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Abstract—The simulation-to-reality gap remains a fundamen-
tal challenge in robotics, particularly under partial observ-
ability, where time-varying hidden variables, such as contact,
collision and external disturbances, significantly affect dynamics
but cannot be predicted from observation history. Learned
dynamics models offer a promising path to minimize this gap
by capturing domain-specific characteristics directly from data.
We observe that simulators and learned models have comple-
mentary strengths: simulators explicitly model transient physics
but suffer from inaccurate persistent parameters, while learned
models capture domain-specific characteristics but cannot infer
discontinuously evolving hidden variables. We propose World
Translation, which combines these strengths by reformulating
sim-to-real gap minimization as unpaired domain translation
over learned dynamics features. Our approach consists of two
stages: (1) Backward Dynamics Extraction encodes the effects of
hidden variables from observed state transitions into a compact
representation, using transition outcomes rather than forward
prediction from history; (2) Unpaired Domain Translation maps
these features across domains, preserving hidden variable seman-
tics while transforming domain characteristics. This enables the
simulator to serve as a source of hidden variable information
while correcting for domain mismatch. Experiments on loco-
motion and manipulation tasks show that World Translation
achieves more accurate dynamics modeling than baselines, with
the largest gains when hidden variables evolve discontinuously.

I. INTRODUCTION

Simulation has become the foundational infrastructure of
the sim-to-real robot learning paradigm [[L, 2, 3. However,
since these fashions prevail, it is always hindered by the
sim-to-real gaps. For example, inaccurate modeling of joint
motor characteristics can lead to ineffective quadruped loco-
motion policy [1]. Existing approaches address this mismatch
through several dominant paradigms: domain randomization,
system identification and dynamics model learning. Domain
randomization [4} |5, 6] trains policies to be robust across
varied dynamics parameters, but this robustness comes at
the cost of optimality, producing conservative policies [7, [8]].
System identification [9} [10] estimates physical parameters to
align simulation with reality, but remains limited to predefined
parameter spaces that cannot capture unmodeled dynamics.
In contrast, the learned dynamics models [11} [12] [13} [14],
including the residual ones [15) (16} [17]], provide a distinct
perspective. These approaches learn latent dynamics directly
from data, implicitly capturing domain-specific characteristics,
which offer a more flexible and promising alternative for min-
imizing sim-to-real gap by providing higher-fidelity dynamics
modeling that can bypass the modeling limits of traditional
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Fig. 1. World Translation bridges the sim-to-real gap by extracting dynamics
features from observed transitions and translating them across domains. Black
arrows are used during training; the blue arrow illustrates the inference
pipeline, where simulation dynamics features are translated and reconstructed
to predict real-world transitions.

simulators, like the predefined parameter spaces and idealized
analytical formulations.

Despite their promise, learned dynamics models face a
fundamental challenge from unobservable time-varying factors
such as contact, collision, and external disturbances, which sig-
nificantly affect dynamics but cannot be reliably inferred from
observation history. And we refer to such factors as hidden
variables. Unlike time-invariant domain characteristics (e.g.,
motor response, mass distribution, friction parameters) that
remain constant throughout execution, hidden variables may
change discontinuously between timesteps. A collision has
no observable precursor; it simply occurs. Standard forward-
prediction architectures assume hidden variables can be in-
ferred from past observations, which breaks when these factors
evolve unpredictably. Crucially, while hidden variables cannot
be predicted in advance, their effects are observable in tran-
sition outcomes: a stumble reveals that a collision occurred.
Forward prediction marginalizes over these latent causes rather
than inferring them from the consequent effect. This reveals
a critical complementarity: simulators explicitly model these
transient physics but suffer from inaccurate persistent parame-
ters like friction, while learned models capture domain-specific
characteristics but cannot infer transient signals. We argue that
these two types of unobservable factors, time-variant (hidden
variables) and time-invariant (domain characteristics), require
fundamentally different treatment.

We propose World Translation, a novel dynamics model
framework that combines these complementary strengths by
reformulating the sim-to-real gap minimization as an unpaired
domain translation problem over learned dynamics features.
Our approach consists of two components. First, backward dy-



namics extraction encodes the effects of unobservable factors
from observed state transitions into a compact representation.
Unlike forward prediction, which infers next states from past
observations, backward extraction uses the observed outcome
to capture what actually happened, accepting discontinuous
evolutions without temporal smoothness assumptions. Second,
unpaired domain translation maps these dynamics features
across domains by cycle-consistent adversarial training [18]].
Like image translation [18} [19, 20] that preserves semantics
while transforming style, dynamics translation preserves time-
variant hidden variable information while transforming domain
characteristics. In this formulation, we observe a transition in
the simulation, extract its dynamics features, translate them to
the target domain, and decode to predict what the correspond-
ing real-world transition would be, where the simulation serves
as a source of information about time-variant factors.

