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ABSTRACT

Visual world models learned from video are often trained to predict future obser-
vations from past frames, but pixel-space forecasting is expensive and forces the
model to allocate capacity to high-frequency details. Latent-space video models
reduce this cost, yet they typically predict a dense latent state at every step, repeat-
edly carrying largely static information and making long-horizon rollouts harder to
sustain. We propose LaMo, probabilistic latent dynamics world model that instead
predicts motion tokens—continuous latent variables that encode first-order tem-
poral changes in a learned latent space. Given the current latent state and a short
history of past motion tokens, our model autoregressively samples the next motion
token and recurrently advances the latent state using a forward dynamics model.
We instantiate the same contextual transformer backbone with two potential prob-
abilistic parameterizations for next-token prediction using Gaussian mixtures and
conditional flow matching We evaluate long-horizon rollouts on BDD 100K, show-
ing improved long-horizon modeling in complex driving scenes.

1 INTRODUCTION

Predictive world models enable embodied agents to imagine potential trajectories, enabling plan-
ning and control. For these agents to be useful over long horizons, world model rollouts must
remain temporally coherent rather than drifting or hallucinating (Janner et al., 2019). Long-horizon
prediction is therefore central to video-based world models for embodied decision-making (Ha &
Schmidhuber; [2018; [Hafner et al., [2019; |2020; [Yang et al., [2023; Jang et al., [2025). Recent gener-
ative models operate in latent space to mitigate the cost of pixel-level forecasting (Blattmann et al.,
2023a; |Bar-Tal et al.| 2024; Ma et al.| [2025; |Assran et al.l [2025)). However, these latent spaces are
typically reconstructed via autoencoders that retain low-level details and result in dense token rep-
resentations per frame. This can introduce significant redundancy as videos are typically dominated
by static content, which can saturate model context and increase computational cost. Consequently,
the temporal consistency and generation quality of these generative models can degrade over longer
horizons (Xie et al.,|2024;|Cai et al.| 2025; Yang et al.| [2025)).

To tackle the long-horizon prediction problem, we propose to capitalize on the efficiency advantages
of modeling latent dynamics over latent states. Intuitively, dynamics is often of lower complexity
than appearance; e.g., a rigid object undergoes coherent motion governed by a small number of
shared degrees of freedom, so isolating dynamics can offer substantial compression benefits. There-
fore, we aim to model videos by representing their first-order temporal changes as latent motion
tokens. Latent motion tokens, also known as latent actions, stem from a recent line of work (Bruce
et al., 2024; |[Schmidt & Jiang) 2024a; [Ye et al., [2025; (Cui et al., |2024)) that seeks to learn a com-
pressed representation of transition dynamics and models that can predict future observations con-
ditioned on these latent representations. We specifically adopt Midway Network (Hoang & Ren)
2026), which employs a hierarchical formulation that refines latent motion tokens across multiple
feature levels to handle complex scene dynamics in natural videos. However, Midway Network and
other latent motion methods are restricted to inference between observed frames or only one-step
prediction. To bridge this gap, we propose to learn a conditional generative model that predicts la-
tent motion tokens over long horizons given a short history of motion tokens and the current latent
state.
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Figure 1: LaMo overview: long-horizon rollout by predicting latent motion tokens. A pretrained
latent dynamics model (Midway Network) encodes frames into latent states z; and extracts motion
tokens m; between consecutive frames. During training, we corrupt the conditioning motion token
history and current latent state with Gaussian noise (dark purple) and feed them, together with learn-
able query tokens, into a bidirectional transformer and trained with teacher forcing. A lightweight
probabilistic head then predicts the next motion token using either a GMM parameterization (global
mixture weights 7 shared across tokens, and per-token (u, o)) or conditional flow matching (predict-
ing a velocity field v for ODE-based sampling). At inference, predicted motion tokens i, (green)
are fed into the frozen forward dynamics predictor to update the latent state recurrently, and a sepa-
rate decoder maps predicted latents back to pixel space.

