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Abstract

Complex, long-horizon planning and its combinatorial na-
ture pose steep challenges for learning-based agents. Diffi-
culties in such settings are exacerbated in low data regimes
where over-fitting stifles generalization and compounding er-
rors hurt accuracy. In this work, we explore the use of an
often unused source of auxiliary supervision: language. In-
spired by recent advances in transformer-based models, we
train agents with an instruction prediction loss that encour-
ages learning temporally extended representations that op-
erate at a high level of abstraction. Concretely, we demon-
strate that instruction modeling significantly improves perfor-
mance in planning environments when training with a limited
number of demonstrations on the BabyAl and Crafter bench-
marks. In further analysis we find that instruction modeling
is most important for tasks that require complex reasoning,
while understandably offering smaller gains in environments
that require simple plans. More details and code can be found
at https://github.com/jhejna/instruction-prediction.

Introduction

Intelligent agents ought to be able to complete complex,
long horizon tasks and generalize to new scenarios. Unfortu-
nately, policies learned by modern deep-learning techniques
often struggle to acquire either of these abilities. This is par-
ticularly true in planning regimes where multiple, complex,
steps must be completed correctly in sequence to complete a
task. Realistic constraints, such as partial observability, the
underspecification of goals, or the sparse reward nature of
many planning problems make learning even harder. Rein-
forcement learning approaches often struggle to effectively
learn policies and require billions of environment interac-
tions to produce effective solutions (Wijmans et al. 2019;
Parisotto et al. 2020). Imitation learning is an alternative ap-
proach based on learning from expert data, but can still re-
quire millions of demonstrations to learn effective planners
(Chevalier-Boisvert et al. 2019). Such high data constraints
make learning difficult and expensive.

Unfortunately the aforementioned issues with behavior
learning are only exacerbated in the low data regime. First,
with limited training data agents are less likely to act per-
fectly at each environment step, leading to small errors
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that compound overtime in the offline setting. Ultimately,
this leads to sub-par performance over long horizons that
can usually only be improved by carefully collecting addi-
tional expert data (Ross, Gordon, and Bagnell 2011). Sec-
ond, deep-learning based policies are more likely to overfit
small training datasets, making them unable to generalize
to new test-time scenarios. On the other hand, humans have
the remarkable ability to interpolate previous knowledge and
solve unseen long-horizon tasks. After observing an envi-
ronment, we might deduce plan or sequence of the steps to
follow to complete our objective. However, imitation learn-
ing agents are not required to construct plans by default
— they are usually trained to only output action sequences
given seen observations. This begs the question: how can
we make agents reason better in long-horizon tasks?

An attractive solution lies in language instructions, the
same medium humans use for mental planning (Gleitman
and Papafragou 2005). Several prior works directly provide
agents with language instructions to follow (Anderson et al.
2018; Shridhar et al. 2020; Chen et al. 2019). Unfortunately,
such approaches require the specification of exhaustive in-
structions at test time for systems to function. A truly in-
telligent agent ought to be able to devise its own plan and
execute it, with only a handful of demonstrations. We pro-
pose improving policy learning in the low-data regime by
having agents predict planning instructions in addition to
their immediate next action. As we do not input instructions
to the policy, we can plan without their specification at test
time. Though prior works have used hierarchical structures
that generate their own instructions to condition on (Chen,
Gupta, and Marino 2021; Hu et al. 2019; Jiang et al. 2019),
we surprisingly find that just predicting language instruc-
tions is in itself a powerful objective to learn good repre-
sentations for planning. Teaching agents to output language
instructions for completing tasks has two concrete benefits.
First, it forces them to learn at a higher level of abstrac-
tion where generalization is easier. Second, by outputting
multi-step instructions agents explicitly consider the future.
Practically, we teach agents to output instructions by adding
an auxiliary instruction prediction network to transformer-
based policy networks, as in seq2seq translation (Vaswani
et al. 2017). Our approach can be interpreted as translating
observations or trajectories into instructions.

We test our representation learning method in limited data



settings and combinatorially complex enviornments. We find
that in many settings higher performance can be attained
by relabeling existing demonstrations with language instruc-
tions instead of collecting new ones, creating a new, scalable
type of data collection for practitioners. Furthermore, our
method is conceptually simple and easy to implement. This
work is the first to show that direct representation learning
with language can accelerate imitation learning.

