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ABSTRACT

Recent successes in model-based reinforcement learning have stem-
med from models that learn a latent representation of the world.
However, these latent representations are unintelligible, meaning
that we cannot interpret the agent’s internal world representation,
nor any plans made in this latent space. In this work we present Som-
niloquy, an algorithm that learns to translate latent state plans into
a natural language description that captures what the plan means
in terms of the agent’s expected interaction with the world. We
demonstrate that latent plan translations can be learned in tandem
with the latent representations, whilst giving the latent represen-
tations an additional learning signal to be translatable, and that
Somniloquy enables a deep model-based reinforcement learning
agent to verbalise its latent plan in natural language prior to acting.
In addition to interpretability, we show that Somniloquy enables
defining desired behaviour in language by rewarding latent states
whose translation matches the requested behaviour. Importantly,
this requires no reward signal at any point from the environment.
We demonstrate experimentally that, in deterministic environments,
Somniloquy’s plan translation accurately describes the plan’s exe-
cution, and that in the stochastic setting the translations of multiple
latent plan rollouts can approximate the true environment dynam-
ics. Finally, we demonstrate that our translation reward function
approach successfully trains policies to achieve goals specified in
natural language, and achieves on-par performance with training an
agent that has access to each natural language goal’s unobservable
extrinsic reward function.
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1 INTRODUCTION

Recent advances in Model-Based Reinforcement Learning (MBRL)
have been driven by algorithms that learn a latent representation of

Proc. of the 25th International Conference on Autonomous Agents and Multiagent Systems
(AAMAS 2026), C. Amato, L. Dennis, V. Mascardi, J. Thangarajah (eds.), May 25 — 29,
2026, Paphos, Cyprus. © 2026 International Foundation for Autonomous Agents and
Multiagent Systems (www.ifaamas.org). https://doi.org/10.65109/GUWU9511

This work is licensed under a Creative Commons Attribution Inter-
national 4.0 License.

2050

Matteo Leonetti
King’s College London
London, United Kingdom
matteo.Jeonetti@kcl.ac.uk

the environment’s state-space, such as PlaNet [14] and the Dreamer
family of models [13, 15, 16]. Unlike traditional approaches, learned
latent representations enable efficient automated abstraction and
compression, and afford the ability to model partially observable
environments. However, the learned latent representation is unin-
telligible to us humans. When an agent plans a sequence of actions
and latent states to achieve a given goal, we thus have no way of
knowing (beyond the action choice) what the agent plans to do, nor
what states it expects its actions to result in. For high-stake scenar-
ios, ambiguous goals, or changeable environments, the ability to
know what an agent plans to do before it acts is vital: knowing what
dosage of medicine a hospital assistive robot is planning on giving
a patient; which possessions a household robot tasked to “clean the
room” is planning to throw away or store; and whether the same
household robot plans on bringing you a glass of red wine via your
newly re-carpeted room. Furthermore, based on the agent’s plan
verbalisation, we may wish to specify different behaviour to the
agent in natural language, e.g., “please take the wine the long way
round via the hallway”.

Faithfully knowing what an agent plans to do and expects to
happen necessitates an explicit link between the learned latent
representation and natural language. Action verbalisation is not
sufficient as it is lacking state information, that is, how the world
is to be affected by the agent’s actions, according to the model.
Consider a household robot that states it will “wipe the table".
Without state information, we cannot know if the robot expects
objects on the table, what it would do with any objects it found,
what dirt is on the table, is the correct cleaning tool to be used,
etc. Thus, to fully understand an agent’s latent plan, both state and
action information needs to be incorporated into any translation.

In this work we present a method for directly translating an
agent’s latent state plan into a natural language description that
captures both what the agent plans to do and how this plan is
expected to impact the state of the world. We use Dreamer [16]
as the underlying world model architecture, in which planning in
latent state space is referred to as dreaming. Therefore, we dub
our method Somniloquy (meaning sleep talking). An overview of
Somniloquy can be found in Figure 1.

As well as demonstrating how Somniloquy enables an inter-
pretability window into latent representations, we show that having
a direct connection between natural language and latent represen-
tations naturally affords the ability to learn multiple policies for
different goals inside of the latent model, by specifying goals in
pure natural language, without any reward signal from the envi-
ronment, something that is not possible with Dreamer, due to its
dependence on learning a mapping from latent states to reward in
order to learn a policy. As Somniloquy can describe latent states
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Figure 1: We introduce Somniloquy, an algorithm that augments a latent state world model with a translator component, that
learns how to translate latent representations into natural language, whilst giving the representations an additional signal to
be translatable (left). Having a way to describe latent states in natural language allows a deep RL agent to verbalise its latent
state plan prior to acting, and allows learning of tasks specified by natural language inside of the world model (right).

in natural language, given a natural language goal, we show that
a reward function can be created to turn policy search into the
problem of seeking out latent states whose translation matches
said goal. We demonstrate empirically that an agent trained un-
der such a reward function achieves on par performance with an
agent that has access to the natural language goal’s corresponding
unobservable extrinsic reward function.