We introduce LaMo, a probabilistic world model designed for long-horizon latent motion prediction.
First, we use an autoregressive transformer backbone to process the context inputs and predict future
latents. Then, to capture the inherent multi-modality of predicting future dynamics (e.g., a car
turning left or right), we employ a probabilistic predictor head to generate the next motion token
from the predicted latents. We investigate two formulations of the predictor head: (a) a Gaussian
mixture model (GMM) trained to maximize conditional likelihood and (b) a flow matching head that
learns a conditional velocity field. To improve robustness under autoregressive rollouts, we apply
context-noise augmentation during training by injecting Gaussian noise into the conditioning motion
token history and current latent state, encouraging the predictor to remain stable when conditioned
on its own imperfect past predictions (Pasini et al.| 2024} [Valevski et al., |2024). We maintain a
recurrent state by iteratively updating the current latent state features with the predicted motion
tokens via a forward dynamics predictor. The resulting trajectory of latent states can be decoded for
visual inspection or used towards downstream tasks.

In our experiments on BDD100K (Yu et al.,|2020), a large-scale driving dataset, we demonstrate that
LaMo produces more accurate long-horizon rollouts compared to an autoregressive transformer that
conditions on and predicts dense latent states, demonstrating the benefit of modeling latent motion
over latent states. We also observe that the two probabilistic head variants offer distinct benefits: the
flow-matching head achieves lower FID across time horizons, while the GMM head attains better
PSNR and SSIM in long-horizon settings.

To summarize, our contributions are:
* We propose LaMo, a probabilistic latent dynamics world model for long-horizon prediction

that represents videos as sequences of compact motion tokens capturing first-order, multi-
modal temporal changes in latent space.

* We show that conditioning on motion token history yields more accurate and stable long-
horizon rollouts than a state-prediction baseline that conditions on dense latent state history.
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2 RELATED WORK

Future prediction. Neuroscience proposes that intelligent agents predict future sensory inputs to
perceive and act, establishing predictive coding (Srinivasan et al.,[1982; [Rao & Ballard, [1999) and
forward models (Wolpert et al.l [1995; Miall & Wolpert, |1996) as central mechanisms in biological
vision and motor control. In deep learning, this has motivated a long line of works in video predic-
tion. Early attempts leveraged a variety of LSTM (Srivastava et al., 2015), CNN (Mathieu et al.),
and motion-focused (Finn et al.l 2016) architectures and showed that trained models could be useful
towards video generation, action recognition, and robotic control tasks. These eventually evolved
into today’s modern video generators like Sora (Brooks et al.,[2024), Veo (Google DeepMind} |[2025),
and Wan (Wan et al., 2025)), which incorporated advances such as transformer architectures (Doso-
vitskiy et al., 2021; [Peebles & Xiel 2022, diffusion modeling (Ho et al., 2020; Gupta et al.,|2024),
and massive data and parameter scaling to achieve highly realistic and physically plausible genera-
tions. However, consistent long-horizon prediction remains challenging due to computational cost
and context limits. Prior works have turned to spatiotemporal tokenization (Yan et al.,2021};|Villegas
et al., |2022), and latent space diffusion (Blattmann et al.| |2023bga) for improved token efficiency.
Yet, these approaches often still fail to exploit temporal redundancy, where the number of allocated
latent tokens per frame still grows prohibitively high in long-horizon settings. In this work, we
address this gap by explicitly disentangling videos as sparse latent states that are transformed by
sequences of highly compressed latent motion representations.

