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Abstract

Differentiable simulators represent an environment’s dynamics
as a differentiable function. Within robotics and autonomous
driving, this property is used in Analytic Policy Gradients
(APG), which relies on backpropagating through the dynam-
ics to train accurate policies for diverse tasks. Here we show
that differentiable simulation also has an important role in
world modeling, where it can impart predictive, prescriptive,
and counterfactual capabilities to an agent. Specifically, we
design three novel task setups in which the differentiable dy-
namics are combined within an end-to-end computation graph
not with a policy, but a state predictor. This allows us to learn
relative odometry, optimal planners, and optimal inverse states.
We collectively call these predictors Analytic World Mod-
els (AWMs) and demonstrate how differentiable simulation
enables their efficient, end-to-end learning. In autonomous
driving scenarios, they have broad applicability and can aug-
ment an agent’s decision-making beyond reactive control.

1 Introduction
Differentiable simulation (DiffSim) has emerged as a pow-
erful tool to train controllers and predictors across differ-
ent domains like physics (Holl, Koltun, and Thuerey 2020),
graphics (Laine et al. 2020), and robotics (Hu et al. 2019; De-
grave et al. 2019). At its core, it is the ability to differentiate
through an environment’s dynamics, which in turn allows us
to embed the environment within a broader computational
graph. Training in such an end-to-end loop involves differ-
entiating both through the forward passes of any modules
involved, as well as the dynamics themselves.

An immediate application for this is policy learning, with
the corresponding method called Analytic Policy Gradi-
ents (APG) (Nachkov, Paudel, and Van Gool 2025). For
autonomous vehicle (AV) simulation, the dynamics repre-
sent the equations of motion that evolve a vehicle’s state
from one timestep to the next, under a specific action. To
learn an optimal policy, APG repeatedly rolls out a trajectory
from the current policy, and supervises it with a reference
expert one. During backpropagation gradients from the dif-
ference between each realized and expert state pass through
the dynamics, reach the policy and update its weights.
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Figure 1: Differentiable simulation for world modeling. Pre-
viously, differentiable simulation has been used to train con-
trollers using analytic policy gradients (bottom). Our contri-
bution is in applying it for learning relative odometry, state
planning, and inverse state estimation (top).

An important question is whether the applications of differ-
entiable simulation end with policy learning. A fundamental
task for any agent, especially a driving vehicle, is world mod-
eling – predicting different states of interest like next states,
desired states or counterfactual states. For a self-driving vehi-
cle such world modeling is crucial to assess the effects of its
actions as it navigates in densely populated scenarios. And
similar to control, predicting the world requires understand-
ing its dynamics, which is where world modeling connects
with differentiable simulation. Thus, in this work we are inter-
ested in designing an APG-style training setup not for policy
learning, but for world modeling. Our main claim is that dif-
ferentiable simulation allows us to efficiently obtain accurate
predictors for diverse world modeling tasks, whereas without
it, one would need to rely on costly trial-and-error search.

To understand the efficiency that DiffSim provides, we
consider first that in APG the gradients of the dynamics
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automatically guide the policy toward the optimal actions
that reproduce the expert states. There is no search involved,
it is all end-to-end, unlike when the environment is treated
as a black box, in which case the optimal actions have to be
learned through trial-and-error (Sutton et al. 1999). Second,
APG minimizes a training loss not in the action space, as
methods like behavior cloning do, but in the state space. This
allows any nonlinear effects in the dynamics to condition the
policy, causing it to learn more physically-consistent features.
We aim to capture these benefits in our world models.

