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Predicting how a scene may evolve from partial observations requires reasoning about multiple possible futures
rather than committing to a single trajectory. Existing approaches either generate appearance-dominated video
predictions or sample a small number of trajectories without explicitly modeling the distribution of possible
motion. We introduce Goal-Aware Representations of Future kInEmatic Latent Distributions (GARFIELD),
a probabilistic model of scene kinematics that learns a structured spatio-temporal latent representation of
the distribution over possible futures given an image and optional spatio-temporally sparse constraints. The
same latent representation enables both joint sampling of all trajectories and direct access to the underlying
motion distribution through an efficient deterministic density decoder. As a result, uncertainty about future
motion can be localized to specific scene elements and timesteps and progressively refined through additional
constraints. Experiments demonstrate strong motion planning performance competitive with large video
generation models while sampling trajectories 97 x faster. Our method further estimates motion densities two
orders of magnitude faster than Monte-Carlo sampling from motion generation models, enabling interactive
exploration and uncertainty-aware planning.

Project Page: https://compvis.github.io/schroedingers_ cat
Code: https://github.com/CompVis/schroedingers_ cat
Accepted at ECCV 2026 @ mputer

sion

Constraints collapse the space of possibilities: Will the truck leave the roundabout?

: ) IIII

Possibilities over time

2607.25984v1 [cs.CV] 28 Jul 2026

Robotics Pedestrians Conscious agents Physics

arXiv

Figure 1: Schrodinger’s Cat: Given the initial scene context as an image and a set of spatio-temporally sparse constraints or goals
(%), GARFIELD encodes the space of possible motions. By sampling from this space, our approach is able to plan realistic motion
for conscious agents and inanimate objects, which we evaluate in applications such as robotics and trajectory prediction.
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1 Introduction

Our world is constantly unfolding and every moment carries multiple possible futures: the future is fundamentally
under-determined given the present due to stochasticity, free will, and other hidden factors. Acting in such environments
requires anticipating how a scene might change. In particular, we need to predict scene kinematics — how its constituents
may move — estimating the probability of what could possibly be rather than merely perceiving and tracking what
has already happened. Video models used as world simulators [4} 16 23] generate the future as sequences of images,
producing individual frames rather than explicitly modeling scene changes between frames. Much of their capacity
is spent modeling appearance details that do not affect scene kinematics, inducing unnecessary latency and limiting
exploration of possibilities. Modeling motion directly [10} [11} 42]] improves efficiency and focuses capacity on
kinematics, but existing approaches predict dense motion fields, wasting computational effort on static background
instead of targeting relevant scene elements. Moreover, generative motion models sample individual realizations rather
than predicting the probability of various potential outcomes, their distribution, and uncertainty.

We take inspiration from Schrodinger’s famous thought experiment: under limited observability, the state of a system is
represented as a distribution of possible states, which collapses as new observations become available. Analogously,
the key idea of Goal-Aware Representations of Future kInEmatic Latent Distributions (GARFIELD) is to represent
the future as a distribution over trajectories of scene constituents that can be progressively refined by incorporating
additional observations or constraints. Our encoder takes an image of a scene together with possible intermediate or
goal positions to produce a latent representation that encodes the distribution over possible future movements of scene
elements. More constraints consistently sharpen this distribution, providing users with effective interactive control.

This kinematics distribution must be localized to specific scene elements and timesteps, so that uncertainty can be
attributed correctly. We therefore learn a probabilistic embedding of scene kinematics using a joint motion encoder of
the entire scene that produces spatio-temporally localized latent variables. Training with a generative decoder ensures
that the representation captures the space of possible motions rather than a single trajectory. The structured latent space,
which allows inspecting possible motion of specific elements at specific times is enforced by training the encoder with a
point-wise decoder model. We propose efficient decoders which — based on the same latent representation — enable both
(1) joint trajectory sampling that captures interdependencies, as well as a (ii) deterministic density decoding that produces
probability heatmaps in a single ViT forward pass. The density decoder estimates densities and uncertainty orders of
magnitude faster than Monte-Carlo sampling, which is crucial for real-time planning and fast exploration of uncertainty.