To summarize, our contributions are as follows. First, we
introduce a method for training transformer based planning
networks on paired demonstration and instruction data via
an auxiliary instruction prediction loss. Second, we test our
objective in long-horizon planning based environments with
limited data and find that it substantially outperforms con-
temporary approaches. Finally, we analyze the scenarios in
which predicting instructions provides fruitful training sig-
nal, concluding that instruction modeling is a valuable ob-
jective when tasks are sufficiently complex.

Related Work

Language in the context of policy learning has been heavily
studied (Luketina et al. 2019), usually to communicate a task
objective. Uniquely, we use natural language instructions to
aid in learning via an auxiliary objective. Here we survey the
most relevant works to our approach.

Language Goals. Language offers a natural medium to
communicate goals to intelligent agents. As such, several
prior work have focused on learning language goal condi-
tioned policies, particularly for robotics (Nair et al. 2021;
Stepputtis et al. 2020; Kanu et al. 2020; Hill et al. 2020;
Akakzia et al. 2021; Goyal, Mooney, and Niekum 2021;
Shridhar, Manuelli, and Fox 2021), or for games (Chevalier-
Boisvert et al. 2019; Chaplot et al. 2018; Hermann et al.
2017), and sometimes even with hindsight relabeling (Chan
et al. 2018; Cideron et al. 2020). Others in the area of inverse
reinforcement learning use language to specify reward func-
tions (Fu et al. 2019; Bahdanau et al. 2018; Williams et al.
2018) or shape them (Mirchandani, Karamcheti, and Sadigh
2021; Goyal, Niekum, and Mooney 2019). These works use
language to give humans an easy way to specify the desired
goal conditions of an environment. Unlike these works, we
use language instructions that dictate the steps to reach a de-
sired goal condition instead of just using language goals that
specify the desired state. Other works, particularly in the vi-
sual navigation space, provide agents with step-by-step in-
structions similar to those we use, sometimes in addition to
language goals. Anderson et al. (2018); Fried et al. (2018);
Chen et al. (2019); Krantz et al. (2020); Chen et al. (2021a,
2019); Zang et al. (2018) condition policies on step-by-step
language instructions for visual navigation, while Shridhar
et al. (2020); Pashevich, Schmid, and Sun (2021); Shridhar
et al. (2021) use instructions for household tasks. Many of
these benchmarks ask agents to simply follow instructions,
like “turn right at the end of the hallway” instead of achiev-
ing overarching goals like “go to the kitchen”. Critically un-
like our method, these approaches require laboriously pro-
viding the agent with step-by-step instructions at test-time.
By using instructions for representation learning instead of
policy inputs, we additionally avoid needing to label entire
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datasets with language instructions and can train on par-
tially labeled datasets. Other proposed environments (Wang
and Narasimhan 2021) assess understanding by prompting
agents with necessary information about task dynamics, pre-
cluding the removal of text-prompting at test time.

Language and Hierarchical Learning. Instead of di-
rectly using instructions as policy inputs, other works use
language instructions as an intermediary representations for
hierarchical policies. Usually, a high-level planner outputs
language instructions for a low-level executor to follow. An-
dreas, Klein, and Levine (2017) and Oh et al. (2017) pro-
vide agents with hand-designed high-level language instruc-
tions or policy “sketches”. Again unlike our method such
approaches require instruction labels for every training task
and for every new task at test-time. Jiang et al. (2019) and
Shu, Xiong, and Socher (2017) provide interactive language
labels to agents to train hierarchical policies with reinforce-
ment learning. In the imitation learning setting, Hu et al.
(2019) learn a hierarchical policy using behavior cloning
for a strategy game. Unlike the planning problems we con-
sider, their environment has no oracle solution and does not
consider generalization to unseen tasks. Most related to our
work, Chen, Gupta, and Marino (2021) use latent repre-
sentations from a learned high-level instruction predictor to
aid a low-level policy. However, unlike Chen, Gupta, and
Marino (2021), we learn latent representations that can pre-
dict instructions, but do not explicitly condition on them at
test-time. While these hierarchical approaches have shown
promise, the quality of learned policies is inherently limited
by the amount of language data available for training. Even
with a perfect low-level policy, inaccurate languages com-
mands will yield poor overall performance. For example,
a small mis-specification in a subgoal, like changing “blue
door” to “red door” would likely cause complete policy fail-
ure. This is not an issue for our loss-based approach, as our
instruction prediction network can be detached from the pol-
icy. As previously mentioned, this structure lets us learn on a
mix of instruction annotated and unannotated data, letting it
more easily scale than hierarchical approaches particularly
in data-limited scenarios. Other approaches in robotics sim-
ilar to hierarchy use high-level discrete action labels along-
side demonstrations to learn planning grammars (Edmonds
et al. 2017, 2019). While different in flavor than our ap-
proach, such methods also share similar data limitations to
the hierarchical methods preivously discussed.