There are different ways to understand the effect of one’s
actions. Fig. 1 shows our approach, which uses the differen-
tiability of the simulator to formulate three task setups related
to world modeling. First, the effect of an agent’s action could
be understood as the difference between the agent’s next state
and its current state. If a vehicle’s state consists of its position,
yaw, and velocity, then this setup has an odometric interpreta-
tion, asking the question “Where will the agent go?”. Second,
an agent could predict a desired next state to visit, which is a
form of state planning. It asks the question “Where should
it go?”. Third, we can ask “Given an action in a particular
state, what should that state be so this action is optimal?”,
which is another form of world modeling but also an inverse
problem, effectively asking the counterfactual “Where should
the agent have been?”. All these tasks can be solved using
trial-and-error approaches, as in RL, where the agent has
to explore and search. Yet, our DiffSim designs solve them
efficiently, without search, from direct supervision. Similar
to APG, we call the corresponding predictors Analytic World
Models (AWMs) to indicate they are trained using DiffSim
and a state is predicted, instead of an action.

We note that some world modeling tasks like simple next-
state prediction do not need a differentiable simulator to be
solved efficiently. These are tasks in which the prediction
targets come from the same policy as the one that was used
to collect the training transitions. For any other “off-policy”
tasks, DiffSim is invaluable, as we show in Sec. 3.

In our experiments we use the Waymax (Gulino et al. 2024)
autonomous driving simulator, which is fully differentiable,
vectorizable, functional in design, and GPU-accelerated. It
is also data-driven, as it replays scenarios from the realistic,
large-scale Waymo Open Motion Dataset (WOMD) (Ettinger
et al. 2021). Specifically, our AWMs are trained for the freely
controlled ego-vehicle, whose realized trajectories can de-
viate from the historical ones, while all other agents evolve
according to their historical motion in the dataset. The trained
agent can reason about the world dynamics with its AWMs,
is lightweight, with just over 6M parameters, and runs in
real-time. Training the AWMs is similarly cheap.

Our work covers diverse experimental settings. We aim
to highlight the breadth of the application of DiffSim and
to that end we purposefully provide separate, independent
experiments for the AWM tasks. At test time the agent only
has access to its learned modules. Our contributions are:

• We propose Analytic World Models (AWMs) – different
state predictors trained with differentiable simulation.

• We evaluate them in diverse settings, improving over rele-
vant baselines and previous works.

2 Related Work
Our work uses differentiable simulation for world modeling,
within an AV setting. We cover the relevant context below.

Differentiable simulation. Differentiable simulators have
grown in popularity because they allow one to solve ill-posed
inverse problems related to the dynamics. An object’s phys-
ical parameters like mass, friction, and elasticity could be
estimated directly from videos and real-world experiments
(de Avila Belbute-Peres et al. 2018; Murthy et al. 2020),
or simulations of soft material cutting could enable precise
calibration and policy learning (Heiden et al. 2021). Sim-
ulations can be parallelized across accelerators to enable
efficient scaling of problem and experiment sizes (Xu et al.
2022; Macklin 2022; Freeman et al. 2021). Within the field
of robotics, differentiable simulation is used extensively, es-
pecially for training robotic policies in physically-realistic
settings (Newbury et al. 2024; Lutter et al. 2021). The focus
has often been on object manipulation (Li et al. 2023b; Xu
et al. 2021) which requires having differentiable contact mod-
els for detecting collisions. The Analytic policy gradients
(APG) method has been used to train policies for trajectory
tracking and navigation in quadrotors and fixed-wing drones
(Wiedemann et al. 2023), quadruped locomotion (Song, Kim,
and Scaramuzza 2024), and for quadrotor control from visual
features (Heeg, Song, and Scaramuzza 2024).

Autonomous vehicles. For AVs simulators are crucial.
Photorealistic simulators (Dosovitskiy et al. 2017; Martinez
et al. 2017; Li et al. 2023a) have been used for visual control
(Codevilla et al. 2018; Zhang et al. 2019), with less focus
on differentiable motion ones (Lavington et al. 2024). Some
are differentiable but lack expert actions (Lavington et al.
2024), others are lacking acceleration support, crucial for
large scale training (Sun et al. 2022; Li et al. 2022; Vinitsky
et al. 2022). Waymax (Gulino et al. 2024) is a differentiable
data-driven simulator for vehicle motion. It allows one to
simulate trajectories instantiated from real driving scenarios
and compare them to the historical human drivers’ motion,
which are considered ground-truth. It also provides inverse
kinematics – computing the action that transfers the simulator
to a particular next state, which is valuable for our AWMs.