Latent dynamics. Deep learning has aimed to acquire dynamics models that emulate how animals
can predict their environment’s future (Ha & Schmidhuber, [2018). While initial works pursued this
goal through supervised learning with action-labeled data (Agrawal et al.,[2016; Pathak et al.,|2017),
more recent efforts have shifted towards latent dynamics models, which can self-supervised learn
from unlabeled videos and rely on either discretization or dimension-based information bottlenecks
to prevent representation collapse (Garrido et al.,[2026). These latent dynamics models can be used
in a variety of ways, from data labeling (Schmidt & Jiang}, [2024a; Jang et al.| 2025} |Ye et al., [2025)
to environment simulation (Bruce et al.l 2024} |Gao et al.| [2025). In particular, our work leverages
Midway Network (Hoang & Ren}2026)), a recent latent dynamics architecture that uses hierarchical
refinement and dense forward prediction to infer latent motion tokens that capture the dynamics of
natural videos. While prior works either infer latent actions post-hoc or predict one step in the future,
we aim to learn a model that can predict future latent motion tokens over long horizons and use them
to evolve a sparse set of latent states over time. Closely related to this work is Moto (Chen et al.,
2024b), which learns an autoregressive predictive model of latent motion tokens, though distinctly
for the purpose of pretraining motion priors to enhance downstream robotic control finetuning.

3 BACKGROUND

Motion tokens. Motion tokens are learned latent vectors designed to capture transition dynamics
between source and target states z; and z;41. They are typically used in latent dynamics modeling
frameworks, where they are inferred by an inverse dynamics model, m; = finy (¢, 2:41) and used by
a forward dynamics model to predict future states, 2,—1 = fwa(2¢,m¢). To prevent representation
collapse, where my trivially compresses z;41 rather than learning the underlying dynamics, prior
methods apply information bottlenecks like VQ-VAE discretization (Schmidt & Jiang} [2024bj; Bruce
et al., 2024; |Ye et al.| 2025) or dimensionality reduction (Cui et al., [2024; \Gao et al., [2025; [Hoang
& Ren, [2026).

Midway Network (Hoang & Renl [2026) extends this paradigm to a hierarchical framework. Mo-
tivated by coarse-to-fine refinement in optical flow methods (Sun et al.| 2018} |Jonschkowski et al.}
2020), Midway Network iteratively refines motion tokens in a top-down manner. For feature levels
{2, .., lk}, motion tokens m! are computed as an accumulation of higher level motion tokens
plus a learned residual:
l 1+1 A1

m! =m!T + finv(ztil,ztﬂ). (1)
Crucially, the inverse model is conditioned on the higher-level forward prediction 2%1} rather than
source features, effectively forcing the network to learn residual dynamics to correct prediction
errors from the previous scale.
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Conditional flow matching. Flow-based generative models (Chen et al., 2018}, (Grathwohl et al.,
2019) represent a target distribution by learning a time-dependent velocity field that transports sam-
ples from a simple base distribution to the data distribution via an ODE,

dx(T)

T - ’U@(J?(T),T | C)v (2)
-

where ¢ denotes conditioning information (e.g., context from previous observations). A widely-
used training approach is flow matching (Lipman et al.| 2023), which regresses vy to the vector field
induced by a chosen probability path between base and data samples. A particularly simple and
effective choice is the straight-line (“rectified”) path (Liu et al., |2022)):

zr = (1 —7)z0 + 727, xo ~N(0,1), 1 ~ p(- | ¢), 3)

which yields the target velocity v*(x,, 7, ¢) = &1 — x. The conditional flow-matching objective is
then

LCFM = Emo,m1,7' |:H1)9(I7—,T | C) - (1‘1 - $0)H§:| : (4)

At inference time, one samples x(0) ~ N(0, ) and numerically integrates the ODE forward to
obtain z(1).

Continuous autoregressive modeling. Recent work has highlighted that sequence models need
not rely on discrete codebooks: one can instead operate on continuous-valued tokens and attach a
lightweight generative head that models the conditional distribution of each token given contextual
features produced by the sequence backbone (Li et al [2024; |Chen et al., [2024a). This decouples
inter-token dependency modeling (handled by the backbone) from per-token distribution modeling
(handled by a small conditional generator) and motivates using conditional density models, includ-
ing mixtures and flow-based objectives, for token prediction in continuous spaces.

