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Task Definition

Instruction Following tasks involve providing
the agent 'Wlth an obsgrva’uon 0 = ([“ ,q)
where It is a visual input and g is an

instrgction that defines the goal ¢(g) . The All models show a performance drop on
task is to extract the goal {(g) from the the Paraphrased test set. PPO-T+ is most

instruction g and select actions g € A to Exper'menTS affected (-0.10 SR).

maximize g reward. The environment
tran8|t|ons via P(s \s a)- The optimal policy

— Existing methods show limited robustness
to linguistic variation.

7 *maximizes the expected reward. Baselines hT TmnSfO"mlin9 the inSfrUCTioln into a plan
elps to generalize to unseen goals.
PPO-T - PPO with BERT-based instruction PSTO9 z 9
T embeddings for improved language understanding. PPO-T+ achieves the highest SR on the New
T = argmax . > V' R(st,a1,9) | 00] PPO-T+ — PPO-T model using ChatGPT-generated Objects test set (0.28), outperforming FiLM
t=0 multi-step plans instead of single-step instructions. (0.26), PPO-T (0.22), and Dynalang (0.10).

*At the same time, the environment is stochastic
and dynamic.

_ , This suggests PPO-T+ generalizes better to
Dynalang - Model-based RL with integrated

language processing in the dreaming phase of hovel 'goals' by effectively decompoglng
learning. instructions into reusable subtasks. FiLM

0 , _ _ _ _ shows competitive results, likely due to its
DOTOSQ.'. OverV|ew FILM® - Feature-wise Linear Modulation layers in flexible text-visual integration via FiLM layers
the actor-critic network.
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TOSk CQTQQOI’IQS Instruction type  Algorithm Conditional Build Localization Achievements Total
PPO-T 0.15 0.25 0.33 0.55 0.40 Cha“en es
: " . PPO-T+ 0.17 0.24 0.30 0.70 0.45
? Achievements % Conditional Train Set Dynalang  0.00 0.12 0.15 0.17 0.15 9
. , FiLM 0.07 0.38 0.29 0.76 0.43 : . : .
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Results R .
$ Localization 8uild . . . . . 3 Linguistic Variation and Paraphrasing
— Handling complex instructions in dynamic
Place furnaces north of Eggsjgncg Zdwgfgi environments remains a significant challenge for
the lake. blocks. generalization.

. o o 4 Generalization to novel goals
All  baselines demonstrate limited training

performance. Dynalang achieves only a 0.15
(0.45), and FiLM (0.43) perform moderately and Instruction Following
better using BERT-based instruction encoding.
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