Baseline. The work most relevant to ours is Analytic Pol-
icy Gradients (APG) (Nachkov, Paudel, and Van Gool 2025).
It trains policies in a supervised manner, relying on the dif-
ferentiability of the Waymax simulator. The model selects
actions autoregressively from the observed agent locations,
roadgraph points, traffic lights, and goal heading. At training
time it learns to select those actions that would bring the sim-
ulated trajectory as close as possible to the expert trajectory.
Due to its RNN architecture, the derivatives of the dynamics
from each timestep mix with those of the RNN hidden state
and propagate backwards to the start of the trajectory. Our
goal is to generalize this approach to world modeling.

Model-based methods. Action-selection using world mod-
els (Schrittwieser et al. 2020; Ha and Schmidhuber 2018; Mo-
erland et al. 2023) is a common problem with two main ap-
proaches: model-predictive control (MPC) (Bertsekas 2012)
and Dyna-style imagination (Sutton 1991). With MPC (Ar-
royo et al. 2022; Romero, Song, and Scaramuzza 2024), one
starts with a random policy from which actions are sampled
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and evaluated. Then, the policy is repeatedly refit on only the
best trajectories, from which new trajectories are sampled.
Eventually, an aggregated action from the best trajectories is
selected and executed. Being closed-loop, this strategy is re-
peated at every timestep. To assess the possibility of using our
world models for action selection beyond reactive settings,
in Sec. 4.2 we perform an experiment where we adopt MPC
as the main action selection framework, while the learned
AWMs are used to predict and score the trajectories.

3 Method
Notation. We represent the current simulator state with st,
the current action with at, the log (= human expert = ground-
truth = reference) state with ŝt, the log action with ât. The
simulator is a function Sim : S×A → S , with Sim(st,at) =
st+1, where the set of all states is S and that of the actions
A. The mapping InvKin(st, st+1) = at is called inverse
kinematics and produces the action that transfers one state
into another. We denote policies as πθ and world models as
fϕ, with θ and ϕ representing their parameters.

Strategy. To understand how DiffSim unlocks the efficient
solving of diverse world modeling tasks we will show it is dif-
ficult to obtain similar predictors without DiffSim. Training
there needs to happen by collecting transitions to train on, and
obtaining the labels to supervise with. The main questions
are: (i) how will the action selection during training happen,
i.e. how to perform the rollout, and (ii) what variables do
we supervise with. We will show that without DiffSim, key
variables cannot be obtained, and hence one would need to
rely on trial-and-error training, which is sample-inefficient.

3.1 Preliminaries – APG

It is shown in (Nachkov, Paudel, and Van Gool 2025) that
a differentiable simulator can turn the unsupervised search
problem of optimal policy learning into a supervised one.
Here the policy πθ produces an action at from the current
state, which is executed in the environment to obtain the
next state st+1. Comparing it to the reference trajectory ŝt+1

produces a loss, whose gradient is backpropagated through
the simulator and back to the policy:

min
θ

∥∥∥Sim
(
st, πθ(st)

)
− ŝt+1

∥∥∥2
2
. (1)

The key gradient here is that of the next state with respect
to the current agent actions ∂st+1

∂at
. The loss is minimized

whenever the policy outputs an action equal to the inverse
kinematics InvKin(st, ŝt+1), which is also what the policy
implicitly learns. To obtain similar supervision without Diff-
Sim, one would need to supervise the policy with the inverse
kinematic actions, which are unavailable if the environment
is considered a black box. Hence, this is an inverse problem
that is not efficiently solvable without access to a known
environment, in this case to provide inverse kinematics.

