pre-training to solve new
tasks with minimal environment interaction. To implement
finetuning for SPRINT and AM, we condition the policy
on a language instruction or goal image from the target task
respectively and then run IQL with online data collection. For
L-BC and ET, we first pre-train a language-conditioned critic
with IQL on the pre-training dataset and then finetune both
the policy and critic with online IQL. Sparse, per-subtask
completion reward is given to agents during fine-tuning.

We report finetuning results in Figure 5 (right). SPRINT
quickly achieves higher downstream task return than the
best prior work. Specifically, L-BC converges to lower
peak performance than SPRINT and ET performs poorly,
perhaps because transferring from instruction sequences to
high-level task descriptions is challenging. Meanwhile, AM
performs similarly to L-BC, possibly because unseen goal
states are more difficult to learn from. In contrast, SPRINT’s
pre-training with language conditioning allows for effective
transfer even to unseen environments since the semantics of
the tasks transfer well: the language description “place cup
in coffee machine” transfers to many environments while the
goal image for the same task might look very different. Thus,
pre-training with language instructions can enable better
transfer for learning tasks in new environments than pre-
training to reach goal states. SayCan performs poorly due
to both planning and execution errors as it does not fine-
tune. We also attempted to first fine-tune SayCan’s primitive
policies before running SayCan, but its performance did
not change as fine-tuning its policies on high-level task
instructions did not improve primitive instruction execution.

Real Robot. We also measure finetuning performance on
an unseen environment on our real robot setup. We evaluate
on three tasks consisting of 2, 4, and 8 subgoals, respectively:

1) Bake bread in the oven: The robot must (1) pick up
the bread, (2) place it in the oven.

2) Serve heated milk in the bowl: The robot must (1) pick
up the milk, (2) place it in the black bowl, (3) pick up
the bowl with milk, (4) place the bowl in the oven.

3) Serve milk in the bowl and butter and baked bread in
the plate: (1) pick up milk, (2) put it in the black bowl,
(3) pick up butter, (4) put it in the plate, (5) pick up
the bread, (6) bake it in the oven, (7) pick up the bread
from the oven, (8) place the bread in the plate.
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Zero-Shot Overall Zero-Shot Split by Length Fine-tuning on  EVALSCENE

EVALINSTRUCT EVALLENGTH

Fig. 5: ALFRED-RL evaluation results. Left: Zero shot performance on EVALINSTRUCT and EVALLENGTH. SPRINT is able
to complete substantially more subtasks than prior approaches. Middle: Breakdown of performance by task length. SPRINT
performs well on challenging, long tasks. Right: Finetuning performance in unseen floor plans of EVALSCENE. SPRINT
learns in new floorplans more effectively by reaching higher performance.

TABLE I: Success rates and number of subgoals completed
after fine-tuning on the tabletop arrangement displayed on
the left with unseen object combinations over 5 trials.

Length 2 Length 4 Length 8

Method Success # Tasks Success # Tasks Success # Tasks

SPRINT 100% 2.0 60% 3.4 40% 6.2
L-BC Comp. 100% 2.0 40% 2.8 20% 5.2
L-BC 100% 2.0 40% 0.4 0% 2.0
No pre-train 0% 1.0 0% 0.0 0% 0.0

We collect 25 demonstrations per task for offline fine-
tuning. We compare SPRINT against L-BC, a version of
L-BC trained on full sequences of concatenated language
instructions (L-BC Composite), and a method that is trained
only on the downstream task demonstrations (No pre-train).

Results in Table I demonstrate that No Pre-train performs
poorly, indicating that pre-training is necessary. SPRINT
achieves the best success rates and completes the most sub-
goals on all tasks. Compared to L-BC Composite, SPRINT
achieves higher returns and success rates on challenging,
longer tasks. See Figure 6 for an example evaluation.

Task: “Serve milk in the bowl and butter and baked bread in the plate.”

“Pick up the milk” “Place the milk in 
the bowl”

“Pick up the 
butter”

“Place the butter 
in the plate”

“Pick up the 
bread”

“Place the bread 
in the oven”

“Pick up the 
baked bread”

“Place the bread 
in the plate”

Fig. 6: Successful rollout of a SPRINT agent offline finetuned
for the task above with object combinations not in the pre-
training data. SPRINT solves all 8 tasks in sequence.

D. Ablation Studies

We verify the effectiveness of the components of our
approach, with the following ablations: SPRINT w/o chain

TABLE II: Ablations. SPRINT achieves the highest return.

Ablation EVALINSTRUCT EVALLENGTH

SPRINT (ours) 1.94 ± 0.04 4.40 ± 0.39
SPRINT w/o Chain 1.75 ± 0.11 3.98 ± 0.29
SPRINT Naı̈ve Chain 0.50 ± 0.04 0.26 ± 0.05
SPRINT w/o LLM-agg 0.37 ± 0.01 0.15 ± 0.10

removes cross-trajectory chaining (Section III-C), instead
trains only on within-trajectory human-provided and LLM-
aggregated tasks; SPRINT Naı̈ve Chain replaces Q-value
reward labels when chaining with 0’s to test naı̈ve offline
RL “stitching” with language instruction-conditioned agents.
SPRINT w/o LLM-agg additionally removes LLM aggre-
gation (Section III-B) and chaining, thus training only on
the human-provided task annotations. We report zero-shot
ALFRED evaluation results in Table II: each component
of our approach improves zero-shot evaluation performance.
There is a large performance loss when removing LLM
aggregation, underlining the importance of leveraging LLMs
for automatically generating long-horizon training tasks. We
also see that naı̈ve chaining is worse than not chaining.

V. DISCUSSION AND ACKNOWLEDGEMENTS

We presented SPRINT, an approach for scalable agent pre-
training that automatically generates training tasks for offline
RL via LLM relabeling and cross-trajectory skill chaining.
SPRINT pre-training leads to higher zero-shot and finetuning
performance on diverse household tasks in the ALFRED
simulator and on real-robot kitchen manipulation tasks.
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