Code and Supplementary Material can be found at https://m-
barker.github.io/AAMAS-2026-Somniloquy/

2 RELATED WORK

Rationale Generation. The term rationale generation was first
coined in the works by Ehsan et al. [8, 9] as “an approach for real-
time explanation generation whereby a computational model learns
to translate an autonomous agent’s internal state and action repre-
sentations into natural language” [9, p.263]. Their work generates a
human-like explanation as to why an agent just took a single action
in a given state, using a human annotated dataset of explanations,
states, and actions, to train an encoder-decoder Recurrent Neural
Network (RNN) in a supervised manner. Subsequent works have
used task-success rate metrics to explain actions [6], used attention
to ground the explanations to states the agent deems important [40],
and extended the general framework to explain a past sequence
of states and actions [28]. More recent works have demonstrated
how LLMs can be used to generate narrations and explanations
of an agent’s behaviour [24, 42]. To the best of our knowledge, all
prior works in this area generate explanations of current or past,
non-latent, states and actions, as opposed to our work which aims
to translate future states and actions in the form of a latent state
plan. Whilst explanations are richer than translations as they focus
on the why rather than the what, we hope that our work may lay
groundwork for building towards explanations of an agent’s latent
state-action plan.
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Plan Verbalisation. Some existing works allow an agent to
state its plan in natural language prior to acting. One such body
of research has demonstrated how symbolic plans can be mapped
to natural language descriptions [3, 11, 35], and how LLMs can
summarise robotic task plans [42]. However, these are constrained
to plans output by symbolic planners, which severely limits their
applicability. More recently, there have been many works that use
an LLM to generate plans for an agent [2, 18, 19, 32, 37]. These LLM-
based planners typically output a sequence of high-level natural
language actions that are mapped to (sequences) of lower-level ac-
tions. Whilst an LLM can also output a description of the ‘states’ it
expects its plan to result in, this prediction is not grounded in expe-
rience, beyond the information provided to the LLM in the prompt.
This is fundamentally different to Somniloquy, whose latent plan
translation is inherently grounded in the world as the states the
plan is expected to result in come from predictions of a world model.
It is also far from clear whether LLMs can actually plan [38], lim-
iting the applicability of LLM-based planners, especially to novel
and/or complex tasks. Other approaches have utilised learning from
demonstration algorithms to simultaneously produce natural lan-
guage sub-goals and learn a policy conditioned on them [17, 36].
However, there is no notion of ‘state’ for the sequence of natural
language sub-goals and this is thus not a translation of a latent
state plan. As discussed in the introduction, state information is a
necessity to capture how the agent’s actions are expected to impact
the world. In concurrence with our work, Wu et. al. [44] fine tunes
a Vision Language Model (VLM) to translate a pre-trained Dreamer
world model’s latent state representation into natural language,
which enables plan verbalisation. However, their translation ap-
proach is done add hoc with a pre-trained, frozen, world model, as
opposed to our method which couples learning the translation with
learning the world model; their approach of fine-tuning a VLM uses
orders of magnitude more parameters for the translation than our
approach; and their downstream application for the translation is to
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score action samples from a pre-trained policy, which differs from
our downstream application which instead turns the translation
into a reward function to learn new policies from scratch.

Language World Models. Recent works have explored inte-
grating language directly into a world model. Most closely related
to this paper are the works by Liu et al. [23] and Lin et al. [22].
The work by Liu et al. translate single latent state transitions into
sentence embeddings describing the transition. This is used to as-
sign an intrinsic reward based on embedding similarity with an
LLM suggested exploration goal. Sentence embeddings themselves
are not interpretable, so this prevents translating latent states into
natural language. The work by Lin et al. embeds natural language
into the latent representation learned by Dreamer [16] to form a
‘multi-modal’ world model called ‘Dynalang’. They assume that the
environment produces a single language token at each timestep,
which is encoded into the learned latent representation. They use
language primarily as an additional observation modality to better
model the world and hence the language observed is not a rep-
resentation of the latent state and thus does not allow an agent
to verbalise their latent plan; instead, it focuses on providing in-
structions, rules, and hints to the Reinforcement Learning (RL)
agent. Similarly, other works [31, 45] have integrated language into
the observation space in order to improve the generalisability of
world models and agents, but do not afford any plan translation or
verbalisation.