Furthermore, DiffSim is beneficial in APG because the
loss in Eqn. 1 is applied in the state space, as opposed to the
action space. Fig. 2 shows schematically the effects of this.

Policy Simulator

= training with DiffSim
= training without DiffSim, e.g. behavior cloning

Action
distributions

Nonlinear
dynamics

Outcome
distributions

Figure 2: The benefits of differentiable simulation. Methods
that do not use DiffSim, e.g. behavior cloning, shown in
red, are trained to minimize a loss in the action space. If the
dynamics are nonlinear (here with a jump at the action ā),
the distribution of the outcome could be bad. DiffSim-based
methods (blue) minimize a loss directly in the outcome space
and the learned action distributions are tighter.

3.2 Relative Odometry
In this setting a world model fO

ϕ : S ×A → S predicts the
next state st+1 from the current state-action pair (st,at). A
differentiable simulator is not strictly needed to learn such
a predictor. One can obtain (st,at, st+1) tuples by rolling
out a policy and then supervising the predictions with the
next state st+1. However, this would not utilize the available
dynamics in any way. Hence we provide a formulation for
bringing the simulator into an end-to-end training loop:

min
ϕ

∥∥∥Sim−1
(
fO
ϕ (st,at),at

)
− st

∥∥∥2
2
. (2)

Here, the world model fO
ϕ takes (st,at) and returns a next-

state estimate s̃t+1. We then feed it into an inverse sim-
ulator Sim−1 which is a function with the property that
Sim−1(Sim(st,at),at) = st. This output is compared with
the current st. The loss is minimized when fO

ϕ predicts ex-
actly st+1, thus becoming a predictor of the next state, condi-
tional on the provided action at.

We implement the inverse simulator for the bicycle dynam-
ics in Waymax. They embody the most realistic nonlinear
vehicle motion available in the simulator. The velocities vx
and vy are tied to the yaw angle α of the agent through the
relationship vx = v cosα and vy = v sinα, where v is the
current speed. However, at the first simulation step, due to
WOMD being collected with noisy estimates of the agent
state parameters, the relationships between vx, vy, and α
do not hold. Thus, the inverse simulator produces incorrect
results for the first timestep.

For this reason, we change the design used in the experi-
ments to one that only requires access to a forward simulator:

min
ϕ

∥∥∥Sim
(
st+1 − fO

ϕ (st,at),at
)
− st+1

∥∥∥2
2
, (3)

where fO
ϕ predicts the relative state difference that executing

at will bring to the agent. One can verify that the loss is
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minimized if the prediction is equal to st+1−st. This can still
be interpreted as a world model where fO

ϕ learns to estimate
how an action would change its relative state. Since the time-
varying elements of the agent state consist of (x, y, vx, vy, α),
this world model has a clear relative odometric interpretation.
Learning such a predictor without a differentiable simulator
will prevent the gradients of the environment dynamics from
mixing with those of the network, which is suboptimal.

Inverse dynamics and inverse kinematics. Given tuples
(st,at, st+1), one can learn inverse dynamics (st+1,at) 7→
st and inverse kinematics (st, st+1) 7→ at without a dif-
ferentiable simulator (Pathak et al. 2017), but this is still
completely agnostic in terms of how the data was generated.
Formulations that involve the simulator are also possible. We
do not list them here because they are similar to Eqn. 3.

3.3 Optimal Planners
We call the mapping fP

ϕ : S → S with st 7→ st+1 − st
a planner because it plans out the next state to visit from
the current one. Unlike a policy, which selects an action
without explicitly knowing the next state, the planner does
not execute any actions. Until an action is executed, its output
is inconsequential. We consider the problem of learning an
optimal planner with respect to the expert trajectories. With
a differentiable simulator we can formulate the problem as:

min
ϕ

∥∥∥Sim
(
st, InvKin

(
st, st + fP

ϕ (st)
))

− ŝt+1

∥∥∥2
2
. (4)

Here, fP
ϕ predicts the next state to visit as an offset to the

current one. The action that reaches it is obtained using the
inverse kinematics. After executing that action we directly
supervise with the optimal next state. The gradient of the loss
goes through the simulator, the inverse kinematics, and finally
through the state planner network. Note that with a black box
environment we can still supervise the planner directly with
ŝt+1, but a black box does not provide any inverse kinematics,
hence there is no way to perform trajectory rollouts, unless
with a separate behavioral policy.