Our contributions are summarized as follows.

o We propose backward dynamics extraction, which en-
codes the effects of time-variant unobservable factors
(hidden variables) from observed transitions rather than
predicting forward from past observations, eliminating
temporal smoothness assumptions.

o« We reformulate sim-to-real dynamics modeling as un-
paired domain translation over learned dynamics fea-
tures, which preserves hidden variable information while
transforming domain characteristics and further enables
the simulator to serve as a source of hidden variable
information while correcting for domain mismatch.

« We demonstrate that the proposed World Translation
achieves more accurate dynamics modeling than forward
prediction methods on humanoid, quadruped, and ma-
nipulator platforms, with the largest gains when hidden
variables evolve discontinuously, resulting in improved
downstream policy performance.

II. RELATED WORK
A. Sim-to-Real Transfer

Sim-to-real transfer is commonly facilitated through domain
randomization [4, 5, |6 21] and system identification [9} [10].
Domain randomization achieves robustness at the cost of
optimality [7l], while system identification is limited to pre-
defined parameter spaces. Recent work combines these ap-
proaches [22, 23], but all operate within fixed parameter spaces
that cannot capture unmodeled dynamics.

B. Learned Dynamics Models

Learned dynamics models offer an alternative path to sim-
to-real transfer by creating more realistic simulations from
data, bypassing the modeling limits of predefined parameter
spaces. Early Gaussian process methods like PILCO [24]
demonstrated sample efficiency, while neural network ap-
proaches like PETS [25] addressed scalability. The Dreamer
family [L1, 12, [13] learns latent dynamics from high-
dimensional observations, with DayDreamer [26] demonstrat-
ing learning directly on physical robots. TD-MPC2 [14] com-
bines world models with model predictive control for diverse

continuous control tasks. However, these approaches use for-
ward prediction p(0¢41|01.¢, a1.+) to handle partial observabil-
ity, assuming hidden variables can be inferred from history.
This breaks when hidden variables cannot be determined
from past observations, such as terrain contact or external
disturbances.

C. Residual Dynamics and Residual Action

Residual learning learns from real-world data to improve
dynamics modeling, and augments simulators with learned
corrections: residual dynamics methods [[15} 16} 27 [17] correct
simulator outputs, while residual action methods [28] 29} [30]
transform inputs. While these approaches utilize simulators,
they do not exploit the information simulators provide about
underlying physical processes. Their potential is thus bounded
by what pure learned dynamics models can achieve.

D. Unpaired Domain Translation

CycleGAN [18] introduced cycle-consistent adversarial
training for unpaired image-to-image translation, preserv-
ing semantics while transforming domain-specific style. This
framework has been applied to visual sim-to-real transfer [31}
32|, focusing on visual adaptation and does not address the
dynamics domain gap. Our work applies unpaired translation
to learned dynamics features rather than images, where im-
age translation preserves semantic content while transforming
visual style, dynamics translation preserves hidden variable
semantics while transforming domain characteristics, enabling
simulation to serve as a source of hidden variable information.

III. PROBLEM FORMULATION
A. System Dynamics and Hidden Variables

We formalize the distinction between time-varying factors
and time-invariant domain characteristics. Consider a robotic
system defined by its full state s; € S and actions a; € A.
Under full observability, the dynamics are Markovian, satisfy-
ing s;+1 = g(s¢, a;), where S is state space and A represents
action space. In practice, we typically only have access to
partial observations o; € O and O represents the observation
space. Modeling dynamics solely via 0,11 = g(of,a) is
typically non-Markovian because identical observation-action
pairs can produce different outcomes due to hidden states. To
model the time-variant factors affecting dynamics and restore
determinism over observation space, we introduce hidden
variables h; € H. We define that h; captures the unobserved
component of the full state that may vary unpredictably

during execution, which means full state s; = [0, h;]. By
conditioning on h;, the dynamics become:
Ot41 = f(otaat;ht)~ (1)

The hidden variable h; serves as the latent factor that
disambiguates transition outcomes. While p(o:41|o:,a:) is
highly stochastic, the mapping becomes deterministic when
conditioned on h;. Critically, h; may exhibit discrete or non-
smooth transitions between successive timesteps. For instance,
a collision at time ¢ might occur without any predictive



cues at ¢t — 1, making it impossible to anticipate from the
previous observation. Unlike standard POMDP that relies
on a well-defined state transition model p(s;yi|st,a:), our
setting remains agnostic to the evolution of h;. We dispense
with assumptions regarding p(h;,1|h;), requiring only that
the latent state’s impact be identifiable through the observed
transition (0;,a;) — oy1. We use hidden variables rather
than states that denote quantities with well-defined dynamics
in control theory or events that imply discrete occurrences.