Auxiliary Objectives. The use of auxiliary objectives in
policy learing has been extensively studied. Though to our
knowledge no prior have used instructions, auxiliary ob-
jectives in general have been found to aid policy learning
(Jaderberg et al. 2017). Laskin, Srinivas, and Abbeel (2020)
and Stooke et al. (2021) demonstrated the success of con-
trastive auxiliary objectives in robotic reinforcement learn-
ing domains. Schwarzer et al. (2020) and Anand et al. (2019)
did the same in the Atari game-playing environments. We
were inspired by their effectiveness. Additionally, works like
Andreas, Klein, and Levine (2018) have previously used lan-
guage question and answering for representation leaning in
visual domains.

Transformers. Our approach is based on several innova-



tions involving transformer networks. Vaswani et al. (2017)
previously showed state of the art results in machine trans-
lation using transformers. While the application of trans-
formers has extended to behavior learning (Zambaldi et al.
2018; Parisotto et al. 2020; Chen et al. 2021b), prior works
in the area have not leveraged the transformer decoder. Clos-
est to our domain, Lin et al. (2021) generate captions from
video. The architecture of our policy networks take inspi-
ration from recent works adapting transformers to mediums
beyond text, namely in vision (Dosovitskiy et al. 2021) and
offline reinforcement learning (Chen et al. 2021b).

Method

In this section we formally describe imitation learning with
instruction prediction, then detail our implementation for
both Markovian and non-Markovian environments.

Problem Setup

The standard learning from demonstrations setup assumes
access to a dataset of expert trajectory sequences contain-
ing paired observations and actions 01, a1, 02, ag, ..., 0T, ar.
The goal of imitation learning is to learn a policy 7 (a¢|-) that
predicts the correct actions an agent should take. In our work
we consider both Markovian and partially observed non-
Markovian settings. In the non-Markovian observed case,
policies are given access to previous observations in order
to infer state information (Kaelbling, Littman, and Cassan-
dra 1998), and we denote the policy as m(a¢|o1,...0t). In
the Markovian setting this is unnecessary, and the policy is
simply 7(a|o¢). In imitation learning it is common for poli-
cies to be goal conditioned, or even conditioned on language
goals as is the case in our experiments. In goal conditioned
settings an encoding of the desired task or goal g is addi-
tional input to the policy. As our approach works with or
without goal conditioning we omit it from the rest of this
section for brevity. A standard imitation learning technique
is behavior cloning, which in discrete domains maximizes
the likelihood of the actions in the dataset using a negative
log likelihood objective, Lacion = — Y, log m(as]-).

In this work, we assume access to oracle language in-
structions that tell an agent how it should complete a task
to provide useful training signal. As mentioned in Section
2, for the purposes of our method we distinguish goals
from instructions. Language goals describe the desired fi-
nal state of the environment environment, specifying what
to do, whereas language instructions communicate sow an
agent should reach the desired state in a step-by-step man-
ner. Each trajectory may have several language instructions
W 23 2 corresponding to each of the n different
steps to reach the desired goal configuration. For example, a
language instruction like “open the door” only applies to the
part of the demonstration before the agent opens the door
and after it completes the last instruction. The ¢-th instruc-
tion (*) thus corresponds to an interval [T}, T;;1) where
T; marks the time the instruction was given and 7;; de-
notes the start of the next instruction. A depiction of an
example instruction sequence can be found in Figure ??.
While language instructions are an additional data require-
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ment, they can be cheap to obtain, particularly in scenarios
where demonstrations are expensive to collect. If demonstra-
tions are collected in the real world, providing simultane-
ous instruction annotations for a demonstration is likely less
labor-intensive than collecting an additional demonstration.
Moreover, humans can easily re-label existing demonstra-
tions with instructions. Video data could easily be captioned
with voice-over. Similar statements can be made for sim-
ulators — if one can code an oracle policy, instructions are
likely easy to generate along the way. These modifications
are easy for simulators with planning stacks, as in BabyAl.
Moreover, we focus on low to medium data regime, where
the cost of setting up an environment and collecting more
demonstrations is likely be higher than annotating an exist-
ing small set of demonstrations. Next, we describe how we
train agents to predict language instructions to aid in imita-
tion learning.