3.4 Inverse Optimal State Estimation
We now consider the following task “Given (st,at), find an
alternative state s̃t for the current timestep t where taking
action at will lead to an optimal next state ŝt+1”. This repre-
sents the counterfactual statement “Had the agent been in s̃t,
then the action at would have been optimal”. We formulate
the learning objective as

min
ϕ

∥∥∥Sim
(
st + f I

ϕ(st,at),at
)
− ŝt+1

∥∥∥2
2
, (5)

where f I
ϕ needs to estimate the effect of the action at and

predict a new state s̃t, relatively to the current state st, such
that after executing at in it, the agent reaches ŝt+1. The loss
is minimized if f I

ϕ predicts s̃t − st. The key gradient, as in
Eqns. 2, 3, and 4, is that of the next state with respect to
the current state. Given the design of the Waymax simulator,
these gradients are readily-available.

Consider solving this task with a black box environ-
ment. To do so, one would need to supervise the prediction

Type Predict Action
in Rollout

Supervise
with

APG Opt. action at From policy inv. kin.

AWM
Next state st+1 From policy st+1

Opt. next state From inv. kin. ŝt+1

Inv. opt. state From policy Sim−1

Table 1: Characteristics of learning inverse dynamics predic-
tors without DiffSim. A black box environment is missing the
computations highlighted in red and training without DiffSim
would require sample-inefficient search.

f I
ϕ(st,at) with some particular state s̃t − st, with s̃t being

unknown. By definition s̃t = Sim−1(ŝt+1,at), which is un-
obtainable since under a black box environment assumption,
Sim−1 is unavailable. Hence, this is another inverse problem
which is not efficiently solvable unless we are given more
information about the environment’s inverse function.

The utility of this task is in providing a confidence measure
to an action. If the prediction of f I

ϕ is close to 0, then the
agent is relatively certain that the action at is close to optimal.
Likewise, a large prediction from f I

ϕ indicates a belief that
the state st+1 after (st,at) will be far from the expert one.

Summary of DiffSim strengths. Table 1 summarizes how
training such predictors would work without DiffSim. It high-
lights that with a black box environment it is not possible to
explicitly obtain the target variables with which to supervise
the predictors. Therefore, one has to rely on exploration and
trial-and-error search. Conversely, the white-box nature of a
differentiable simulator allows us to (i) sidestep the trial-and-
error learning, unlocking efficient training, and (ii) incorpo-
rate the dynamics within an end-to-end training loop, which
helps predictors learn more physically-consistent features.

4 Experiments
To cover the range of applications of DiffSim, we provide a
comprehensive suite of experiments. We evaluate the four dif-
ferentiable simulation tasks separately in Sec. 4.1. In Sec. 4.2
we show joint evaluation based on model-predictive control.

AWM agent architecture. The inputs to the driving agent
include the locations of all other traffic participants, the near-
est roadgraph points, the traffic lights, the ego vehicle’s own
velocity, and any route features (heading angle towards desti-
nation, or final (x, y) waypoint) to mark the goal destination.
A scene encoder extracts features from all these modalities
and fuses them. A recurrent component evolves these state
features in time. The three AWMs and the policy are imple-
mented as four parallel heads on top of these features. They
do not share parameters (here indicated generically as θ and
ϕ). The policy is trained using Analytic Policy Gradients
(APG) and its collected data is used to train the AWMs. The
loss functions are Eqns. 1, 3, 4, and 5.