4 LAMO: A LATENT MOTION WORLD MODEL

LaMo performs long-horizon prediction by forecasting latent motion tokens—compact latent vari-
ables that describe the temporal dynamics between frames—instead of repeatedly predicting dense
per-frame latent states. At each rollout step, LaMo (i) conditions on the current latent state and a
short history of past motion tokens, (ii) samples the next motion token with a probabilistic predictor,
and (iii) advances the latent state with a fixed forward predictor model; repeating this procedure
yields long-horizon latent trajectories that can be decoded to pixels for visualization and evaluation.
Figure |1| summarizes the full pipeline and the two interchangeable probabilistic parameterizations
we study (GMM vs. conditional flow matching).

4.1 SETUP: LATENT STATES AND MOTION TOKENS

We factor long-horizon video prediction into (i) a pretrained latent dynamics model and (ii) a learn-
able stochastic sequence model over its motion token representation. In our experiments, the latent
model is instantiated by the Midway Network (Hoang & Renl 2026)), which provides an encoder to
extract a latent state representation z; per frame, an inverse model that extracts motion tokens be-
tween consecutive states, and a forward predictor that advances the latent state given motion tokens.
LaMo then learns a probabilistic motion token world model that predicts future motion tokens from
a short history and the current state, enabling autoregressive rollouts in latent space.

Formally, let z; denote the latent state (e.g., a set of latent tokens) at time ¢. The pretrained inverse
dynamics model defines motion tokens as

my = finv(2t; 2t41), (%)
and the corresponding pretrained forward transition updates the state via
zey1 = frwa(ze, me). (6)

We keep finy and fryqg fixed and learn a conditional distribution over the next motion token given
the current state and a fixed-length motion history:

po(me | My—r—1, 2¢) - @)



ICLR 2026 the 2nd Workshop on World Models

4.2 AUTOREGRESSIVE BACKBONE

We use a bidirectional transformer encoder (Vaswani et al |2017) over the fixed-length context
window to produce per-motion token features—one feature vector for each motion token slot —
which then parameterize a continuous conditional distribution over the next motion token.

We first embed the conditioning inputs into a common model dimension and add factorized embed-
dings indicating (i) time index within the context window, (ii) feature level, (iii) spatial patch index
(when applicable), and (iv) token role (e.g., motion vs latent).

Learnable query tokens. To produce a context representation aligned with the motion token lay-
out, we append a set of learnable query tokens arranged as a (L x N,,) grid, matching the structure
of a motion token tensor. After self-attention over the full sequence, we take the transformer outputs
at these query positions and reshape them into

ht c RLXNde7 (8)

which provides one contextual feature vector per motion token position. These queries are learned
parameters whose role is to extract per-motion token context features; they are trained end-to-end
through the final prediction loss of the flow or GMM predictor head.

Global readout query (GMM only). For the GMM formulation, we additionally append a single
learnable global readout query. The corresponding transformer output, b € R?, summarizes the
context and is used to predict the mixture weights.

4.3 CONTEXT-NOISE AUGMENTATION

Autoregressive rollouts induce a train—test mismatch: at inference, the model conditions on its own
previously predicted tokens and latents, which may contain small errors that can accumulate. To
remedy this, we adopt context-noise augmentation during training by perturbing the conditioning
inputs before they are embedded and passed to the transformer (Pasini et al. [2024; [Valevski et al.,
2024]).

For the motion token history context, we corrupt both the motion token history and the current latent
state features:

Mi—Kit—1 = Mi—K:t—1 + 0 €m, Zi=zt o€, ©))
with €,,, €, ~ N(0,T). For the state-prediction baseline, we analogously corrupt the latent token
history window Z;_ 4.

In our implementation, the noise scale o ~ U(0, 1) is drawn per sample. Importantly, the model is
not provided o, i.e., it is not conditioned on the corruption level; the predictor must be robust to a
range of plausible context errors.

4.4 TWO PROBABILISTIC HEADS FOR MOTION TOKEN PREDICTION

Using the same transformer-encoded context features, we study two conditional density parameter-
izations for m,;: a GMM head and a conditional flow-matching head.