We consider the task of motion planning: generating trajectories that satisfy sparse goals while respecting scene con-
straints. Prior work typically relies on conditioning signals such as goal images [[10], temporally dense trajectories [54]],
or text prompts [22} |54} [71]], which are either ambiguous or difficult to obtain. In contrast, we enable spatio-temporally
sparse conditioning, specifying constraints only for selected objects and timesteps while leaving the remaining motion
for the model to infer. Coupled with fast density estimation, this enables efficient exploration of possible futures and
uncertainty-aware motion planning with minimal user input.

Contributions: We learn a (i) structured probabilistic latent representation of motion (Sec. 3.1). The same latent
representation enables (ii) jointly sampling mutually consistent trajectories that respect provided constraints
and (iii) direct access to the underlying motion distribution via an efficient density decoder [Fig. 4). Our
model further supports (iv) flexible spatio-temporally sparse conditioning, allowing users to shape the distribution of
possible futures through sparse constraints (Fig. 3. As a result, Goal-Aware Representations of Future kInEmatic Latent
Distributions (GARFIELD) enable uncertainty-aware motion planning and interactive exploration of future possibilities

[Fig. 3c). Our approach samples full trajectories 97 faster than video world models and estimates

motion densities two orders of magnitude faster than Monte-Carlo sampling from motion prediction methods (Fig. 6b).

2 Related Work

Recently, video world models [4} 16} [13} 22} 23 162] [71]] based on diffusion transformers [44] have become the de facto
standard approach to predict future scene evolution. These models are typically conditioned on a start image, text, and
sometimes action classes, producing videos that depict future events in full pixel detail. They achieve impressive results
in robotics [67, [75], autonomous driving [[7, 164! [73]], and physical simulation [6, [13| 38]], but represent the future as a
sequence of images instead of focusing on dynamics. The motion in the generated pixels can be extracted and analyzed
post-hoc, but this approach adds additional overhead on top of the already expensive video synthesis.



Low-level temporal dynamics can be represented as dense optical flow [27}159] or sparse point tracks [29}74]], which
capture motion without modeling appearance. Recent methods such as Track2Act [10] and What Happens Next? [11]
apply diffusion transformers to generate point tracks for motion-centric tasks (e.g. robotic control). Similarly, Motion-
12V [54] generates optical flow from a start image, text prompt, and spatially sparse conditioning tracks. The sampled
flow then conditions a video generator to improve quality and control. However, these approaches rely on ambiguous
text [11}156]] or unavailable goal-state images [10]. In contrast, GARFIELD conditions on spatio-temporally sparse goal
states. Moreover, these methods predict motion on dense grids, wasting compute on mostly static background instead of
focusing on relevant scene elements.

In comparatively narrow application domains such as autonomous driving and pedestrian prediction, methods like
Social-LSTM [l1]], Social-GAN [21]], and Trajectron++ [51]] already focus on predicting motion only for relevant scene
elements. This highlights the practical value of element-centric modeling. However, these models are tailored to specific
domains and do not generalize to open-set motion prediction conditioned on arbitrary scene appearance.

Tracks and optical flow capture low-level motion but remain agnostic to semantics and constraints. Recent work
therefore explores richer motion representations, including training with VAEs [14]], normalizing flows [25], or self-
supervised representation learning [47, 158, 165]]. Motion Diffusion Autoencoders [48] further learn semantic motion
representations in closed-domain settings. However, most approaches focus on reconstruction or semantics and do
not model the stochasticity of future motion. Early works represented this stochasticity using probabilistic motion
primitives [43]], Bézier curve distributions [28], or Gaussian processes [30]. Recent diffusion models [9H11} 154! 56]
enable sampling possible futures but do not provide direct access to the underlying distribution, requiring expensive
Monte-Carlo sampling to estimate distributions. Motion Modes [42] improves exploration of this distribution through
guided sampling but remains limited by high inference cost. In contrast, GARFIELD provides access to a non-parametric
distribution over future positions in constant (O(1)) time.