Metrics. To evaluate the quality of realized trajectories,
we compute the average (over timesteps) displacement error
(ADE) of a realized trajectory compared to the expert one.
A key aspect throughout the experiments is route condition-

24470



Model ADE ↓ overlap ↓ offroad ↓

DQN 9.8300 0.0650 0.0370
BC 3.6000 0.1120 0.1360
Wayformer 2.3800 0.1070 0.0790
APG (previous) 2.0083 0.0800 0.0282
APG (ours) 1.8121 0.0669 0.0263

Table 2: APG performance. The agent is conditioned on the
heading towards the final destination. Takeaway: our APG
implementation outperforms RL, behavior cloning, sequence
prediction methods, as well as the previous APG baseline.

ing. In some experiments we purposefully do not condition
the agent on any form of navigation and the action distri-
butions from the policy are expected to be wide, to cover
multiple reasonable trajectories. In those cases we realize
multiple trajectories and report the minimum ADE among
them (min ADE). This measures whether the learned policy
can cover any reasonable expert trajectory (Montali et al.
2024). Whenever route conditioning is used and the agent
knows the intended destination, we only realize a single tra-
jectory and report its ADE. We also report the minimum
overlap and offroad rates. They equal the proportion of sce-
narios in which at least one collision or offroad event occurs
within the trajectory of lowest ADE.

4.1 Evaluating the Analytic Predictors
Optimal control. For optimal control, we evaluate the policy
head of our driving agent. Table 2 shows that our trajectories
obtained from rolling out a policy trained with APG are
accurate. Compared to the previous APG baseline (Nachkov,
Paudel, and Van Gool 2025), our training procedure improves
ADE by 9%. Here the agent knows the heading towards the
final destination and all methods are directly comparable.
The standard deviation of the ADE across 5 random seeds is
3.7× 10−4, hence variability plays almost no role.

Our second optimal control experiment validates not
whether the agent can reach a specific destination, but
whether it can drive similar to a human without being pro-
vided with an intended destination (i.e. no route conditioning).
Here we realize multiple trajectories from the stochastic pol-
icy and report the best one. To improve performance we have
modified the baseline APG, which we now describe.

The baseline APG suffers from a Gaussian collapse be-
cause the policy, parametrized as a Gaussian mixture with
6 components, samples a particular action from across all
of them. This causes the individual Gaussians to eventually
stack on top of each other. Inspired by (Nayakanti et al. 2023)
instead, we sample the action from only that Gaussian, whose
mean will bring the agent closest to the next expert state. Dur-
ing training the gradients in the backward pass only reach
this component (winner-take-all), which completely prevents
the Gaussian mixture from losing its multimodality. Table 3
shows that as the number of trajectories rolled out increases,
the best one improves in performance. This is evidence that
the policy covers the expert trajectories well.

In this setting with no route conditioning, we can compare

Rollouts min
ADE ↓

min
overlap ↓

min
offroad ↓

1 3.5725 0.2229 0.1224
4 2.0225 0.1350 0.1130
16 1.3361 0.0956 0.1056
32 1.1414 0.0840 0.1030

Table 3: Retaining the multimodality of the policy. Takeaway:
with no route conditioning, the action distribution is wide.
The more trajectories we sample, the closer is one of them to
the historic one, which means the agent successfully learns
action distributions similar to the human expert’s.

APG
(ours)

Traffic
BotsV1.5 MVTE CogniBOT

v1.5 GUMP Behavior
GPT

1.141 1.883 1.677 1.883 1.604 1.415

Table 4: MinADE comparison with multi-agent methods.
All methods report the best of 32 modes. Ours is evaluated
only on the ego-agent. Takeaway: our APG implementation
is competitive to SOTA methods, though differences in the
experimental setup limit perfect comparison.

also to state-of-the-art methods from the Waymo Sim Agents
challenge (Montali et al. 2024), in Table 4. They predict on
all traffic participants – not only the ego-vehicle – which
is different from our single-agent setup. Nonetheless, we
find the comparison useful and our method very competitive.
TrafficBots (Zhang, Sakaridis, and Van Gool 2024), MVTE
(Wang, Zhao, and Yi 2023), CogniBOT, GUMP, and Be-
haviorGPT (Zhou et al. 2024) constitute strong transformer
models focused on architectural innovations. Compared to
them, our method has a simple recurrent architecture but
is trained using the differentiable dynamics. We leave the
adaptation of AWMs to multi-agent settings as future work.