Language to Reward in Latent World Models. Some recent
works enable mapping from natural language to reward in latent
state world models, without requiring extrinsic reward from the
environment, for RL [23, 25, 41] and for Imitation Learning [27].
These works learn to map the natural language goal and latent states
to a shared embedding space (often encoding the goal using a VLM,
and then mapping VLM embeddings to latent state space [25, 41]).
Policy search inside the model then becomes the question of ‘reach
the latent state that is closest to the natural language goal in this
shared embedding space’. Our translation reward method takes a
different approach, which enables both interpretability of latent
states and turning natural language into reward, by turning policy
search into the question of ‘reach latent states whose translation
entails that the natural goal as been reached’, akin to the entailment
as reward framework used for natural language processing tasks
as discussed by Roit et. al. [34].

3 PRELIMINARIES - LATENT WORLD MODELS

Many RL environments are partially observable, in which the agent
does not have access to the true environment state space and in-
stead only has access to observations. Such environments are typi-
cally modelled as a Partially Observable Markov Decision Process
(POMDP) which consists of a 7-tuple (S, A, T, R, X, O, y), where
S denotes the set of true, unobservable, environment states, A
denotes the set of actions, 7 : S X A X S — [0, 1] is the transi-
tion function that gives the probability that the environment state
moves to another state s’ given the previous state s and action a,
ie,7(s,a,8) =Pr(St41 =5 |Si =5, Ay =a), R: SXA > Ris
the reward function, which gives an immediate scalar to an agent
after it takes an action in a state, X denotes the set of observations,
O : 8§ X X — [0,1] denotes the emission function that gives the

2052

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

the probability that the agent observes x given the true state s, i.e.,
O(s,x) =Pr(X; =x | S; =s),and y € [0, 1) denotes the discount
factor.

The objective of the RL agent is to learn a policy that outputs
the action that the agent should take at each timestep in order to
maximise the expected discounted sum of rewards, E; [ Y52 ' rr+1]-
One model-based way to approach POMDPs is to learn a world
model that outputs S, an approximate of the true state space S. The
policy learned by the RL agent is then conditioned on the latent
approximation §; € S, which is estimated by the world model at
each timestep, i.e., 7(a; | §;). We dub such an approach a ‘latent
state space world model’.

One of the state-of-the-art latent state space world models is the
Dreamer family of algorithms, which have been shown to: solve
diverse control tasks (Dreamer V1) [13]; master Atari video games
(Dreamer V2) [15]; and achieve high performance across diverse
domains with a fixed set of hyperparameters (Dreamer V3) [16].
Due to Dreamer’s performance, popularity, and open source code
base, we utilise the Dreamer V3 algorithm (Dreamer, hereafter) to
learn the latent representation that Somniloquy translates, and also
to learn the agent’s behaviour.

The backbone of Dreamer is a Recurrent State Space Model
(RSSM) [14] which learns a latent representation § that consists of
two components: a deterministic component s, modelled using an
RNN, and a stochastic component z, modelled by a Multi-Layer
Perceptron (MLP) that parameterises a discrete distribution. Full de-
tails of Dreamer’s architecture can be found in the Supplementary
Material. In short, the RSSM is trained in an autoencoder-like man-
ner, where environment observations x; are encoded and used as
input to learn z;, and latent states (h;, z;) are decoded and trained
to reconstruct observations x;, predict rewards 7, and predict non-
terminal states ¢;. The RSSM also features a dynamics predictor that
aims to mimic the ‘true’ stochastic component z, without access
to the environment observation, which enables ‘dreaming’ (plan-
ning) with the world model. Given a starting latent state (h;, z;)
and a policy 7 (a; | (hy, z;)), the RNN and dynamics predictor yield
(h¢+1, Z¢+1), which gives a;11 using the policy. This process can be
repeated to yield a latent plan of arbitrary length. We refer to latent
state plans inside the world model as plan rollouts, and we refer to
carrying out a plan in the environment as plan execution.

4 TRANSLATING LATENT REPRESENTATIONS

Somniloquy learns how to translate sequences of latent states into
natural language using an encoder-decoder transformer architec-
ture [39], as often used in the field of machine translation. The
encoder block takes in a fixed length sequence of latent states (the
source language) and encodes them into a sequence of vectors. The
decoder takes this embedding sequence and autoregressively gen-
erates the output sequence of natural language tokens (the target
language).

Given that we have a sequence of latent states $o.ps from Dreamer,
where So.m = (S0, - - , SM—1), We generate its natural language trans-
lation as follows: first, we pass the latent state sequence through a
single, fully connected linear embedding layer f4(-), to transform
the continuous and discrete latent state vectors (as z is the mean
of a discrete distribution) into a sequence of continuous vectors of
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a given fixed dimension (d): 5, = (f3(50), f5(51) - - ., fg Sm-1))-
We then pass the sequence of continuous latent states to an encoder
transformer block, which encodes the sequence into a sequence of
vectors €p.p. The encoded sequence €. is then passed to a decoder
transformer block, which autoregressively generates the sequence
of natural language tokens lAO; ~, where N is the enforced maximum
length of any generated sequence, which gives us the model’s latent
state translation.