B. Backward Dynamics Extraction

As a learned dynamics model, our goal is to predict 0,1 1. As
formulated in (T)), this requires knowledge of hidden variables
h;. While h; cannot be directly observed, their effect on
dynamics is detectable through state transitions. We introduce
a dynamics feature Z; = ®(h;) to represent this information
in latent space.

(Ot7at70t+1) w} Zt = q)(ht), (2)
(Ot;atazt) ﬂ) O¢t1- €)]

We call this backward extraction because it uses future infor-
mation o, to infer Z; at time ¢.

However, this extraction alone does not enable dynamics
prediction. Z, requires observing the outcome o041, which is
precisely what we wish to predict. To make Z; useful, we need
an alternative source, such as a simulator where transitions
can be observed, from which we extract dynamics features
and translate them to the target system.

C. Unpaired Domain Translation

The backward extraction in Section assumes a single
domain where Z; = ®(h;). However, when applying this
framework across domains, for example simulation and reality,
the same hidden variable h; produces different observed
transitions in each domain. Therefore, the dynamics feature
extracted from transitions is not solely a function of hy,
but also depends on which domain generated the transition.
We introduce domain-specific characteristics ¢ to explicitly
capture these systematic differences. With h; and ¢, the
dynamics can be formulated as 0,11 = f(0¢, a4, hy,c). ¢ is
an implicit learned representation capturing domain-specific
effects, including unmodeled phenomena. Figure [2| illustrates
how h; and c relate to other unobservable factors.

In this case, the dynamics feature (now denoted z; for the
multi-domain setting) is jointly determined by both hidden
variables and domain characteristics:

d

(04, a1, 0141) ——— z; = (hy, c), (€]
decod

(Ot,af,,zt) S, O¢41, @)

where ¢ extends ® by incorporating domain characteristics
into the encoding. Note that h; and c are not explicitly
separable within z; and their effects are mixed in the learned
representation. For the same hidden variable h;, different
domains produce different dynamics features: z;* = ¢(h;, c?)
and zP = ¢(hy, cP).
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Fig. 2. Taxonomy of unobservable factors. Conventional dynamics models
implicitly learn time-invariant domain characteristics (c) but cannot explicitly
capture time-variant hidden events (h:) when they evolve discontinuously.
World Translation captures h; through backward extraction, enabling gener-
alization across unpredictable hidden variable evolutions. Factors that are both
domain-variant and time-variant (e.g., a payload present in reality but absent
in simulation) represent unmodeled phenomena that World Translation cannot
recover from the source system.

In this case, to predict 01{3+1 in a target domain B, the
problem becomes how to infer z”, with the help of z;* from
a source domain A. So, we seek to learn a mapping Ga_,p
such that:

GA—)B(¢(ht7 CA)) ~ ¢(ht7 CB)7 (6)

effectively transforming the domain-specific component while
preserving the hidden variable component, despite their en-
tanglement in the representation. This becomes an unpaired
domain translation problem: learning a mapping that preserves
hidden variable semantics h; while transforming domain char-
acteristics ¢ without paired supervision, where “paired” means
corresponding to the same underlying hidden variable h;, not
merely matching (o4, a;). While we can collect transitions
with identical observations and actions across domains, we
cannot ensure the underlying hidden variables are identical.
Because such physical interaction cannot be precisely repro-
duced.

D. Combined Objective

By combining backward dynamics extraction in Sec-
tion and unpaired domain translation in Section [[II-C|
we formulate World Translation framework. Given unpaired
transition datasets D4 and DP from two domains, World
Translation seeks to learn: (1) A dynamics feature z; that
captures the effect of hidden variables h; on state transitions;
(2) A mapping G 4_, p that translates dynamics features across
domains while preserving hidden variable semantics such that
observing a transition in domain A allows predicting what the
corresponding transition would be in domain B:

A encode A Gasn B decode B
0;. z; Zy 01 @)
O¢,aq O¢,a¢
IV. METHOD

We instantiate the World Translation framework in Sec-
tion using a VAE with auxiliary regularization for back-
ward dynamics extraction and a CycleGAN [18]] for unpaired
domain translation. The following subsections detail each
component’s architecture, training objectives, and deployment
procedure.



A. Backward Dynamics Extraction

We implement the dynamics encoder-decoder using a varia-
tional autoencoder. We first describe the core architecture, then
analyze two challenges that arise during training and introduce
auxiliary objectives to address them.

The encoder Ey maps a transition tuple to a latent dis-
tribution (u,logo?) = Ey(o4,a:,0.41), where the latent
code is sampled as z; ~ N(u,diag(c?)). The decoder
Dy reconstructs the next observation given the current state,
action, and latent code 6;y1 = Dy(0¢,as,2:). Ideally, the
encoder learns to encode hidden variables h; and domain
characteristics c into z;, as both are required by the decoder to
reconstruct osy1. However, two challenges prevent this from
happening naturally.