Relative odometry. The odometry head is used to imag-
ine the locations obtained from a sequence of ego-actions.
Thus, to evaluate it, we measure how similar is the imagined
future to the real one. We first produce qualitative results that
demonstrate the odometric world model’s controllability. To
do so, we condition the agent’s behavior by fixing its actions
(instead of sampling them from the policy) to intentionally
commit to a turn over a long time frame. Concurrently, the
odometry predictor is used to autoregressively imagine the
next second (10 timesteps) of the planned motion, conditional
on these fixed actions. We judge the imagined trajectory to
be accurate if the imagination precisely aligns with the real-
ized trajectory. Fig. 3 shows examples. If we condition the
agent to turn left/right, accelerate/decelerate, the executed
trajectory follows this motion, but importantly, the imagined
trajectories for these action commands also represent similar
motion. This means that the agent can accurately imagine the
motion resulting from an action sequence.

Manually fixing the action sequence could easily lead to
out-of-distribution state-action trajectories, as in Fig 3. For
example, driving offroad, making sudden sharp U-turns, or
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Figure 3: Predictions from the relative odometry. We condition the ego-agent (blue) to go offroad, turn, or accelerate. The
imagined trajectories, shown as scattered colored circles, represent the imagined future locations of the ego-vehicle in the next 1
second, plotted in different colors at the times 1s, 2s, ..., 7s throughout the episode. They align with the actual realized trajectory,
which implies that the agent can imagine its future motion accurately. The ground truth historic trajectory is added for reference.

Figure 4: Trajectories obtained by using the optimal planner. They are realistic and resemble those from the policy. Training such
planners is possible due to the analytically available dynamics and inverse kinematics, to drive the action selection.

maximally accelerating can be considered rare events within
the expert distribution. The accurate alignment between the
imagined trajectory and the executed one shows that the net-
work learns to generalize effectively. For in-distribution se-
quences where actions come from the policy, and for shorter
future horizons, the odometry is accurate (see Table 5).

Optimal planners. The optimal planner has a prescriptive
role in that it predicts desired next states and the agent relies
on the simulator’s inverse kinematics to find the action that
reaches them. We evaluate the planner with a combination of
quantitative and qualitative metrics. Table 6 shows that ob-
taining an optimal planner using a differentiable environment
results in strong performance, improving over the baseline
APG method on all metrics. For simplicity, the planner is
deterministic and actions are chosen without any sampling.
When training begins, the resulting actions, obtained using
the inverse kinematics, have large magnitude. The default
inverse kinematics in Waymax clip them, which prevents

gradients from flowing back. Thus, we disable the action
clipping in the inverse kinematics only when training.

Fig. 4 shows qualitative trajectories. They are smooth and
realistic. When we condition the agent on the heading angle
to the target, but not the distance to it, errors are mostly
longitudinal and occur from over- and under-accelerating.
Some turns are sharper but still follow reasonable trajectories.

Inverse optimal state prediction. Finding a state in which
a given action is optimal, is an inverse task. To motivate the
setup for its evaluation, consider that if we start from an ex-
pert state ŝt and the selected action is optimal, at = ât, then
the state we seek has a displacement of 0 from the given state
ŝt. Thus, if we assume the given actions are similar to the
expert ones, the predicted displacement will indicate how far
the ego-vehicle is from the current expert state ŝt. The key
quantity we look at is the norm of the predicted displace-
ment ∥f I

ϕ(st,at)∥2. First we provide qualitative evaluation
of this norm in Fig. 5. The results are meaningful – as the
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Figure 5: Realized trajectory colored according to the log-
norm of the predicted inverse state displacements. Since the
ego-vehicle drives faster than the expert, the norm of the
optimal inverse state predictions gradually increases.

agent over-accelerates, the optimal historical trajectory starts
lagging behind the realized one. The predicted inverse state
displacement relative to the current state also increases.