More formally, the transformer blocks are trained to model the
following:

N
Transformer Encoder: gy = Tenc (5).5,)

Transformer Decoder: in ~ Tdec(in | €0:M» i<n)

Where T indicates a transformer block; in are the natural lan-
guage tokens output by the decoder transformer; and n is the index
of the latest generated token of the output sequence.

The encoder-decoder transformer is trained using teacher forcing
[43], which gives the transformer decoder block the ground truth
tokens I, as opposed to the generated tokens I, when producing
element n of the output sequence. At test time, the decoder does
not have access to the ground-truth tokens, and thus is conditioned
on i< » When not in training. The loss function is the standard Cross-
Entropy loss between generated and ground-truth tokens, summed
across all tokens in a given translation, and averaged across batches.

For ease of reference, we refer to the whole translation procedure
described above using a single function fians : SM — £V, mapping
from a sequence of latent states of length M to a sequence of natural
language tokens of length N.

When updating the model parameters with the translation loss,
we have two choices: (a) allow the translation loss to flow through
the world model, in which case the new world model loss is as
defined below:

Lworld_new = ﬁtransLtrans + Lworld’

with f indicating the translation loss weighting; or (b) detach the
latent states from the computational graph before passing them
to the transformer, to prevent the translation loss impacting the
learned latent representation. We conduct experiments under both
choices and we present evidence that option (a) performs similarly
to (b) in terms of latent state translation, whereas option (a) can
also improve task performance, and thus by default Somniloquy
uses option (a).

Training the transformer requires pairs of latent state sequences
So:m and ground-truth translations y.n. To obtain the ground-truth
translations, we need a way to obtain approximate descriptions
of the true environment state sequence so.);. Somniloquy is agnos-
tic to where these descriptions come from, e.g., human or Vision
Language Model (VLM) descriptions of an agent’s environment
interactions. For proof of concept and ease of experimentation, we
create our own rule-based narrator for each environment, that takes
as input a sequence of environment states so.5s, and outputs a corre-
sponding natural language description that captures the details of
the agent’s interaction with the environment in this sequence. The
assumption of a narrator is consistent with prior works that assume
the existence of state captioners [7, 20, 23, 26, 28]. The narrator
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is only required for supervision during training and can be con-
figured to output descriptions that contain whatever information
the designer deems relevant, at any level of granularity. As almost
all deep RL is trained in simulation, we are able to assume access
to (approximate) state information during training, afforded to us
by the simulator (e.g., robot, landmark, and object positions and
semantics). Crucially, we do not assume that any of this information
is available at test time (e.g., deployment on a real robot). No state
information is an input to any model component and is used purely
for supervision; the world model only has access to observations.

We augment the Dreamer training loop to include the above
translation procedure, as given in Algorithm 1, with our additions
in lines 14-20. At training time, Dreamer samples batches of fixed
length sequences of observations xo.r, rewards .7, and continu-
ation flags c.7 from the replay buffer (Line 10) , and uses this to
produce the corresponding sequence of latent states $.7 (Line 11).
We include the environment states required by the narrator into
the replay buffer, which additionally yields us so.r (Lines 7 & 10).
All sequences are then reshaped temporally to yield batches of
sequence length M (Line 14), where M dictates the maximum latent
state sequence length for translation.

The batches of sequences of environment states so.pr are then
passed to the narrator to yield the set of (proxy) ground truth latent
state sequence description natural language strings, one string per
sequence (Line 15). The strings are then word tokenised (i.e., each
unique word that the narrator can output is mapped to a unique
integer) to yield the sequence of ground truth tokens for each batch
lo.n where [ denotes a language token and N denotes the maximum
token sequence length, where appropriate padding is given to any
sequence with a number tokens less than N. Finally, the batches
of ground truth tokens ly.xy and their corresponding latent state
sequence $y.p are passed to the translator component and used to
compute the translation loss (Lines 16-20).

5 FROM LANGUAGE GOALS TO REWARD

In addition to making the latent state representations of world
models interpretable, which enables understanding of the expected
behaviour and effects of agent’s plan prior to the agent acting in
the world, Somniloquy also affords the ability to turn natural lan-
guage goals into a reward function. In turn, as we will demonstrate,
this language reward function enables training a policy inside of
the world model, which, once deployed in the real environment,
successfully achieves said goal.

Somniloquy provides a method for going from latent states to
natural language, thus we can turn policy search inside of the model
into the problem of ‘choose actions to result in latent states whose
translation matches the specified natural language goal/behaviour’,
and reward the policy for reaching such states accordingly. Impor-
tantly, this does not require any extrinsic reward signal from the
environment, and allows specifying any goal or behaviour that the
narrator (and hence latent translator) can describe.