However, this paradigm faces two critical challenges,
namely, direct encoding of o441 and information leakage in
(o4, a). For the challenge of direct encoding of 041, the
encoder might cheat by directly encoding o4, ; into z;, making
reconstruction trivial but z; uninformative about actual hidden
dynamics. We introduce a blind decoder D, that attempts to
predict the next observation from z; alone: 0:11 = Dy (z¢).
If the blind decoder can accurately predict o;4; from z,
without access to (o, a;), then z; contains direct observa-
tion information rather than abstract dynamics features. The
encoder minimizes reconstruction error while simultaneously
maximizing the blind decoder’s prediction error. The blind
decoder tries to minimize its own error, creating an adversarial
objective:

0t+1 — 011
Liing = Ap €xp (- T el ) ®)

T%

The exponential form provides bounded gradients and satu-
rates smoothly when the blind decoder error is already high,
avoiding unnecessary optimization pressure. The temperature
oy controls sensitivity. The blind decoder is trained separately
with detached gradients from the encoder.

For the second challenge of information leakage in (o, a;),
ideally, (o¢,a;) would be sampled independently of hidden
variables and domain characteristics, containing no informa-
tion about h; or c. However, the policy collecting the data
likely reacts to both, producing different trajectory distribu-
tions across domains. Consequently, (0¢,a;) contains partial
information about both h; and c. The encoder only needs to
extract the remaining information into z;. During translation,
(o4, a;) remains unchanged while z; is translated. The partial
h; information in (o, a;) is preserved, and the translated z;
carries the rest, and thus the complete h; semantics are main-
tained after domain translation. In addition, since the decoder
can potentially infer domain-specific information from (o, a;)
alone, the encoder has no incentive to encode ¢ into z;. But
cross-domain translation requires z; to contain domain-specific
content. We introduce two auxiliary components: the domain
classifier and the FILM decoder. We add a domain classifier
C¢ that predicts which domain a latent code originates from
d= C¢(z¢). By requiring the classifier to succeed, we force

z; to encode domain-specific information:
Ecls = )\C . BCE(Cg (Zt), d)7 (9)

where d € {0,1} is the domain label. Even with domain
information in z;, the decoder might still infer ¢ from (o, a;)
and ignore that in z;. We replace the basic MLP decoder
with Feature-wise Linear Modulation (FiLM) [33]], where z;
conditions each layer:

Dy(oy,as,2z;) = FILM(0, as; 2¢)
=v(z:) © f(or,ar) + B(z),

where f denotes the main network processing (0, a;), and z;
generates scale «y and shift 3 parameters. This architectural
choice encourages the decoder to actively use information
from z,. While these auxiliary components do not theoretically
guarantee the decoder uses domain information from z,
we find empirically that they are effective, as reported in
Section [V-B2}

Finally, the full training objective combines all components
and can be formulated as (TT).

Lyae = [log41 — 0411 ]|* + B+ KL (g4(21)[|p(21))

reconstruction

(10)

regularization

~ 2
0] — 0
A exp < b1 t1ll >
Tp

Y

blind penalty
+ )\c : BCE(Cg (Zt)v d)

domain classification
B. Unpaired Domain Translation

Between simulation domain S and real-world domain R,
we implement domain translation using CycleGAN [18] with
generators Gg_,p and Gpgr_g (residual MLPs) and dis-
criminators Dg and Dpg. The generators are trained with
standard adversarial loss, cycle consistency loss (ensuring
z° ~ Gr_s(Gs_r(z"))), and optional identity loss. This
preserves hidden variable semantics in z; while transforming
domain characteristics.

C. Training and Deployment Pipeline

Algorithm [I] summarizes the training procedure. We train
the VAE and CycleGAN jointly, with encoder-decoder shared
across both domains. This shared representation ensures that
dynamics features from different domains occupy a common
latent space, making translation meaningful. Alternatively, the
two stages can be trained separately, where the VAE is first
trained until convergence, and then the encoder is frozen and
CycleGAN is trained on the extracted dynamics features.

At deployment, we apply the trained models during simu-
lation. Given a simulator transition (oy, a;, 03, ), we encode,
translate, and decode to obtain the aligned observation otsjl’R,
then overwrite the simulator state rather than merely trans-
forming observations. This ensures the policy trains on trajec-
tories that evolve according to translated dynamics. Domain
randomization is disabled during training with alignment to



Algorithm 1: World Translation Training

Initialize encoder Ey, decoder Dy, blind decoder Dy,
classifier C¢. Initialize generators Gs—r, Gr—s and
discriminators Dg, Dgr

while not converged do

// Backward Dynamics Extraction Sample

transitions {(0¢,a¢,0¢41)} ~ Ds UDg

Encode: Zy ~ q¢(Zt | O, ag, Ot+1)