The norm of the predicted displacement can also be used
as a confidence-based metric from which to select actions.
In Table 7 we evaluate a model-predictive control setting
(described next) where the agent selects those actions to
execute that have the lowest predicted inverse state norm.
Results show this setup is as accurate as when using the
distance to the next log-state, which validates that the inverse
state prediction can be used to select the right actions.

4.2 Model Predictive Control (MPC)
In the real world the agent can execute only one trajectory.
Yet, the world models allow it to imagine multiple trajec-
tories and select a single action refined from them. We use
model-predictive control (MPC) as an experiment in this di-
rection. At test time the agent uses the learned world model-
ing predictors to autoregressively imagine a number of future
trajectories and to score them (according to their inverse state
norms). The action to execute is obtained by aggregating the
first actions from the k-best trajectories. Importantly, this ap-

Future steps With DiffSim Without DiffSim

5 (0.5 sec) 0.1698 0.3100
10 (1 sec) 0.3475 0.7900
15 (1.5 sec) 0.5496 1.6200

Table 5: ADE [m] vs time horizon. We measure the in-
distribution (actions predicted by a trained policy) average
distance between the imagined trajectory and the realized
trajectory. Takeaway: the accuracy of the imagination scales
better with DiffSim, compared to without.

Setting ADE ↓ overlap ↓ offroad ↓

APG (previous) 2.0083 0.0800 0.0282
Planner, Sec. 3.3 1.8734 0.0719 0.0254

Table 6: Reactive evaluation of the planner. Our design out-
performs the previous APG method. Takeaway: our planner,
enabled by the corresponding AWM design, outperforms the
previous APG baseline.

Rewards ADE ↓ overlap ↓ offroad ↓

Negative distance
to next log state 1.8136 0.0645 0.0226

Positive distance
to next log state 1.8247 0.0649 0.0229

Negative norm
of inverse state 1.8138 0.0647 0.0218

Table 7: Using the inverse state predictions. Takeaway: pre-
dictions from the inverse state estimation (last row) can be as
useful as the explicit rewards for action selection.

Rollouts,
(top-k)

Future
steps

ADE ↓ overlap ↓ offroad ↓

1 (1) 1 3.5883 0.1842 0.0398
4 (1) 10 3.5975 0.1661 0.0348
8 (3) 10 3.4719 0.1760 0.0369
8 (3) 20 3.2179 0.1576 0.0329
12 (4) 10 3.5258 0.1783 0.0369
12 (4) 20 3.2486 0.1550 0.0318

Table 8: Model-predictive control at test time. Takeaway:
increasing the imagined rollouts improves results.

proach uses world modeling at test time to motivate the action
selection. It goes beyond simple reactive decision-making
because now the agent has to imagine the action’s outcome
and search for those actions with the best outcomes.

In Table 8 we condition on the expert heading. Increas-
ing the number of imagined trajectories (rollouts) and their
lengths (future steps) improves performance compared to the
reactive single-rollout case. Imagining 8 possible futures for
the next 1 second (at 10 timesteps per second) improves over
the reactive setting by about 10%. Thus, the world models
allow the agent to play out multiple imagined trajectories
and refine its actions from them, potentially leading to safer
model-based action selection.

5 Conclusion
We formulated three tasks that use differentiable simulation
for world modeling. The relative odometry is predictive. The
optimal planner is prescriptive (outputs a desired next state).
And The inverse optimal state allows for counterfactual es-
timation acting as a confidence metric for the agent’s own
actions. We evaluated the corresponding AWMs in diverse set-
tings and have shown that differentiable simulation unlocks
the efficient learning of diverse world modeling predictors.
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