5.1 Rewarding Latent States from Translations

The central idea is to reward latent states whose translation im-
plies that the requested natural language goal/behaviour has been
achieved, under the assumption that the natural language request
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Algorithm 1 Somniloquy World Model Training

1: Parameters: plan length M, max language sequence length N
2: while acting do
3: Step environment: r, ¢z, X¢, S < env(a;—1)

4 Step sequence model: by « fg4 (h-1,2¢-1,ar-1)
5 Encode observations: z; ~ qg (2, | hy, x;)
6: Sample policy: a; ~ (a; | hy, z4)
7: Add transition (7, ¢;, X, S¢, ar—1) to replay buffer
8: end while
9: while world model training do
10: Sample batch {r;, ¢;, x¢, s¢, ar—1} from replay buffer
11: Use world model to compute
{ht, Zt, 20415 Tt 5t,5€t}
12: ComPUte Lpreda [dyn, [rep
13: Define modelled latent state: §; « concatenate(h;, z;)
14: Chunk data into sequences of {s,, §m}%:0
15: Compute ground truth plan descriptions:
{I,}N ) — narrator(so.r)
16: Compute continuous latent states:
{Sm %:0 —{fs (§m)}i\n4:o
17: Encode: €y.p1 «— Tenc({§;n}f\n”:0
18: Compute translated latent state plans:
{in ~ Tdec(in | l<p, EO:M)},I:]:()
19: Compute translation loss: Lirans <— CrossEntropy ([, i )
20: Update world model and translator parameters to minimize:

Linodel < ﬁpred -Lpred + ﬂdyn -Cdyn + ,Brep Lrep + ﬁtrans Lirans
21: end while

maps to a set of true environment states. This rewarding method
brings up two questions: First, what does it mean for a natural
language translation to imply the specified natural language goal or
behaviour? And second, given we have ascertained that the transla-
tion of a sequence of latent states implies the requested behaviour,
which state(s) in the sequence should get rewarded? The former can
be viewed as the problem of textual entailment, which has its own
rich literature as a sub-field of Natural Language Processing (NLP)
[1, 30], which is beyond the scope of this paper. For our purposes,
we use a simple definition of textual entailment that considers the
latent state translation as entailing the given language goal if the
language goal is a substring of the translation. Whilst this may
appear limiting, since we have full control over the design of the
environment’s narrator, we can configure its output to ensure that
this definition of entailment is correct. More flexible approaches,
which we aim to explore in future work, could use a metric of simi-
larity between the language goal and the latent state translation,
such as the BLEU score [29], or semantic similarity metrics that use
sentence embeddings [33], or Large Language Models (LLMs) as a
judge [10].

For the temporal reward assignment problem, the simplest naive
way is to translate the entire latent state plan for the given planning
horizon, and give a positive reward to the final latent state in this
sequence if it entails the goal. However, this method leads to credit
being assigned to states that were of no relevance to reaching
the goal. For example, for a horizon of length H, let the given
goal be achieved at timestep t < H. Assigning a positive reward
to state $y_; leads to credit being incorrectly assigned to states
St+1:H, hindering policy learning (as we show empirically in the

2054

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

subsequent section). Instead, a better approach is to assign a non-
negative reward to the first state §; where the translation of states
So:++1 entails the given language goal.

To that end, given a natural language goal £, we define a reward
function as follows:

R(§ ) — 1 iffTrans(§O:t+1) F [g A fTrans(§0:t) kE lg
! 0 otherwise

Where we use the aforementioned sub-string definition of en-
tailment for our experiments. The above reward function can then
be used to train a policy to achieve some natural language goal ;.
Importantly, this reward function requires no extrinsic reward from
the environment: given an environment and its narrator, Somnilo-
quy can be trained as detailed in Section 4, minus the reward and
termination prediction heads of the world model, under any explo-
ration policy that does not require extrinsic reward, to gather the
necessary training data. After training, the world model is frozen,
and, as we demonstrate empirically in the subsequent section, a
policy can be trained entirely inside of this pre-trained model (i.e.,
without requiring any interaction with the real environment), under
the above reward function, to achieve a given natural language goal.
The training procedure is outlined in Algorithm 2, with the policy
architecture, along with the updating of the policy parameters (line
14), following the same method as Dreamer [16].