4.4.1 CONDITIONAL FLOW MATCHING HEAD

We instantiate equation [/| using conditional flow matching. We treat the target motion token as
x1 = my, draw xo ~ N(0, I) of matching shape, and sample 7 ~ (0, 1). Using the straight path,

zr = (1= 7)zo + Ty, (10)
we predict a conditional velocity field vg(z, T | ¢¢), where the context ¢; is encoded by the trans-
former into motion-aligned features h;. Concretely, we pass (x., T, h) to a lightweight per-token
conditional head (AdaLN-modulated MLP) (Li et al., [2024) to obtain vg. The training loss is the
conditional flow-matching objective:

Liow = E[va((ET,T | ct) — (my — xo)Hz} (11)

At inference time, we sample 77, by integrating 42 = vy(z, 7 | ¢;) forward from 2(0) ~ N(0,I)
using a fixed-step explicit integrator.
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4.4.2 GAUSSIAN MIXTURE MODEL HEAD

Alternatively, we parameterize the conditional distribution of m, as a Gaussian mixture with M
components. Our GMM uses global mixture weights shared across all motion token positions and
position-wise Gaussian parameters for each mixture component:

L Ny,
po(me | cr) = Zﬂk co) [T T M5 ™ (o), diag(o"" (c1)?)). (12)
I=1n=1

The transformer backbone pr0V1des (1) motion-aligned features h; from the spatial prediction queries
and (ii) a global context vector h$ from the global query token. A linear head on hf predicts mix-

(I,n) (I,n)

ture logits and weights 7(c;), while a per-position head on h; predicts y, " and log o, for all

mixtures.

We train the backbone and GMM head by minimizing the negative log-likelihood, with an optional
additional entropy regularizer on 7):

Lomm = —E[logps(my | ¢;)] — AE[H(7(cy))]- (13)

At inference time, we sample a mixture index k ~ 7(c;) (or take arg maxy) and then sample the
motion tokens from the corresponding Gaussians.

4.5 STATE-PREDICTION BASELINE

LaMo predicts future dynamics by sampling the next motion token from a short motion token history
and the current latent state, pg(m; | m:_k.c—1, 2¢), and then advancing the latent state through a
fixed transition model. To isolate the advantage of modeling motion tokens, we define a baseline
that instead predicts the next latent state directly from a history of latent states:

p0(2t+1 | Zt—K:t)- (14)

For a controlled comparison, we keep the sequence model capacity fixed by using the same trans-
former configuration and the same context length K; the only changes are (i) the signals provided in
the context window (motion token history vs. latent state history) and (ii) the prediction target (m;
vs. z;4+1). Importantly, the latent state tokens z; are substantially higher-dimensional and denser
than motion tokens m; (they retain more appearance/content information), so the state-prediction
baseline must condition on and generate a much larger latent payload at each step.

4.6 AUTOREGRESSIVE ROLLOUT

At time ¢, we form a context ¢; from a fixed-length window and use the transformer to parameterize
a conditional distribution for the next motion token. We then sample 7y ~ pg(- | ¢;) using either
the flow head (§4.4.1) or the GMM head (§4.4.2)) and advance the latent state via the frozen forward
dynamics model:

Zt+1 = frwd(Ze, 170t). 15)
This state update acts as the model’s recurrent mechanism: information from the past is carried
forward through the evolving latent state Z;, while stochasticity and multi-modality enter through the
sampled motion tokens. This differs from standard RNN/LSTM (Hochreiter & Schmidhuber, |1997)
formulations, where recurrence is implemented by learned hidden-state updates; here, recurrence is
implemented by an explicit forward dynamics model fsyq4, and the learnable component focuses on
modeling the conditional distribution of future dynamics.

We update the context using a sliding window and repeat this procedure to obtain long-horizon
rollouts. In the motion token history setting, the window is over motion tokens and is advanced by
appending 1m; in the state-prediction baseline, the window is over latent states and is advanced by
appending 2,1, with the baseline predicting 2, directly.