The Flow Poke Transformer (FPT) [8]] made a significant step towards open-set, distribution-centric motion modeling by
predicting the parameters of a Gaussian Mixture Model (GMM) over future positions given a set of spatially sparse
known movements. However, the model is limited by the functional form of their output distribution, constraining the
output space to those possibilities that can be represented by a GMM. More importantly, their approach only predicts
distributions at one specific future timestep and does not account for scene evolution over multiple steps or allow
specifying intermediate goals.

We propose GARFIELD to train an open-set motion foundation model that encodes possible future positions of scene
elements given appearance cues and optionally sparsely known future goals. We further introduce decoder models that
provide access to the underlying non-parametric distribution without repeated sampling and probabilistic sampling of
future trajectories. Our general model can be applied to application domains either in a zero-shot setting or with minimal
fine-tuning, highlighting the advantages of scalable open-set pretraining.

3 Goal-Aware Representations of Future kinEmatic Latent Distributions

Predicting scene kinematics given a finite set of constraints or goals requires modeling the probability distribution over
many plausible futures. We represent one possible realization by the motion of scene elements i over time, described by
trajectories ¢ = (ti,t4,...), where ti € R? denotes the position of element i in the 2D image plane at timestep 7. The
distribution p(T') of possible futures, with 7' = {t.}, ;, can be narrowed and steered by conditioning on constraints or
goals. Analogously to the “Schrodinger’s Cat” thought experiment, additional constraints or observations collapse the
space of possible futures towards trajectories that match the conditioning.

Providing scene context by means of a start frame I and a sparse set of positions TcT through which certain
trajectories must pass reduces uncertainty by partially controlling scene movement through intermediate goals. Goal-
Aware Representations of Future kInEmatic Latent Distributions (GARFIELD) therefore aim to model the conditional
distribution p(T | I T) over the unknown trajectory points T = T'\ T. For brevity, we summarize the conditioning via
start frame and goal positions as C = (I, T).
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Figure 2: GARFIELD Architecture Overview. Given a set of constraints C, namely an image Z and kinematics T, our encoder produces

conditional latents {z% } representing distributions over possible future kinematics. These can be decoded into point estimates ¢% with
DZ, densities p(t%) with DY, and sets of kinematics 1" with Dy.

3.1 Learning the Distribution of Scene Kinematics

We learn a latent representation of the distribution of plausible scene kinematics given scene context and constraints C.
Our goal with GARFIELD is twofold: (i) to jointly sample trajectories of all scene elements, T' ~ p(T | C), and (ii)
to estimate the probability density p(t% | C) for the position of a scene element i at time 7. Modeling such point-wise
probability densities enables efficient parallel exploration of motion distributions across the spatio-temporal volume and
reveals how changes to C affect individual scene elements at specific points in time.

By annotating video data with an optical tracker [29}[74], we can harness a rich and scalable source of data for learning
and understanding scene kinematics. However, the videos and their track annotations are only one possible realization
T ~ p(T) of kinematics for the respective scene I. This leaves the distribution of possible kinematics out of reach and
thus there is no direct ground truth for p(T"). Generative modeling is an established way to capture a data distribution
without direct access to its underlying density function by learning from samples of that data distribution.

Current methods [9H111 54, 56]] can sample T with generative models which underlines the viability of learning scene
kinematics from video data. However, the ability to sample 7" does not equate to easily accessible densities p(t%|C). In
theory, the density function p(t%|C) can be approximated with Monte-Carlo estimation by drawing multiple realizations
of T'. In practice, reliable estimates require many samples and the expensive sampling procedure of generative models
renders this avenue infeasible.

Because both 7' ~ p(T'|C) and p(t%|C) are conditioned on the same C, we propose to learn a shared latent representation
which represents C and informs both sampling and density estimation. Density estimation p(¢% |C) needs to be spatio-
temporally localized. Thus, we factorize the latent

2= [4]., m

into separate z! components which each corresponds to a specific point-wise motion distribution p(¢%|C). This
representation is learned end-to-end with a joint encoder E,, which produces z, and a point-wise decoder DZJ which

samples track positions from the point-wise distribution . ~ D} (z}) ~ p(t%|C). We train E,, and D}, jointly to
enforce this point-wise structural property in z.