Algorithm 2 Somniloquy Natural Language Goal to Policy

1: Input: batch size B, plan horizon H, policy 7, start state §y, language
goal £y, pre-trained Somniloquy model M

2: while g not converged do

3 §BXH aBxH _ model_rollout(M, 3o, B, H, 79)

4 rewards, continues « 0B*H 1BXH  matrices of zeros and ones
5 forb=0...Bdo

6: fort=0...Hdo

7 if fvans (32),) £ ¢, then

8 rewardsib> —1

9: continuesif}_)l «— ot > goal reached, episode ends
10: break
11: end if
12: end for
13: end for
14: 6 « update_policy(8, §, a, rewards, continues)

15: end while
16: return g

6 EXPERIMENTS AND RESULTS

Our experiments seek to test: (a) whether Somniloquy faithfully
translates latent state representations into natural language; and (b),
the performance of a policy trained entirely inside the world model
under our language-to-reward function. Specifically, we aim to
answer the following research questions through our experiments:
(1) In deterministic environments, to what extent does Somnilo-
quy generate a latent plan translation that matches the true
description obtained from executing the plan?
(2) In stochastic environments, to what extent does the trans-
lation of multiple latent plan rollouts capture the environ-
ment’s stochasticity?
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(3) What impact does allowing the translation loss to shape the
learned latent representation have on task and translation
performance?

(4) Does training an agent fully inside of the world model under
our language-to-reward function result in a policy that suc-
cessfully reaches goals specified by natural language, once
deployed for testing in the real environment?

6.1 Evaluation Procedures

6.1.1 Translation Evaluation Procedure. To evaluate the translation
performance of Somniloquy, we need a surrogate ground-truth for
the latent plan translation as we do not have access to the actual
ground-truth description, as this requires knowledge as to what the
latent states output by the world model represent. We propose using
the environment’s narrator output from the executed plan as the
surrogate ground truth. For a given latent plan, we first compute its
translation. Then, we execute the plan in the environment and pass
the sequence of required environment states (afforded to us by the
simulator) to the narrator to generate the ground-truth description
of the agent’s behaviour. The closer the similarity between the plan
translation and the behaviour description, the higher our measure
of translation efficacy. However, if there is a mismatch between
the translation and the narration, we cannot distinguish between
cases where the mismatch occurs due to errors in the translation
and cases due to the errors in the model.

In deterministic environments, if we assume that the world
model is correct, then our metric of efficacy does capture the first of
our stated requirements: what the agent states that it will do, and
how the world is expected to be impacted by its actions, is what ac-
tually happens. We thus utilise this metric of plan translation - plan
execution description similarity as our translation performance
score in deterministic environments, repeating the plan translation
- plan execution loop until either the episode actually terminates,
or the world model predicts the episode terminates, for multiple
episodes at each evaluation epoch. The full evaluation procedure
for deterministic environments can be found in Algorithm 1 in the
Supplementary Material.

For stochastic environments, even if we assume a perfect world
model, we cannot use the similarity metric, as differences between
the plan translation and the plan execution description will occur
due to the stochastic nature of environment transitions. Instead,
we propose computing multiple plans, and their translation, from
the same initial starting state. We can then compare the implied
transition probabilities with the true transition probabilities. For
example, if there is a 50% chance that taking an action moves the
agent North, and a 50% chance the same action moves East, then
one would expect 50% of plan translations to state “I will move
North” and the other 50% to state “I will move East”, assuming that
the world model accurately estimates the environment dynamics.
We use the distance between the true dynamics and the empirically
estimated dynamics as a measure of efficacy in stochastic environ-
ments. For each unique stochastic transition in the environment
that the agent plans to go through, we compute the Total Variation
Distance (TVD) between the true transition distribution and the
empirically estimated distribution, and then average this distance
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across transitions. The full evaluation algorithm can be found in
Algorithm 2 in the Supplementary Material.

6.1.2 Language to Reward Evaluation Procedure. We consider a
setting in which the environment offers no extrinsic reward signal.
We train Somniloquy in such an environment for a fixed number
of environment steps, as outlined in Section 4, minus the reward
and continuation prediction heads, using an arbitrary exploration
policy (uniform random for our experiments) to gather the data
for training the model. The parameters of the world model are
then frozen for the rest of the evaluation. We then use the same
frozen model to train a policy from scratch inside of the model for
a variety of goals specified in natural language, one policy per goal,
as outlined in Algorithm 2.

We report the mean modelled reward (which corresponds to
the modelled success rate, due to the sparse reward nature of our
reward function) across batches of policy rollouts during training.
Additionally, at fixed intervals during policy training, we execute
the policy in the real environment, with a step-limit equal to the
horizon length, and compute the mean success rate in reaching the
ground truth state that the language goal is assumed to encode,
across 10 evaluation episodes.

We compare the performance of our method to two other reward
modelling approaches. The first we call ‘naive-language-rewarding’,
which simply translates the entire sequence of rolled out latent
states, and assigns a reward to 1 to the final latent state in the se-
quence if this translation implies that the goal has been reached, and
0 elsewhere. The second is a powerful baseline, dubbed ‘extrinsic-
rewarding’ that, for each language goal, annotates the set of transi-
tions used to train the world model with reward data capturing if
the true corresponding goal state was reached, in essence assuming
availability of the true extrinsic reward function during training.
We then train a reward prediction head freward : S — R for each
language goal using the reward labelled dataset, and the correspond-
ing latent states of each transition as input. Both methods utilise
the same frozen world model as our method. The only difference
in policy learning between the methods comes from how rewards
are assigned to the latent world model states.