Decode: 6t+1 = Dg (ot,at, Zt)

Blind predict: 041 = Dy (z¢)

Classify: d = Ce(z:)

Update ¢, 0, &: minimize Lvag

Update +: minimize ||o¢+1 — 6¢+1]|* with z, detached

// Unpaired Domain Translation Sample

domain-separated batches from Ds and Dr

Encode: z° ~ ¢4 (z | Ds), 2" ~ q4(z | Dr)

Translate: 2% = Gs_,R(zS), 2° = GR_,S(ZR)

Cycle: 2° = Gros(27), 2% = Gs_ r(2°)

Update Gs— r, Gr—s: minimize
»Cadv + >\cyc[rcyc + )\id[/id

Update Dgs: minimize
~E[log Ds(z%)] — Eflog(1 — Ds(2°))]

Update Dg: minimize
~E[log Dr(z")] — E[log(1 — Dr(2"))]

end

ensure deterministic simulation dynamics. Implementation de-
tails of state decomposition and coordinate frame conversions
are provided in the Appendix.

V. EXPERIMENTS

We evaluate the proposed World Translation method across
multiple robotic platforms with various tasks. We try to answer
the following questions with our experiments:

o Can World Translation accurately predict dynamics, es-

pecially under unpredictable hidden variable evolution?

o Does the learned representation capture meaningful struc-

ture about hidden variables and domains?

« What components of our method are essential?

e Does our improved dynamics modeling lead to better

downstream policy transfer?

We conduct a comprehensive suite of experiments to eval-
vate the effectiveness of World Translation. We begin by
benchmarking the dynamics modeling accuracy to verify the
effectiveness of our method. To provide deeper insights, we
conducted representation analysis to validate whether the
learned representation functions as expected. This is followed
by an ablation study to isolate the contribution of key modules.
Finally, we conducted real-robot deployment as the ultimate
validation, trying to demonstrate our framework’s capacity
to minimize the sim-to-real gap through enhanced physical
performance.

A. Dynamics Modeling Accuracy

1) Baselines and Protocol: For each platform, we create
source and target domains in Isaac Lab with different physics
parameters, such as stiffness, damping, mass and friction, to
simulate the sim-to-real domain gap for more controllable

Fig. 3.
Middle: Go2 quadruped with payload (ball in box). Right: R5 manipulator
under external forces.

Simulation environments. Left: G1 humanoid on irregular terrain.

evaluation. Transition data is collected using fixed pre-trained
policies.

For the evaluation protocol, we measure single-step pre-
diction error under teacher-forcing, where the model receives
ground-truth observations at each step. Autoregressive evalu-
ation introduces confounds: using ground-truth actions causes
methods with prediction error to receive inappropriate actions
(computed for a different state), while recomputing actions per
method couples policy behavior with dynamics error. Teacher-
forcing isolates the dynamics modeling accuracy by providing
identical inputs to all methods. The baselines we compared
are listed in the following.

o Direct Prediction (DirectPred): Predicts from (o¢,ay)

alone; error reflects hidden variable influence h;.

« Raw Simulation (RawSim): Raw simulator output; error
reflects influence of domain characteristics ¢ mismatch.

o Residual Dynamics (ResDyn): Predicts residual correc-
tions using observation history for forward inference.

2) Benchmark Task: Standard continuous control bench-
marks (e.g., dm_control [34]) are designed for fully observable
environments or smoothly-varying latent dynamics, and do not
provide paired source-target domains for evaluating sim-to-real
transfer. Our contribution specifically addresses scenarios with
discontinuous hidden variables. To evaluate this, we design
custom tasks on robotic platforms that systematically vary
hidden variable influence. For each robot (Figure [3), we design
two conditions. In the first condition, the hidden variables h;
have minimal impact on dynamics (low-h;), while in another
condition, h; significantly affects transitions (high-h;).

e G1 Humanoid: Velocity tracking on flat terrain (low-
h;) vs. irregular stepping blocks with unpredictable foot
contacts (high-hy).

e Go2 Quadruped: Locomotion without payload (low-h;)
vs. with Skg ball in mounted box creating unpredictable
interaction forces (high-h;).

e R5 Manipulator: End-effector pose tracking in its
workspace (low-h;) vs. under 0-200N external force
disturbances (high-h;).

3) Results: Figure [] shows the dynamics modeling accu-
racy across platforms. The two reference baselines reveal the
structure of each task: Direct Prediction error reflects hidden
variable influence, while Raw Simulation error reflects domain
gap severity. World Translation consistently outperforms both
references across all conditions. It recovers hidden variable in-
formation (improving over Direct Prediction) while correcting
domain mismatch (improving over Raw Simulation). In high-
h; conditions where DirectPred error is substantial, World
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Fig. 4.