3.2 Sampling-free Density Estimation

Latent components z: represent the distribution of possible positions of scene elements 7 at time 7. Using the point-wise
decoder DZ} with N/ different initial noise seeds allows sampling Nj;¢ track points from the point-wise distribution



and thus enable a Monte-Carlo (MC) estimation of the outcome probabilities. However, this presents a trade-off:
accurate estimation requires many samples, leading to substantial computational overhead.

To circumvent this trade-off, we propose a deterministic density estimator DY for z¢ with GARFIELD. We define the
marginal probability density on a regular grid G = {1,...,g} x {1,...,9} withg € Nas

P (zl) =P(tL € By | 2L) X

which gives the probability that ¢% lies within the spatial region B, ,, corresponding to grid location (u,v) € G. We
interpret the grid G relative to the conditional image Z, such that each bin B,, ,, covers a patch within Z.

The density estimator then directly predicts the point-wise non-parametric distribution over the possible future motion
for scene element ¢ at timestep 7 given the known context C through z:

D{(z;) = {pS"(20)} wwyeg = p(t}|2%) =~ p(t;[C) ©)

We train the density estimator DY with a grid cross-entropy loss

['grid = - Z 1 [t}r € Bu,v} Ings;uw) (tfr|zi)7 (4)
(u,v)EG

where 1 [ti S Buw] is 1 if ti falls into bin B,, ,, and 0 otherwise, resulting in a one-hot target distribution.

Note that the density estimator also receives only the point-wise latent zi as input. Thus, DY is a decoder of the
distribution encoded in the latent representation, learned through generative pre-training. Instead of estimating densities
through Monte Carlo sampling, we decode them directly with a single ViT forward pass in less than 0.8 ms (s.
from the latent representation z’, enabling fast uncertainty estimation, uncertainty-aware planning, and interactive
exploration of these motion distributions.

3.3 Interactive Exploration of Possibilities

At inference, the density decoder D¢ provides access to the distribution p(¢% | C) in a single forward pass. This enables
uncertainty quantification with GARFIELD by measuring the Shannon entropy of the predicted distribution

H(ty)=— Y pbo(th]z) log piv) (1 |22). )
(u,v)€G

Thus, we can efficiently evaluate where future motion remains under-determined: high entropy indicates multiple
plausible futures, while low entropy corresponds to collapsed regions of the possibility space. This allows users to
identify and explore regions where the range of possibilities remains diverse, instead of wasting effort on collapsed
low-variance regions of the kinematics distribution.

The density estimator enables interactive visualization and exploration of possible futures in real-time with no need for
sampling multiple realizations from a generative model. Users can therefore explore possible futures and iteratively
modify the constraints C in a feedback loop, enabling interactive planning by guiding and narrowing the set of feasible
trajectories. Once the user is satisfied with the result, the latents z% can be decoded once into a full, coherent trajectory
realization with a generative model.

3.4 Sampling Coherent Realizations

For many downstream applications in motion planning, concrete trajectory realizations are required. Naively, GARFIELD
could infer trajectories from the point-wise decoder by factorizing the distribution of scene kinematics as

p 0~ [ [ |0). ©

However, if the space of possibilities is not fully collapsed and multimodal futures are possible, the point-wise decoder
cannot resolve mutual dependencies between points within and between trajectories. Thus, a sample for timestep 7



might be drawn from one mode while the next timestep’s sample 7 + 1 is drawn from another, resulting in temporally
incoherent trajectories. The alternative of resolving these dependencies via auto-regressive updates of C would entail
computational overhead and early greedy commitment to sampled points resulting in performance deterioration (Tab. D.3|
in supplementary materials).

Instead, we train a full decoder Dy as a joint generative model conditioned on the set of all latents, which learns to
sample

7~ Dy ({24}, ) = Dolz) = DulB,(0)) ~ (T’ | €) 0

using latents produced by the frozen encoder (Sec. 3.1)). By sampling trajectories jointly, GARFIELD’s full decoder
correctly handles inter-dependencies.