Instruction Prediction for Imitation Learning

The central hypothesis of this work is that predicting lan-
guage instructions will force agents to learn representations
beneficial for long-horizon planning. In our framework, we
first construct an observation encoder fy that produces latent
representations z. As in behavior cloning we predict actions
from latents z using a policy network 74, but we additionally
use a language decoder gy, to predict the current instruction
from z. Our general setup is shown in left half of Figure
1. We consider both non-Markovian environments, where
sequences of observations must be provided to the model
so it can infer the underlying state. In the non-Markovian
setting, the encoder produces z1,...,2z: = fg(01,...,0¢),
the policy is mg(a¢|z1, ..., 2¢), and the language model is
gy (|21, ..., 21, _1). For standard fully observed Marko-
vian environments, conditioning on past observations is un-
necessary and the encoder, policy, and language decoder can
be written as z; = f(or), T4(a¢|2t), and gy, (2(?|2;) respec-
tively. As is common in natural language processing, we
treat each language instruction z(*) as a sequence of mul-
tiple text tokens z\”, 23", ..., (") where I; is the length of
the i-th instruction. The decoder is trained using the stan-
dard language modeling loss. We construct our total imita-
tion learning objective by maximizing the log-likelihood of
both the action and instruction data. For a given trajectory in
the non-Markovian case, this is written as follows

T
L=— Zlog m(arlz1, s 2t)

t=1
I

n

- Z Z loggw(xy) |x§l), - x;lll, 21, .

i=1 j=1
where latent representations z are all produced by the
shared encoder fy. The MDP case is formulated by re-
moving past conditioning on zi, ..., 2;—1. The first term of
the loss is the standard classification loss used for behav-
ior cloning in discrete domains. The second term of the
loss corresponds to the negative log-likelihood of the lan-
guage instructions. We index the language loss by instruc-
tions via the first sum. The second sum over token log
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Figure 1: The left diagram depicts the general model architecture used for our approach. Notice how the policy and encoder
can be completed separated from the instruction component for mixed-data training or inference. The diagram on the right
depicts its implementation for the partial observed environments using a GPT-like transformer encoder. The diagram shows our
masking scheme at episode step ¢: latent vectors from beyond time ¢ are masked from the language decoder.

likelihoods is from the standard auto-regressive language
modeling framework, where the likelihood of an instruc-
tion is the product of the conditional probabilities p(z(¥)) =
H;;l p(xgl) |29 xﬁl) Note that when predicting the
likelihood of language tokens for instruction ¢, the model
can only condition on latents up to z7,_1. This ensures that
we compute the likelihood of instruction ¢ using only obser-
vations during or before its execution. Finally, A is a weight-
ing coefficient that trades off the importance of instruction
prediction and action modeling. During training, we opti-
mize all parameters ¢, v, and 6 jointly, meaning that gra-
dients from both behavior cloning and language prediction
are propagated to the encoder weights 6. In some of our ex-
periments we test additional learning objectives which are
also trained on top of the same latent representations z as is
standard in the literature (Jaderberg et al. 2017).

Though our method is general to any network architec-
ture, we train transformer based policies since they have
been shown to be extremely effective at natural language
processing tasks (Vaswani et al. 2017) and carry a good in-
ductive bias for combinatorial planning problems (Zambaldi
et al. 2018). For details on the transformer architectures we
use, we defer to (Dosovitskiy et al. 2021; Chen et al. 2021b).
In the following sections we describe our transformer-based
models for both Markovian and non-Markovian settings.