Dynamics modeling evaluation. Left: teacher-forcing protocol where the model predicts translated observations 05— from simulator transitions,

with error e measured against ground-truth. Right: prediction error (MSE) across three platforms. For each robot, the left bar group shows the low-h; task,
and the right shows the high-h; task. Two reference baselines characterize different challenges: DirectPred (predicting from (o¢, a;) alone) reflects hidden
variable influence; RawSim reflects domain gap. These references are not directly comparable in magnitude but provide a within-condition context. World
Translation consistently improves over both baselines, with the largest gains where hidden variable influence is strongest.

TABLE I
HIDDEN VARIABLE (h¢) PREDICTION R2 FROM DIFFERENT
REPRESENTATIONS. COMBINED (0¢, a¢, ¢ ) RESULTS COMPARE W/O
(BASIC VAE) vs FULL MODEL, SHOWING THAT AUXILIARY COMPONENTS
DO NOT COMPROMISE h; PRESERVATION.

Input w/o Full
Baseline

(0,a)" 0.73
(o0,a)® 0.66
(Ot:at70t+1)s 0.78
(o¢,a¢,0¢41) 073
Combined (o, a, zt)

(0,a)%,2° 0.81  0.80
(o0,a)f 2 0.68 0.72
(0,a)%,257F 0.67  0.68
(0,a)®, 2113 075 078
(0,2)%,257FE>S 078 078
(0,a) 27578 067 067

Translation achieves the largest improvements (G1 Uneven:
0.035 vs. DirectPred 0.119; R5 Force: 0.401 vs. DirectPred
0.741). Residual Dynamics shows mixed results: it improves
over RawSim in some conditions but shows limited gains
over DirectPred in high-h,; tasks. Forward prediction from
observation history can partially correct domain characteristics
but struggles to recover discontinuous hidden variables, which
is where backward extraction helps most.

B. Representation Analysis

To understand what the learned dynamics features indeed
capture and why auxiliary components are necessary, we
analyze the representation from multiple perspectives. We
focus on the ARX R5 manipulator task in Section[V-A2] where
external forces serve as hidden variables and motor parameters
serve as domain characteristics. In this case, hidden variables
and domain characteristics are tightly coupled, as the force’s
effect on dynamics depends on the motor response. This
represents a challenging case for disentanglement. Discrete
hidden variables like contact events in locomotion would be
more naturally separable from motor parameters.

1) Hidden Variable Information h;: To verify that tran-
sitions preserve hidden variable information, we train
lightweight decoders to predict the ground-truth hidden vari-
able h; (normalized external force) from different input rep-
resentations. Table [[| reports the R? score for predicting force
magnitude. Several observations stand out:

o Information leakage: (o, a;) alone explains 66-73% of
h; variance, confirming the information leakage dis-
cussed in Section [Vl

o Combined matches transition: (o, a;,z;) achieves 68—
81% R?, matching the full transition’s predictive power
(73-78%).

o Translation preserves h;: After translation, combined
representations maintain similar predictive power (67—
78% R?). The h; information is largely preserved through
translation.

o Auxiliary components preserve h;: Comparing w/o and
Full columns, the results are nearly identical. The domain
classifier and FiLM add domain information ¢ to z;
without compromising h, preservation.

2) Domain Characteristic Information c: To verify that
our auxiliary components successfully encourage z; to encode
domain characteristics, we conduct domain classification ex-
periments. We train a binary classifier as a probe to measure
how much domain information each representation contains.
The classifier is trained with ground-truth domain labels and
directly predicts S or R from different input representations.
We evaluate on: (1) (o4, a;) alone to measure baseline in-
formation leakage, (2) z; alone to measure how much do-
main information the encoder captures, and (3) combined
(o¢,a4,2z;) to measure whether z, adds domain information
beyond (o4, a;). For the combined input, (o, a:) is always
from the source domain to match the practical application
scenario where we observe transitions in one domain and
translate z; to another. Our results displayed in table [ show:

« Information leakage exists: (o, a;) alone achieves 79—
85% domain classification accuracy, confirming that
observation-action distributions differ across domains.

e Domain information in z;: Without auxiliary compo-
nents (w/o), z; achieves only 64-67% accuracy, even
worse than (o, a;). With auxiliary components (Full),
z; achieves 94%, significantly exceeding (o, a:). This
confirms the encoder has no incentive to encode domain
characteristics without explicit encouragement.

o Translation effect on z;: Without auxiliary components,
2%~ achieves only 43% accuracy as R (below chance),
indicating translation fails. With auxiliary components,



TABLE 11
DOMAIN CLASSIFICATION ACCURACY FROM DIFFERENT
REPRESENTATIONS. “W/0O” DENOTES THE BASIC VAE WITHOUT DOMAIN
CLASSIFIER AND FILM; “FULL” DENOTES THE COMPLETE MODEL.