Decoding latents to pixels. To visualize rollouts in pixel space, we train a separate decoder that
maps latent states back to pixels. Concretely, we fit a 6-layer transformer decoder d.; to reconstruct
the next frame in pixel space from the latent representation via the mean squared error loss:

Laec = E[|ldy(z) — ]3], (16)



ICLR 2026 the 2nd Workshop on World Models

where z; denotes the corresponding RGB frame. During evaluation, we decode predicted latent
rollouts {Z; } using the frozen trained decoder d,, to obtain pixel-level predictions.

5 EXPERIMENTS

We evaluate LaMo on long-horizon autoregressive rollouts on BDD100K to test whether forecast-
ing in terms of compact motion tokens yields more stable and accurate long-term predictions than
forecasting dense latent states. Concretely, we compare motion token history conditioning against
a matched state-prediction baseline (§4.5) under identical transformer capacity and context length,
and report rollout quality on short (0.2s), medium (0.6s), and long-term horizons (1.2s) (Karypidis
et al., 2025)).

5.1 IMPLEMENTATION

Data and preprocessing. Following prior work on latent dynamics, we first train a Midway Net-
work to (i) produce a frozen latent representation z; for each frame and (ii) extract three levels of
hierarchical motion tokens m; with each level consisting of ten tokens describing transitions be-
tween consecutive latents. We then freeze the Midway Network and train separate probabilistic
motion predictors to model the conditional distribution p(m; | m—k.t—1, 2t)-

Models and training setup. All probabilistic heads share the same contextual transformer back-
bone described in §4.2] Throughout the paper, we use a motion token history of length K=3 to-
gether with the current latent token z;. As a baseline, we train an architecture-matched variant that
conditions on latent state history (' =3) rather than motion token history (see @

Both probabilistic heads are trained with context-noise augmentation (§4.3) to improve robustness
under autoregressive rollouts. Training is performed on 4 x H200 GPUs.

Flow head. For the conditional flow-matching model (§4.4.1)), we use a 12-layer transformer back-
bone with model width d = 1152 and 8 attention heads and an AdalLN-modulated MLP flow head
with 3 residual blocks. We train for 300 epochs with AdamW (Loshchilov & Hutter,[2019) at learn-
ing rate 1.5 x 10~%. At inference time, motion tokens are sampled by fixed-step ODE integration;
we evaluate different numbers of sampling steps and report their effect on rollout quality in Table[T]

GMM head. For the Gaussian mixture model variant (§4.4.2), we keep the same 12-layer, d =
1152 transformer backbone and predict a mixture of ' = 3 Gaussians. The mixture weights are
shared across motion token positions, while the Gaussian parameters are predicted per position. We
train using the GMM negative log-likelihood objective with an entropy regularizer (§4.4.2)), using
AdamW at learning rate 1.5 x 10~ for 300 epochs as well.

Evaluation protocol. We evaluate each model under autoregressive rollout using a fixed context
window of length K'=3 for each video evaluated. At each time step, the model predicts the next
motion token 7, conditioned on the current latent token z; and the history (motion token history for
our method; latent state history for the baseline), then advances the latent state via a frozen forward
dynamics model 2,11 = fiwa(Z:,7) and decodes predictions to pixels with the trained decoder.
We report image-space metrics, at three offsets: short-term (¢=0.2s), medium-term (¢=0.6s), and
long-term (t=1.6s).