Non-Markovian Settings. For environments that are
non-Markovian or partially observed we use a transformer
based sequence model as our policy network, similar to
those employed in (Chen et al. 2021b). We operate in the
entire sequence at once: z1,...27 = fy(01,...,0r). Causal
masking similar to that in (?) ensures that at time ¢ the rep-
resentation z; only depends on current and previous observa-
tions 01, ...0;. The same policy network 74 (a;|z:) is applied
to each latent to produce actions for each timestep. The lan-
guage decoder g, is also a transformer model and employs
both causal attention masks to the language inputs and cross
attention masks to the latents. Causal-self attention masks
on the language inputs enforce the auto-regressive modeling
of the instruction tokens. Cross attention masks to the latent
representations ensure that predictions for the ith instruction
cannot attend to latents from timesteps after its execution as
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is depicted by the red “x”s in Figure 1. This forces language
prediction during training to mirror test-time as the agent
cannot use future information to predict the instruction.

Markovian settings. For environments that are fully
Markovian, we use only the most recent observation o;. As
sequence modeling is unnecessary, we use a transformer to
encode individual states, leveraging their success in combi-
natorial environments (Zambaldi et al. 2018). Specifically,
we a Vision Transformer architecture (Dosovitskiy et al.
2021) that predict actions only for a single timestep. Ob-
servations are preprocessed into tokens and prepended with
a special CLS token: oy — CLS, 04,1, 0,2, 04,3, ... As we do
not input future observations, the transformer encoder uses
full unmasked self attention. At the end of the network we
take the latent representation corresponding to the CLS to-
ken and use it to predict the action g (a¢|2¢ crs). We use all
latent tokens z¢ cLs, 2¢,1, 2t,2, #,3, -.- to predict the current
language instruction with g,,. An architecture figure can be
found in Appendix C.

Experiments

In this section we detail our experimental setup and em-
pirical results. In particular, we investigate the benefits of
instruction modeling for planning in limited data regimes.
We seek to answer the following questions: How effective
is instruction modeling loss? How does instruction model-
ing scale with both data and instruction annotations? What
architecture choices are important? And finally, when is in-
struction modeling a fruitful objective?

Environments

To evaluate the effectiveness of instruction prediction at en-
abling long-horizon planning and generalization, we test our
method on BabyAl (Chevalier-Boisvert et al. 2019) and the
Crafting Environment from Chen, Gupta, and Marino (2021)
which both provide coarse instructions. They cover chal-
lenges in partial observability, human generated text, and
more. We later examine the ALFRED environment to un-
derstand where instruction prediction is useful. Full model
hyperparameters can be found in the Appendix.



Goal: “open a purple door and put the purple box next to the grey bal

|
- . - . .
@ \

open the grey door

” u

go to the red door

” u

“open the purple door

nu

In

‘g0 to the grey door™pickup the purple box” “drop the purple box”

9
Ours =
K ]

nu

“open the purple door

open the grey door™open the purple door

nu

pickup the purple box

na,

g0 to the grey door” “drop the purple box”

Figure 2: Snapshots of a rollouts from an oracle agent and our trained agents on the same unseen task in BabyAl. Our agent is
able to predict instructions, given below each image, with high fidelity. Our learned agent employs a different strategy but still

completes the task exhibiting strong generalization.

BabyAlI: Agents must navigate partially observable grid-
worlds to complete arbitrarily complex goals specified
through procedurally generated language such as moving
objects, opening locked doors, and more. Agents are eval-
uated on their ability to complete unseen missions in unseen
environment configurations. We modify the BabyAl oracle
agent to output language instructions based on its planning
logic. We focus our experiments on the hardest environment,
BossLevel, and up to 10% of the million demos in Chevalier-
Boisvert et al. (2019). Because of partial observability, we
employ a transformer sequence model as described in Sec-
tion with the same encoder from Chevalier-Boisvert et al.
(2019). The language goals from the environment are tok-
enized and fed as additional inputs to the policies. We eval-
uate on five hundred unseen tasks.

Crafting: This environment from Chen, Gupta, and
Marino (2021) tests how well an agent can generalize to new
tasks using instructions collected from humans. The origi-
nal dataset contains around 5.5k trajectories with human in-
struction labels. Each task is specified by a specific goal item
the agent should craft, encoded via language. The agent must
complete from one to five independent steps to obtain the fi-
nal item. As this environment is fully observed, we employ
the Vision Transformer based model described in Section
with the benchmark’s original state encoder.