By learning structured latents (Eq. (T)) with a point-wise generative decoder described in[Sec. 3.1 GARFIELD enables
access to density estimates through[Eq. (3)|and can sample coherent trajectories from p(T | C) using|Eq. (7)

4 Experiments

Our experiments evaluate GARFIELD’s capabilities in goal-conditioned motion planning and its ability to predict
distributions over future kinematics. We further show our method’s usefulness as a foundation for downstream tasks.

41 General setup

Data. For training and evaluation we annotate videos with off-the-shelf trackers [[74] to obtain a pseudo-ground truth
for supervision and metric calculation. We train on a dataset of 20M 2242 px videos at 12 FPS that cover a wide range
of subjects. Comparisons are performed on public OpenVid-1M [40] while some ablation studies are performed on a
held-out validation set of the training data. We further evaluate on domain-specific data [12, 31} 45| 149|161 with either
human annotated trajectories or CoTracker3 [29] annotations following standard practice for application domains.

Implementation details. The encoder, full decoder, and density estimator of GARFIELD are implemented as
transformer networks [17, 44]. We extract image features using DINOv2R-B [15| 41]] and unfreeze DINO during
training. We use 3D Axial RoPE [57]], yet mask the starting position for the full decoder to avoid information leakage.
We use g =20 for the density grid and append an out of bounds token. To ensure smoothness of z: we apply a tanh
function and add Gaussian noise with o =1e-5 to z during training [52]]. The encoder adopts static camera conditioning
from FPT [8]]. be follows MAR [33] and is a 34M parameter MLP. More details are inin the appendix.

Training details. The GARFIELD encoder E, is trained for 450k steps with the point-wise generative decoder and a
linearly increasing goal sparsity T /T from 0.5 to 0.01 in the first 50k steps. The density estimator DY, and full decoder
Dy are trained for 150k and 200k steps while keeping the encoder E,, frozen. All training runs use a global batch size
of 256, AdamW with a learning rate of le-4 (except for the density decoder with 1e-5), and bfloat16 precision. We
generally model ¢ € {1...64} tracks across 7 € {1...32} timesteps.

Text  Num. PCK1T PCK1 Latency|
Method Free Goals EPE | @10% @1% FDE | [s]
g CogVideoX [71] X 0.027 0.952 0.466 0.032 178
2 LTX 22 X 0.025 0.960 0.464 0.033 39
. 4 0.055 0.864 0.150 0.060
g Motion-2VRA x 16 0033 0957 0263  0.037 132
2 Track2Act [10] 0.041 0.931 0.091 0.046 4.10
< 4 0.029 0.936 0.493 0.035
2 FPTId 16 0.026 0.943 0.523 0.032 0.60
>
L5)
4 0.020 0.973 0.544 0.026
GARFIELD (Ours) 16 0.013 0.989 0.666 0.017 0.40

Table 1: Comparison on Motion Planning. GARFIELD achieves strong motion planning performance in open-set domains with
reduced latency by modeling motion only for a subset of all scene elements and using spatio-temporally sparse goal conditioning.
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Figure 3: Impact of Goal Conditioning. GARFIELD is able to infer accurate motion in terms of (a) minEPE and (b) minFDE with
limited conditioning. (c) Selecting conditioning based on entropy yields faster collapse than an oracle or random selection.

Metrics. For open-set evaluation, we measure motion accuracy using positional errors normalized to [0, 1], where 1
corresponds to the image size. Our main metric is the endpoint error EPE = ||t — t¢||,, averaged over all trajectories i
and timesteps 7. We also report the percentage of correct keypoints PCKQa = E[EPE < o] with o € {10%, 1%}
relative to image size and the Final Distance Error (FDE), i.e., EPE at the final timestep. Calibration is evaluated using
the Energy Score (ES), a proper scoring rule for probabilistic predictions. Domain-specific evaluations follow standard
protocols from prior work. Appendix provides more metric details.

