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Inside-out scheme

Set natural language as the task goal is not sufficient enough.
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I Coarse Experiments Settings PHFNP_[:

Definition 1 (Task dataset). A task dataset D = {(s,s', Ly);} consists of multiple triplets. Each triplet contains

a natural language sentence Ly and a task stafe pair (s,s'), where Ly describes state change from s to s’ in natural
language.

To acquire the task dataset, we first train a policy that could move any specified ball to a specified position

with PPO algorithms. Then, this policy will Gallggt 100,000 state transitions, each corresponding to one
random ball movement. Then, each state transition is assigned an NL description. We use Bert-base-uncased

Extract predicate representation named Task Language TL from (s, s’) and map corresponding
Natural Language NL to TL.

When Policy Training, Sample random NL as instructions to make agent learn to follow.



I Predicate representation-Task Language

Compositional: blue circle and red square => blue square.
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Interpretability: Pred(x, y) = True means some relations exist between x and .
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I Map Natural Language To Task Language
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Figure 2: Overall training process of task language development and translation. (a) The overall training
process. (b) Network architecture of the TL generator. (c) Architecture of one predicate module. (d) Network

architecture of the translator. The number of predicate modules, arguments and predicate networks can be
adjusted according to the task scale.

Ly (0) = E = E log f(T;|b(T\ p), ge(s.5')) |, (2)
5Ly}~ | jeM )

where M denotes the set of the masked positions, Ty denotes the masked version of Ly's tokens, T; is the
i-th token, b is the Bert model, and f is a fully- connected network. Note that f is also optimized via gradient
backpropagation. We omit the notion of its parameters for simplicity.

Lvag(¢,2) = E PiDKL{'?ﬁ (z|[Ln).p(z)) - E  [logpg(Lrlz)] ], (3)

{587, Lyg )~D iy (| Ln)

where Lt = gpls,s'), z ~ gy, (-|Ly) is the encoding generated by VAE encoder, and Dy stands for KL-
divergence.
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Algorithm 1 Training procedure of the TL generator.

Input: task dataset D = {(s,s', Ly);}, pre-trained Bert model b.
Output: the optimized TL generator.

1: Initialize the TL generator gp. Algorithm 3 Training procedure of the instruction-following policy.
2: while training not complete do Input: the optimized translator by, 4,

3 Sample a batch of data from D. Output: the optimized instruction-following policy.

4 Update € to minimize the MLM loss (Eq.(2)). 1: Initialize the policy function 7, and the value function.

5. end while 2. while training not complete do

6 return the optimized TL generator gy. 3 Sample a NL instruction Ly from the environment.

Generate corresponding task language Lt = by o (L)

5 // Collecting samples
& while episode not terminal do
Algorithm 2 Training procedure of the translator. 7 Observe current state s;.
Input: task dataset D = {(s,s', Ly;);}, the optimized TL generator gy, and the pre-trained Bert model. 8 Execute action a; ~ 7(-|s;, L), and receive a reward r; from the environment.
Qutput: the optimized TL generator. % end while
g ) , 10:  // Training
L In”ilahz‘e the translator bz with parameters ¢; and ¢5. 11:  Update the policy and value functions based on the samples collected from the environment.
2: while training not complete do 12 end while
3 Sample a batch of data {(s,s', Ly );} from D. 13: return the optimized policy 7.

/ / Compute the target task language which VAE aims to recover.
Calculate the task language Lt = ga(s,s').
Update ¢, ¢2 to minimize the VAE loss (Eq.(3)).

end while

return the optimized translator tp, ..

R L




I Experiments

—{Training sel}-—

Push the blue ball to the right of the green ball.

Can you push the red ball to the right of the green ball?
Can you help me push the red ball to the right of the green ball?
Is the red ball right of the green ball?

Is there any red ball right the green ball?

The red ball moves to the right of the green ball.

The red ball is being pushed to the right of the green ball.
The red ball is pushed to the right of the green ball.

The red ball was moved to the right of the green ball.

—{ Testing set)—

Keep the red ball right of the green ball.

Move the red ball to the right of the green ball.

Can you move the red ball to the right of the green ball?

Can you keep the red ball to the right of the green ball?

Can you help me move the red ball to the right of the green ball?
Can you help me keep the red ball to the right of the green ball?
The red ball is being moved to the right of the green ball.

The red ball is moved to the right of the green ball.

The red ball was pushed to the right of the green ball.

We also consider a set of errors in the NL sentence:

L]

L]

Missing a [the].

Incorrect use of prepositions, e.g., using [on front of | to replace [in front of].

Incorrect use of phrase, including in behind of, in left of, and in right of.
Oversimplifying the expression, e.g., move red ball right green ball.
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(a) Beginning of a task (b) Termination of a task

Figure 3: A visualization of CLEVR-Robot environment in our experiments. (a) In the beginning, one NL
instruction is randomly sampled as Can you move the cian ball in front of the blue ball? Then agent executes
actions to complete the instruction. (b) The task terminates if achieving the goal or reaching the maximum

timestep.
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Figure 6: Training curves of different methods on three NL instruction datasets. The x-axis represents the
total timesteps agent interacts with the environment, and the y-axis represents the success rate of completing
instructions. The shaded area stands for the standard deviation over five random trials.
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Dataset o ;
ml Training ‘ Testing ‘Ermr—added

TALAR | 99.9+01 | 783+31 | 76.3+3.6
One-hot | 865 +3.0 | 476 +25| 621+41
Bert-binary | 64.0 £25 | 642+50 | 67.8+29
Bert-continuous | 60.7 £ 19 | 540+ 13 | 575+ 21

Bert-binary: Bert code to binary vector as TL.
Bert-continuous: Bert code to same size vector.
One hot: identify all task using a specific code.
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Figure 12 The +-5NE projection of different representations on three N1 expressions datasets. Each row
represents ane kind of representation, and each coluggn stands for one kind of NL expression. Points with
thee same marker encode nine different ML Lstpm.im‘i that desscribe the same human mstruction.
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Figure 10: Ablation study on the number of predicate modules/networks. The values in the heat map
represent the success rate of IFPs trained for 2M timesteps, with different parameter configurations of Npm
Figure 9: Training curves of IFP with different structures of the translator. See Appendix E.5 for the training and Npn.
curves on the error-added set.

instruction set (see Figure 10a). However, the experimental performance on the testing /error-added set is
quite the opposite, as shown in Figure 10c when Npy, = 4 and Ny, = 6. This result could be attributed to
the fact that, as the number of predicate modules and networks increases, the representation of TL becomes
more complex (i.e., the vector size increases), making it more difficult for the policy to follow the TL. Besides,
we also observe that, within a specific range of values (Npm = 2 and Npn < 4), larger Npn and Npm would
bring a better performance. These results serve as a guide for selecting appropriate hyper-parameters. Due
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(a) An example of successful object arrange-(b) Success rate curves during the training
ment. process.

Figure 7: Experiments in a long-term object arrangement task. (a) A snapshot of successful object arrange-
ment, which aims to arrange objects to satisfy all 10 human instructions at the same time. (b) Training curves

of different goal abstractions in object arrangement.
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