6.2 Experimental Setups

6.2.1 Translation Performance. We evaluate Somniloquy across
two deterministic environments and one stochastic environment.
We use two diverse deterministic environments: Crafter [12], a pro-
cedurally generated environment in which an agent must survive,
harvest resources, and craft items to receive reward, akin to a simpli-
fied 2D version of Minecraft; and AI2THOR [21], a 3D robotic home
simulator with realistic graphics. Crafter and AI2THOR were cho-
sen to demonstrate Somniloquy’s applicability to diverse domains,
along with the ease of which a variety of language can be generated
by our narrators. We use the reward task for Crafter in which the
agent is rewarded for unlocking unique achievements in an episode,
such as harvesting wood, and we remove the stochasticity in the
procedural generation by fixing the environment generation seed
across all episodes in a given training run (we average over 5 runs),
such that each episode in a given run has the same generated world.
For AI2THOR, we use a kitchen environment and devise our own
task where the agent is rewarded the first time it picks up a unique
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object, in order to encourage interaction with a diverse range of
objects, hence generating a diverse set of language. In the stochas-
tic setting, we create our own environment in the MiniGrid [5]
domain in which an agent is rewarded for successfully navigating
to a goal, using teleporter objects that randomly move the agent
to one of a set of pre-determined locations. For each environment,
we also create a rule-based narrator to generate natural language
descriptions from a sequence of environment states, as required
for training and evaluation. Full environment, task, and narrator,
details can be found in the Supplementary Material.

To answer our first research question, we train Somniloquy in
our deterministic Crafter and AI2THOR environments, following
the training procedure outlined in Algorithm 1. We set the transla-
tion loss weighting Sirans to 10 across all experiments, as empirically
we found this to make the loss have a similar order of magnitude as
the reconstruction loss. Full model details can be found in the Sup-
plementary Material. At set intervals throughout training, we run
the deterministic evaluation procedure for 15 evaluation episodes
and a latent plan length of 16, to match the plan horizon used in
Dreamer to train the agent’s policy. We record the mean translation
score across all plans in all evaluation episodes. To measure the
similarity between translated plans and ground-truth rollout de-
scriptions, we use the Bilingual Evaluation Understudy-4 (BLEU-4)
score [29], consistent with prior works [8, 40]. The BLEU-4 score
ranges from 0 to 1, with a value of 1 indicating a perfect translation.
We also measured the similarity using a wide range of other com-
monly used machine translation metrics, and found small variations
across scores, detailed in the Supplementary Material.

To answer our second research question, we train Somniloquy
in our stochastic MiniGrid teleporter environment. At set intervals
throughout training, we run the stochastic evaluation procedure to
estimate the empirical distribution of the environment’s transition
function using only samples of latent plan translations, which we
compare to the known ground-truth. We compute 30 samples for
each plan starting state, and average results across 15 evaluation
episodes.

To answer our third research question, we repeat our experi-
ments in the deterministic setting using a slightly modified version
of Somniloquy that detaches the latent states from the computa-
tional graph, which prevents the translation loss from propagating
to the RSSM. All other training and evaluation is as before.

6.2.2 Language to Reward. We evaluate Somniloquy’s ability to
enable training a policy to achieve natural language goals in a
gridworld environment from the BabyAl task suite [4]. The BabyAI
suite is commonly used for evaluating an RL agent’s ability to
achieve goals specified in natural language, with a specific focus
to test how it generalises to unseen goals. Generalisation testing
is beyond the scope of our work, and thus we train the world
model in a fixed environment. Specifically, we use the ‘GoToLocal’
environment, in which the agent is tasked with going to an object of
a certain type and colour, with goals of the form ‘go to the {colour}
{type}, and with the goal considered reached if the agent is both
facing, and in a cell adjacent to, the specified object.

When training our world model, we assume that there are no
goals, and hence no extrinsic reward signal nor terminal states in
the environment. Our own environment narrator describes state
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sequences in terms of what, if any, objects the agent went to, along
with whether the agent moved or not.

After training the world model for 50K environment steps under
a uniformly random exploration policy, we freeze the world model
and train 4 policies from scratch inside of the world model, to
achieve 4 language goals to go to the following objects: ‘red key’,
‘blue ball’, ‘green ball’, and ‘purple box’. We also train the two
comparison methods, ‘naive-language-rewarding’ and ‘extrinsic-
rewarding’, following the procedures outlined in Section 5 and
Section 6.2, training with a plan horizon length of 31, and for a total
of 500 policy update steps (i.e., the while loop in Algorithm 2 is ran
500 times).