Baselines

We compare the effectiveness of our instruction modeling
auxiliary loss to a number of baselines. The text in paren-
thesis indicates how we refer to the method in Tables 1, 2, 4,
and 5. None of our models are pretrained, though we explore
this and more additional baselines in the Appendix.

1. Original Architecture (Orig): The original state of the
art model architectures proposed for each environment.
The crafting environment uses a language-instruction hi-
erarchy. In BabyAlI, we use convolutions and FiLM lay-
ers as in Chevalier-Boisvert et al. (2019).

2. Transformer (Xformer): Our transformer based models
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without any auxiliary objectives to determine the effec-
tiveness of our architectures.

. Transformer Hierarchy (Hierarchy): A high-level
model outputs instructions for a low level executor for
comparison to to hierarchical approaches.

. Transformer with Forward Prediction (Forward): In-
stead of predicting instructions, we use the decoder to
predict future actions. This baseline demonstrates the im-
portance of using grounded information.

. Transformer with ATC (ATC): Our transformer model
with the active temporal contrast (ATC) self-supervised
objective proposed in Stooke et al. (2021). This compares
vision and instruction based representation learning.

. Transformer with Lang (Lang): Our transformer based
models with just instruction prediction loss.

. Transformer with ATC and Lang (Lang + ATC): Our
transformer based models with both instruction modeling
and constrastive auxiliary losses.

How Effective Is Instruction Prediction?

Our main experimental results can be found in Table 1,
where we compare the performance of all methods on both
environments with three differing dataset sizes. We find that
for all environments and dataset sizes our instruction mod-
eling objective improves or has no effect in the worst case.
In BabyAl, we achieve a 70% success rate on the hardest
level with fifty thousand demonstrations and instructions.
For comparison, it is worth noting that the original BabyAlI
implementation (Chevalier-Boisvert et al. 2019) achieved a
success rate of 77% with one million demonstrations. In
the crafting environment, using instruction modeling boosts
the success rate by about 5% or more in the 1.1k and 2.2k
demonstration setting. To our knowledge our results are state
of art in this environment, exceeding the reported 69% suc-
cess rate on unseen tasks in Chen, Gupta, and Marino (2021)
where RL is additionally used. We also find that the model is
able to accurately predict instructions (Figure 2), which ap-



Env Demos | Orig Xformer Hierarchy ATC Forward  Lang ATC+Lang
100k 38.8 48.4 41.2 62.4 43.5 78.6 73.6
BabyAI | 50k 35.3+0.1 40.2+2.2  36.8+43.5 45.8%+0.6 37.0+0.6 70.3£1.3 64.3£0.5
BossLevel| 25k 32.3+24 399405 37.2+3.0 37.1x1.1 38.940.7 55.4+7.0 56.0+£3.0
12.5k | 29.9+£0.9 37.3%+0.1 364+2.6 384+14 36.0+04 39.4+1.0 38.6+0.6
5k 94+£1.1 758+£3.6  63.2+£10 78.8+£3.1 779+43 759424 80.3+2.5
Crafting 3.3k 9.3+0.4  745+£33  599+£11  75.7£1.0 745+49 745428 76.0+2.8
2.2k 49+1.0 69.4+49  56.5+£99 73.9+£2.1 73.6+£3.2 752444 78.21+4.6
1.1k 1.7£0.8  70.1£3.8  39.4+3.8 70.1£3.7 73.0+£3.8 74.842.6 71.4+29
ALFRED | 42k - 283+£10 - - - 28.5+1.0 -

Table 1: Success rates (in %) of all methods for varying numbers of demonstrations. The best method(s) is bolded, and the
included range denotes the standard deviation (2 seeds for BabyAl and ALFRED, 4 for Crafting).

BabyAI Crafting

80 78
g 70 76
O /
5 74
x 60
» 72
]
o 50 70
S —— No Lang
9 40 68 Lang

50k 100k 150k 200k 1k 2k 3k 4k 5k
Demonstrations Demonstrations

Figure 3: Data scaling with and without instrucutions.

pears to be correlated with performance. See the Appendix
for analysis of the language outputs of the models.