5.2 RESULTS

Motion token history conditioning improves long-horizon rollouts. Our main comparison
is against an architecture-matched state-prediction baseline that predicts the next latent state
po(zt+1 | zi—k.t) and rolls out by feeding predicted latent states back into the context. In
contrast, LaMo predicts the next motion token from motion token history and the current state,
my ~ po(my | Myi—k.1—1, %), and advances the recurrent latent state via the frozen forward model
Zt41 = frwa(Zt, ). Table|l] shows that replacing latent state history conditioning with motion
token history conditioning yields markedly stronger long-horizon stability: at t=1.6s, the flow mo-

tion token history model reduces FID from 227 (state-prediction baseline) to 188 and improves
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Figure 2: Qualitative rollouts on BDD100K. Yellow dashed region: conditioning context (observed
frames). Remaining frames are autoregressive predictions decoded from predicted latents. Motion
token—conditioned models better capture complex, scene-wide dynamics, including coordinated mo-
tion of multiple objects and structures (e.g., several cars, overhead signs, and lane markings). Top:
GMM head conditioned on motion token history. Middle: Flow head with latent state history con-
text (baseline). Bottom: Flow head conditioned on motion token history.
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Figure 3: Qualitative long-horizon rollouts on BDD100K. Yellow dashed region: conditioning
context (observed frames). Remaining frames are autoregressive predictions decoded from predicted
latents. Top: GMM head conditioned on motion token history. Middle: Flow head with latent state
history context (baseline). Bottom: Flow head conditioned on motion token history.

PSNR/SSIM from 14.9/0.4345 to 15.5/0.4653. These results support our central premise that ex-
plicitly representing dynamics via compact motion tokens yields a more predictable autoregressive
context than conditioning on dense latent state history.

Qualitative rollouts preserve coherent scene evolution. Figure [J]illustrates the same trend vi-
sually. motion token history rollouts better preserve coherent multi-object motion over time—
capturing the coupled motion of multiple cars together with background structure such as lane
markings and signage—with fewer temporal artifacts and more stable long-range scene evolution
than the state-prediction baseline.

Flow vs. GMM: a perception—distortion tradeoff across horizons. The flow head achieves
lower FID across horizons, while the GMM head achieves higher long-horizon PSNR/SSIM (e.g.,
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Short-term (t=0.2s) Med-term (t=0.6s) Long-term (t=1.6s)
Method FID] PSNRT SSIMt FID] PSNR{ SSIMt FID| PSNRT SSIM?T
Flow (state-prediction baseline) 58 23.3 0.7295 108 20.1 0.6385 227 149 0.4345
GMM 70 232 07277 113 204  0.6474 204 169  0.5289
Flow (5 steps) 61 233  0.7288 98 199 0.6165 238 152 0.4440
Flow (20 steps) 52 23.7 07426 74 20.2  0.6401 189 15.5  0.4665
Flow (50 steps) 52 23.7 07427 72 20.2  0.6395 188 15.5  0.4653

Table 1: We report short-term (t=0.2s), medium-term (t=0.6s), and long-term (t=1.6s). Lower FID
is better; higher PSNR/SSIM are better.

16.9/0.5289 at t=1.6s), suggesting the head choice mainly affects which evaluation metrics are fa-
vored (Blau & Michaelil [2018).

Effect of flow sampling steps. Increasing the number of ODE integration steps from 5 to 20
substantially improves quality, while gains saturate beyond 20 steps (Table[T)). We therefore use 20
steps as a favorable compute—quality tradeoff unless otherwise stated.

6 CONCLUSION

We introduced LaMo, a probabilistic latent dynamics model that predicts motion tokens—compact
latent variables representing the temporal dynamics between frames—instead of repeatedly regen-
erating dense per-frame latent states dominated by static content. By explicitly separating dynamics
from content, LaMo reduces compounding drift and improves long-horizon rollouts.

On BDD100K, LaMo, by modeling latent dynamics, yields consistently more accurate rollouts than
an architecture-matched latent state history baseline—a standard design in prior video world mod-
els that only predict in dense latent state space—improving perceptual quality (FID) and distortion
metrics (PSNR/SSIM) at medium and long horizons. Looking ahead, LaMo could enable latent
dynamics planning by sampling motion token rollouts and evaluating trajectories within an online
model predictive control-style loop. Other future directions include designing a mechanism to up-
date the latent state with ground-truth observations during rollout to account for new objects, and
moving from two-stage training (latent dynamics model and latent motion predictor) to end-to-end
training.
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