4.2 Open-set Motion Modeling

Motion Planning. We compare the GARFIELD full decoder to open-set baselines for motion planning on the public
OpenVid-1M [40] dataset. Models predict future motion from a start frame and sparse future constraints (text, goal
images, or positions depending on the method). Because multiple futures may satisfy the constraints, we generate five
samples per model and report the best. We evaluate both RGB video models and open-set trajectory models. For the
former, we use TI2V models [22,71]] conditioned on the start frame and OpenVid prompt informing the model about
temporal dynamics. Motion is extracted from generated videos using TapNext [[74]]. Motion-I2V [54] predicts optical
flow from spatially sparse trajectories and interpolates temporally sparse signals. We generally run Motion-12V with
default settings, we compare to other configurations in Appendix Track2Act [[10] generates trajectories on a
dense grid conditioned on start and goal RGB frames. FPT [8] predicts the distributions of changes between a start and
final timestep. To obtain full trajectories, we rerun FPT for multiple timesteps using only the spatio-temporally sparse
conditioning points GARFIELD observed.

shows GARFIELD achieves the best EPE, PCK, and FDE. Therefore, we are competitive with much larger and
orders-of-magnitude slower video generation models. We also outperform Track2Act, which relies on a dense final RGB
frame that is typically unavailable in open-set motion planning. Rerunning FPT for each timestep yields subpar results,
highlighting the importance of modeling temporal dependencies. Motion-I2V receives the same spatio-temporally
sparse points as GARFIELD and additional text prompts, yet performs worse and incurs higher latency, highlighting the
advantage of modeling motion only for relevant scene elements and not having to temporally interpolate conditioning.
Overall, GARFIELD provides state-of-the-art motion planning in open-set domains, which we attribute to explicit
motion modeling of relevant scene elements and spatio-temporally sparse conditioning that provides a more precise
control signal than text or RGB-based conditioning used in prior video [22} [71] and motion generation [10} 54] methods.

Goal Conditioning. [Figure 3| shows the impact of adding more sub-goals to the conditioning set C. GARFIELD is
able to perform more accurate trajectory planning when using very sparse information, i.e. limited future positional
information. GARFIELD, given only |T| = 4, matches Motion-I12V using |T| = 16 in EPE. Further, our approach is
competitive with FPT [8]] using only image conditioning and outperforms FPT consistently when using more than 2 goal
positions.

Qualitative Evaluation. We present qualitative samples from GARFIELD with only 7/T = 1% known trajectory
points on the left side of GARFIELD is able to predict complex trajectories for a range of objects and activities
given minimal future knowledge. shows qualitative comparisons to baselines in the Supplementary Materials.
The right side of shows that z* can encode multiple possible futures given the same constraints C. We show the
zoomed-in densities obtained from the GARFIELD density estimator DY as well as two samples from Dy for the same
latent representation, highlighting GARFIELD’s ability to capture the distribution of future outcomes.
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Figure 5: Distributions with minimal conditioning. Given |7'|=0, GARFIELD assumes a static scene. With |7'|=1 the model
captures motion but produces inaccurate object relations. With |T'|=2, GARFIELD remains uncertain only about exact speed.

demonstrates qualitatively that the estimated densities reflect GARFIELD’s improved motion understanding
with more conditioning. While the model predicts a mostly static scene without future positions, and fails to account for
object inter-dependencies with only one conditional position, it is able to infer complex motion distributions with as few
as two conditioning points.

Distributions. We aim to verify our encoded latent captures meaningful uncertainty about scene dynamics.
shows the energy score of our point-wise and full decoders. Compared to Motion-12V [54] and FPT (8] our approach
achieves superior energy score. Evaluating the density estimator D¢, we further compute a discretized energy score
(Appendix and find that the density estimator achieves superior discrete energy scores while speeding up
computation by two orders of magnitude. Additionally, shows that providing more conditioning tightens the
distributions. We provide further evaluation of calibration in in the supplementary materials.

Automated interactive conditioning. We consider how we should perform interventions to collapse the distribution
to the ground truth with minimal outside information (e.g. by prompting the user to provide further input). Using the

Method BridgeData [61] T RT1[12]
Flow 0.32 0.38
Track2Act [10] 0.77 0.75
GARFIELD (Ours)o-shot 0.76 0.77

Table 2: Robotic Planning. Given final goals GARFIELD can infer robot arm motion with similar quality to prior art without
finetuning. We extend [10]’s table.
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Figure 6: Evaluation of Distributions. GARFIELD achieves the best energy score. The density decoder DY, attains superior
discretized energy scores with orders-of-magnitude lower latency. Additional conditioning reduces entropy and variance.