Visual representation learning was not as fruitful as lan-
guage based representation learning overall. The combina-
tion of ATC and instruction modeling was unfortunately not
constructive in all scenarios: it performed better in some in-
stances and worse than just language loss in others. This is
consistent with results found in Chen et al. (2021c¢) that show
that observation based auxiliary objectives often yield mixed
results in the imitation learning setting. We find that our hier-
archical implementations do not perform very well in com-
parison to plain transformer models. This is likely because
with only a few demonstrations high-level language policies
are likely to output incorrect instructions for unseen tasks
leading low-level instruction conditioned policies to output
sub-optimal actions. More analysis of the hierarchical base-
lines is in the Appendix. Finally, we see that the forward
prediction used in the forward baseline hardly contributes to
performance, indicating that grounded instructions do more
than just combat compounding errors.

How Does Instruction Prediction Scale with Data
and Annotations?

Overall, we find that instruction modeling reduces the
amount of data required for policies to begin to general-
ize well. This is particularly evident in the low to medium
data regime. With too little data, agents are likely to overfit
quickly and only see a minor benefit from instruction predic-
tion. With a significant amount of data instruction modeling
may become unnecessary, and the policy can learn good rep-

7862

% wl Instr | 0% 50% 100%
50k Demos | 40.24+2.2 68.6£1.4 70.3+1.3
25k Demos | 39.9£0.5 50.3+£1.3 55.4+7.0

Table 2: We ablate the amount of demonstrations annotated
with language instructions. Values are % success rates with
standard deviations.

resentations from action labels alone. However, in between
these regimes we find that instruction prediction reduces the
amount of data needed to generalize by forcing the model
to learn more ammendable representations to long-horizon
planning. Figure 3 depicts how model performance changes
with dataset size. In BabyAl, instruction modeling does not
appear to significantly help with the smallest number of de-
mos, however, after twelve and a half thousand demonstra-
tions that we find that policy performance with language
scales almost linearly with data before it experiences di-
minishing returns at two-hundred thousand demonstrations.
Policies without language are unable to perform substan-
tially better until we provide one hundred thousands demon-
strations. This is not just because training with instructions
helps overcome partial observability — we show similar re-
sults on a fully observed version of BabyAl in the Appendix.
The Crafting environment has only fourteen training tasks
versus BabyATI’s potentially infinite number, causing it to re-
quire fewer demos before performance saturates. Thus, we
observe the opposite problem: instruction modeling helps
when the policy is data constrained, and then is neutral when
more data is introduced. In Section 4.6, we show that this
saturation happens rather quickly for 5-step Crafting tasks,
as there is only one in the training dataset.

A benefit of our loss-based approach is that it can easily be
applied to mixed datasets that have only some instruction la-
bels. To additionally study the scaling properties of our lan-
guage prediction objective, we construct datasets in BabyAl
where only half of the trajectories have paired instructions.
Results can be found in Table 2. Surprisingly, one is better
off collecting 12.5k language annotations than collecting an
additional 25k demonstrations in the BabyAl environments.
A similar statement can be made in the crafting environment
for 1.1k demonstrations. This means that collecting instruc-
tion annotations is a feasible alternative to demonstrations.



Env | Demos | Goal Goal + Obs
BabyAl 50K 86.4% 92.4%
Crafting | 3.3K 53.8% 65.1 %
ALFRED | 42K 96.9% 99.0%

Table 3: Instruction prediction accuracies for models trained
with and without access to observations. When instructions
cannot be predicted from goals alone, better observation rep-
resentations will be learned to help predict instructions.

50k Demos 25k Demos
Level Xformer Lang Xformer Lang
GoTo 88.6+1.8 91.0+14 | 77.6+2.2 82.3+3.3

SynthLoc | 72.5+2.3 86.2+1.2 | 60.1£0.5 69.4£1.6
BossLevel | 40.2+2.2  70.3+1.3 | 39.9£0.5 55.4+7.0

Table 4: Performance, in percent, of instruction prediction
when varying the BabyAl level difficulty. The included
range is the standard deviation.

What Modeling Decisions Are Important?