6.3 Results

6.3.1 Translation & Task Performance Results - Deterministic En-
vironments. Figure 2 shows translation and task performance of
Somniloquy in our deterministic Crafter and AI2THOR environ-
ments, both with (translation grads) and without (no translation
grads) allowing the translation loss to shape the learned latent
representation. In the Crafter environment, Somniloquy achieves
a consistently high translation performance throughout training,
even as the learned latent state representation and agent’s policy
evolve. In the AI2ZTHOR environment, Somniloquy also performs
well, with more variation and lower performance during training.
One potential reason for the difference in performance between
the AI2THOR and Crafter environments is that AI2THOR is a more
challenging environment to translate, as evidenced by the transla-
tion loss curves given in the Supplementary Material.

In terms of task performance, there is no significant difference be-
tween the two methods in the Crafter environment. In the AIZTHOR
environment, allowing the translation loss to shape the learned
representation appears to lead to higher, and more consistent, task
performance, compared to vanilla Dreamer’s latent state represen-
tation. This suggests that incorporating state-descriptive natural
language information into the learned latent representation can
offer an improved representation for policy learning. The increase
in performance of the translation gradient method may also suggest
why the translation performance appears slightly lower than in the
AI2THOR environment, as an increased return may come from hav-
ing seen more states that in turn need to be learned to be modelled,
which may thus take longer to converge. Further work is needed
to investigate these phenomena. In summary, Somniloquy yields
high translation performance across both environments, meaning
that what the agent describes will happen once its plan is executed
corresponds closely to what actually happens when said plan is
executed in the environment. Example plan translations, along with
their corresponding ground truth narration, can be found in the
Supplementary Material.

6.3.2 Translation & Task Performance Results - Stochastic Environ-
ments. In the stochastic setting, we find that the empirical transition
estimate inferred purely from natural language translations of la-
tent plan rollouts somewhat accurately captures true stochastic
dynamics, as shown in Figure 3. Further work is needed to examine
the cause of the remaining variation between the empirical and true
dynamics, whether this is due to the world model being incorrect
or the translation being incorrect. In terms of task performance,
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Figure 2: Latent state translation (top) and return (bottom) perfor-
mance in Crafter and AI2THOR environments. Shaded regions show
+1 standard deviation across 5 seeds.
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Figure 3: Stochastic MiniGrid plan translation evaluation. Left:
mean Total Variation Distance (TVD) between empirical and true
transition probabilities. Right: evaluation return of the learned pol-
icy. Curves depict the mean across 5 seeds, with shading showing +1
standard deviation.

we again find evidence to suggest that allowing the translation loss
to shape the learned representation leads to a latent representa-
tion that improves the stability of task performance, with lower
variation than the representation learned by vanilla Dreamer.

6.3.3 Language to Reward Results. Figure 4 shows the success rates
inside of the pre-trained model during training, according to dif-
ferent reward functions, for all four natural language goals. For
all reward functions and language goals, the policy achieves 100%
success rate in the environment after just 100 policy update steps.
The training curves shown illustrate that (a) Somniloquy enables
specifying a reward function in natural language, without access
to any extrinsic reward function, that achieves on-par performance
with a latent state reward function trained with access to the corre-
sponding extrinsic reward function; and (b) as expected, the naive-
language-rewarding method negatively impacts on learning, due
to assigning reward (and thus credit) to latent states that had no
causal impact in goal reaching.

7 LIMITATIONS AND FURTHER WORK

One of the main limitations of our work is that, when evaluating
Somniloquy, we cannot distinguish between cases where the world
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Figure 4: Modelled success rates across four BabyAl language goal
subtasks. Shaded regions show +1 standard deviation.

model is wrong and cases where the translation is wrong. This is
important as the translation could be a correct description of the
latent plan in terms of the world model, but it appears to be incorrect
due to inaccuracies in the world model. Despite this, we observe
high translation performance in our experiments. Our work is also
limited to evaluate translations of plan horizons of a fixed length
of 16 steps, and so further work could explore varying this. Finally,
further work needs to be done to explore the impact of different
translation loss weightings in the world model when allowing the
translation loss to impact the latent representation.

8 CONCLUSION

We introduce Somniloquy, an algorithm that simultaneously learns
a latent representation of the world and how to translate sequences
of these representations into natural language. We have demon-
strated that in deterministic environments Somniloquy allows an
agent to state, in natural language, what it plans to do before acting,
along with how its plan impacts the world, that closely corresponds
to what happens when the plan is executed. In stochastic environ-
ments, we have demonstrated that the translations of multiple plan
rollouts can approximate the true stochastic environment dynamics,
with further work needed to examine the cause of the remaining
variation between the two. Finally, we have demonstrated that hav-
ing a direct connection between latent states and natural language
allows describing a desired goal in natural language, such that a
policy can be trained to reach states whose latent state translation
imply that the goal has been reached.
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