Input Target w/o Full
Information in (0, ay)
(0,a)" S 0.7894
(o0,a)" R 0.8479
Information in z
z° S 0.6729  0.9407
zft R 0.6412  0.9365
257 R 04288  0.9124
zftS S 0.4936  0.8327
257 RS S 07015 0.8427
zi7 SR R 0.6099  0.9820
Combined (o, as, z¢)
(0,a)%, 2z S 0.7857  0.9443
(0,a)f, 2! R 0.8326 09414
(0,a)%,z57F R 02702 0.9070
(0,a)f, zft—S S 0.2404  0.8309
(0,a)%,z57E=>S g 07952 0.8459
(0,a)f, zt7>5=>E R 0.8227  0.9837
Original Latent Space After Translation
sim sim - real
real real

Fig. 5. UMATP visualization of dynamics features on the RS manipulator
task. Left: original latent space shows clear separation between sim (blue)
and real (orange) domains, reflecting domain characteristics ¢ encoded in z¢.
Right: after translation, z° % (blue) aligns with real domain z® (orange),
demonstrating successful cross-domain mapping.

z°7 1 achieves 91% as R, showing successful domain

transformation.

o Combined (o,a),z after translation: Without auxiliary
components, (0,a)%,z°7% achieves only 27% as R
because the (0,a)° signal dominates. With auxiliary
components, it achieves 91% as R, where the translated
z; successfully overrides the domain signal in (o, a).

Auxiliary components are essential for translation to succeed:
without them, translated representations cannot override the
domain signal in (o, a;), making cross-domain prediction
infeasible.

3) Latent Space Visualization: We visualize the latent space
using UMAP [33] in Figure [5] The original latent space
shows clear separation between simulation and real domains,
reflecting the domain characteristics ¢ successfully encoded
into z; by our auxiliary components. This separation is nec-
essary for the translation network to learn meaningful cross-
domain mappings. After translation, the translated sim features
z% 7R align with real domain features z’*, confirming that the
translation successfully transforms dynamics representations
across domains. In addition, as shown in Table [ the w/o
and full columns are nearly identical for combined (o, at, z;),

Generator Losses Discriminator Losses

—— Da
— Dg

—— Ga-s

—— Ggoa

0 10 20 30 40 50 60 0 10 20 30 40 50 60
Training Samples (M) Training Samples (M)

Fig. 6. Training collapse in observation-level translation. Discriminator losses
(right) drop to near-zero while generator losses (left) diverge, indicating the
discriminators trivially distinguish domains using (o¢, a;) without learning
meaningful dynamics mappings.

TABLE III
ABLATION OF TRANSLATION COMPONENTS. CYCLE ERROR MEASURES
ROUND-TRIP RECONSTRUCTION ||z — G(G(z))}g; IDENTITY ERROR
MEASURES UNNECESSARY MODIFICATION ||z'* — G5_, r(2%)]|.

Variant Cycle Error  Identity Error ~ Pred. Error
Full Model 0.034 0.233 0.401
w/o Cycle Consistency 0.273 0.004 0.681
w/o Identity Loss 0.026 0.463 0.483

confirming that our auxiliary components add domain infor-
mation c to z; without removing hidden variable h;.

C. Ablation Study

We study the necessity of key design choices in World
Translation. Experiments are conducted on the ARX RS ma-
nipulator unless otherwise noted.

1) Dynamics Extraction: World Translation performs cross-
domain prediction through Equation (7). At deployment, this
pipeline can be encapsulated as a single mapping:

A—B B

G
(ot,at,otAH) —== 011 (12)

To make clear if the intermediate dynamics feature z, is nec-
essary or not, we train a generator that maps (o, a;, 024+1) —
0P, without explicit dynamics extraction. The discriminator
judges transition tuples (o, a;,0¢41) to distinguish real from
generated samples. We observed that the direct observation-
level translation suffers from immediate training collapse, as
illustrated in Figure [6] where the discriminator losses drop to
near-zero while generator losses diverge. This occurs because
(o¢, a;) alone achieves 79-85% domain classification accuracy
(Section , allowing discriminators to distinguish domains
without examining o4 ;. With no useful gradient signal, the
generators cannot learn meaningful cross-domain mappings.
By abstracting to z;, our approach isolates dynamics-relevant
information from domain-leaking (o, a;), enabling stable
adversarial training.

2) Translation Components: We ablate components of the
CycleGAN translation network, and the experiment results
are listed in Table [T Without cycle consistency, cycle error
increases 8 times, from 0.034 to 0.273, and prediction error
degrades significantly. Identity error drops to near-zero, sug-
gesting the generator becomes overly conservative, meaning
it avoids modifying inputs but consequently fails to perform
meaningful cross-domain translation. Without identity loss,
identity error doubles, from 0.233 to 0.463, indicating the
generator unnecessarily distorts in-domain samples.