We ablate the use of our instruction decoder cross-attention
masking in BabyAl. We find that the omission of the mask-
ing scheme leads to a 20% drop in performance, from
70.3 £ 1.3% to 50.1 £ 12.1%. Without masking the lan-
guage decoder has an easier time predicting an instruction
as it can attend to observations from after the instruction fin-
ished, creating a disparity between train and test time, ul-
timately leading to lower quality representations. Overall,
the transformer architecture appears to be critical to high
performance, likely because of its good inductive bias for
reasoning about objects and their interactions. This is es-
pecially evident in the Crafting environment. As stated in
Chen, Gupta, and Marino (2021), the imitation learning ap-
proaches with the original model were unable to achieve a
meaningful success rate on any of the unseen tasks, whereas
our baseline transformer achieves a success rate of around
70%. Our architecture choice is also extremely parameter
efficient as shown in the Appendix.

Demos | Model 2 Steps 3 Steps 5 Steps
Xformer 98.1+0.4 66.9+6.2  22.1+3.1
3.35k | Lang 96.1£3.2 73.0+7.2 19.3+44
Lang+ATC 97.1+£2.2 75.1+£10.0 13.2+1.7
Xformer 80.3+8.6 584+6.2 20.5+1.8
2.2k Lang 96.1+0.7 73.5+£10.7 17.3%+1.7
Lang+ATC 93.942.7 78.3+13.9 19.8+2.7
Xformer 90.9+4.0 58248.5  15.0£5.1
1.1k Lang 94.5+14 76.0+8.4  13.846.0

Lang+ATC 89.5+3.2 65.2+£10.7 11.6+2.8

Table 5: Difficulty comparison in the crafting environment.
Steps indicate the number of steps required for the agent to
craft the item. Performance is given in percent success rate
with standard deviations.

When Is Instruction Prediction Useful?

We hypothesize that instruction prediction is particularly
useful for combinatorially complex, long horizon tasks.
Many simple tasks, like “open the door” or “grab a cup and
put it in the coffee maker” communicate all required steps
and consequently stand to gain little from instruction mod-
eling. Conversely, tasks in both environments we study do
not communicate all required steps to agents. Thus, as task
horizon and difficulty increase one would expect instruction
modeling to be more important. In BabyAI we consider two
additional levels — GoTo, which only requires object local-
ization, and SynthLoc which uses a subset of the BossLevel
goals. Results in Table 4 indicate that instruction modeling is
indeed more important for harder tasks. The same trend ap-
proximately holds in the Crafting environment (Table 5). All
policies are able to complete two steps tasks near or above
90% success, but models with language prediction perform
around 5% better with fewer than 3.3k demonstrations. The
difference in performance is ever greater for the three-step
tasks, where instruction prediction boosts performance from
around 58% to closer to 75% in most cases. Evaluations of
the five-step tasks were noisy, which we attribute to the exis-
tence of only one five-step training task with which no model
was able to adequately generalize. The takeaway from these
observations is that instructions offer less training signal for
combinatorially simple tasks, where reaching the goal re-
quries only a few, obvious logical steps. Thus, we expect in-
struction modeling to not matter when instructions can eas-
ily be predicted from goals alone.

To test this hypothesis, we train transformer models to
predict instructions with and without access to observations
in our primary environments and additionally in a modified
version of the ALFRED benchmark (Shridhar et al. 2020).
Table 3 shows the token prediction accuracy of instructions
using text goals alone versus text goals and observations.
While token prediction accuracies are relatively high, partic-
ularly for BabyAl, accuracy differences of 5% or more can
make a large impact as instructions can share similar struc-
ture, but have a few critical tokens specifying objects. In the
benchmarks where our method is impactful instructions can-
not be as accurately predicted from text goals alone. How-
ever, in the ALFRED environment, which is largely based on
visual understanding, instructions can easily predicted from
just the goal. This indicates that while the visual complexity
of ALFRED may be high, it does not pose significant chal-
lenges in logical understanding. Further analysis of the AL-
FRED benchmark is provided in the Appendix. In the future
as tasks become more combinatorially complex, we expect
instructions to provide a more critical modeling component.

Conclusion

We introduce an auxiliary objective that predicts language
instructions for imitation learning and associated trans-
former based architectures. Our instruction modeling ob-
jective consistently improves generalization to unseen tasks
with few demonstrations, and scales efficiently with in-
struction labels. We further analyze the domains where our
method is successful, and make recommendations for when
to apply it.
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