TABLE IV
DOWNSTREAM POLICY PERFORMANCE ON GO2 WITH PAYLOAD. ALL
METHODS TRACK THE SAME ANGULAR VELOCITY COMMAND SEQUENCE.

Method Tracking (rad/s)  Stability (rad)  Power (W)
No Adaptation 0.2475 0.0517 28.07
Domain Rand. 0.3306 0.0694 21.95
World Translation 0.1786 0.0513 29.55

D. Downstream Policy Performance on Real Robot

We conducted real robot experiment to further evaluate
whether improved dynamics modeling translates to better
policy transfer in a practical sim-to-real deployment scenario.
The real-world experiment setup is illustrated in Figure [7]

1) Setup: We evaluate on the real Go2 quadruped with
the payload task described earlier in Section where
a ball moves freely inside a box mounted on the robot. All
methods start from a base policy trained in simulation without
domain randomization. This base policy is then fine-tuned
using different adaptation strategies. The employed baseline
for comparison are shown below.

e No Adaptation: The base policy is deployed directly

without fine-tuning.

o Domain Randomization: Fine-tuned with randomized
physics parameters (base mass —1 to +3 kg, friction 0.3—
1.2, actuator gains 0.8—1.25x) and additive observation
noise for 1000 steps.

o World Translation (Ours): Fine-tuned using translated
dynamics. We collect 20 minutes of real-world transi-
tions using the base policy, train the translation model,
then fine-tune the policy for 1000 steps using translated
dynamics predictions.

2) Metrics: All policies track the same recorded com-
manded angular velocity sequence, enabling controlled com-
parison. We evaluate using metrics computable from propri-
oceptive observations, each corresponding to a reward term
during training:

o Angular Velocity Tracking Error: RMSE between com-

manded and measured angular velocity. Lower is better.

« Orientation Stability: Root mean square of pitch and roll

L 2 2 .
standard deviations, /0y, + 05y Lower is better.

o Average Power: Mean joint power consumption % [lr-
q| dt. Lower is better.

3) Results: Table [[V] shows downstream policy perfor-
mance. World Translation achieves the lowest tracking error
(0.18 rad/s vs. 0.25 for No Adaptation and 0.33 for Domain
Randomization) while maintaining similar stability to the No
Adaptation baseline. Domain Randomization exhibits the high-
est tracking error but lowest power consumption, suggesting
overly conservative behavior that sacrifices responsiveness for
energy efficiency. World Translation and No Adaptation show
comparable stability and power consumption, with the primary
difference being tracking accuracy.

These results provide empirical evidence that improved
dynamics modeling can translate to better command tracking
in downstream policy transfer, though the effects on other
metrics are modest.

Fig. 7. Real-world deployment of the Go2 quadruped with the payload task.
Left: simulation setup for training, right: real-world deployment for evaluation.

VI. DISCUSSION

World Translation shares limitations common to learned
dynamics models: it requires diverse training data, prediction
accuracy depends on information recoverable from observa-
tions, and it cannot extrapolate to unseen dynamics regimes.

Several limitations are specific to our approach. First,
translation is more challenging when h; and c¢ are tightly
coupled; external forces in the R5 task (section [V-A2) affect
dynamics through domain-specific motor responses, whereas
discrete contact events in locomotion are more naturally sep-
arable. Second, our state overwriting procedure leaves hidden
simulator states unchanged, which may cause inconsistencies
for simulators with complex internal dependencies. Third, our
current implementation trains on single-step transitions. Pre-
diction errors compound over multi-step rollouts. Finally, our
indirect optimization through cycle consistency may sacrifice
prediction accuracy compared to direct supervision, though it
enables learning from unpaired data.

More broadly, our reliance on implicit representations cre-
ates challenges throughout the pipeline. The learned z; lacks
interpretable structure, making training difficult to diagnose
when competing objectives become unstable, and validation
impossible without indirect proxies like downstream policy
performance. Developing more interpretable dynamics repre-
sentations remains an open direction.

VII. CONCLUSION AND FUTURE WORK

We presented World Translation, a novel dynamics model
learning framework that addresses sim-to-real transfer by
reformulating dynamics alignment as unpaired domain transla-
tion. Backward dynamics extraction captures hidden variable
effects from observed transitions without temporal smooth-
ness assumptions, while cycle-consistent translation preserves
these semantics across domains. Experiments on humanoid,
quadruped, and manipulator platforms demonstrate improved
dynamics modeling over forward prediction baselines, with the
largest gains when hidden variables evolve discontinuously.
Limitations include sensitivity to tight coupling between h;
and c, and error compounding over multi-step rollouts.

Potential future extensions include combining with autore-
gressive training to handle compounding errors, incorporating
visual observations for vision-based policies, online model
updates during deployment, and combining World Translation
with action correction methods where translated dynamics
provide target states.
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