GARFIELD density estimator we can quantify the model’s uncertainty in each track position using entropy (Eq. (5)). We
propose using entropy as an indicator for where to provide conditioning by finding the most uncertain trackpoint given
the current constraints. [Fig. 3c/compares our entropy-based conditioning to an oracle-based variant that has access to the
current EPE for each trackpoint and a random baseline. For automated evaluation, we insert ground-truth conditioning
at either the most uncertain, the highest-error, or a random trackpoint. While using the error oracle performs even
worse than random selection, we find that interactive entropy-based conditioning performs strongly. The entropy-based
conditioning matches oracle-based conditioning with only half the conditional information. Note that no oracle is
available in deployment while entropy-based conditioning selection does not rely on ground truth information. We
additionally evaluate the robustness of entropy-based conditioning w.r.t. noisy user input in Appedix

4.3 Application Domains

Robotics. Planning is commonly used to evaluate motion models [10} 42} [56} 66]. We compare GARFIELD following
the protocol from Track2Act [10] and sample trajectories for a robotic arm given start and goal states. While Track2Act
uses dense RGB for start and end states, we use readily available positional information. We follow Track2Act and report
area under the curve A = % Zle PCOK@g, where A = 10 is the highest PCK threshold in pixel units and S = 256
is the pixel resolution (more details: Appendix [Sec. C)).[Tab. 2| highlights GARFIELD is competitive with Track2Act
without training on robotics data. In comparison, Track2Act trains on splits from RT1 [[12] and BridgeData [61]. This
highlights fundamental understanding of motion and kinematics constraints learned by our model.

Pedestrian Trajectory Prediction. Pedestrian trajectory prediction important for autonomous driving and a long-
standing benchmark. We compare zero-shot and finetuned performance of GARFIELD. As we require RGB input, we
use only a subset of ETH/UCY. Further details are provided in Appendix shows our zero-shot performance
is competitive with established methods such as Social-LSTM [[1] even though we do not train for prediction. With
minimal finetuning (< 15k iterations) GARFIELD achieves performance comparable to Social-GAN [21]]. While we are
outperformed by more recent domain-specific methods, our results underscore the utility of our representations.

Method ETH [43] HOTEL [45] SDD [49]

ADE| FDE| ADE| FDE| ADE| FDE]

Social-LSTM (1] .09 235 079 176 57.00 31.20
Social-GAN [21] 081 152 072 161 2723 4144
Trajectron++ [51] 039 083 012 021 898 19.02
IDM [33] 041 062 015 025 746 13.83

GARFIELD (Ours) oshot ~ 1.09 1.79 0.41 0.71  36.77 49.86
GARFIELD (Ours) rr 0.84 1.44 0.29 0.56  19.92 3498

Table 3: Pedestrian trajectory prediction. Errors are reported in pixels w.r.t. the original video resolution for Stanford Drone and
meters for ETH/UCY. Baseline numbers are taken from IDM [35]. GARFIELD performs competitively.



Latent Latent EPE|  EPE(OOD) |

structure EPE| FDE] size % =1% % = 90%
Global 0479 0.482 16 0.012 0.009
Entangled 0.509 0.510 64 0.012 0.008
Ours 0.011 0.015 256 0.012 0.019

Table 4: Embeddings. Using non-disentangled representations yields performance degradation. Smaller embeddings achieve superior
performance in OOD settings. Evaluated on held-out validation set of training data.

4.4 Ablations

Entangled and Global Representations. The left side of shows training the point-wise decoder with a merged
global token or without enforcing structure yields substantially degraded performance and does not allow decoding into
accurate points. Intuitively, factorized z% encode p(tL | C) and can be seamlessly decoded by the point-wise decoder
and density estimator. In comparison, for non-localized embeddings the decoder has to identify relevant information by
itself, resulting in a substantially harder task for Dfp and DY . In comparison, our disentangled z enable high-quality
track predictions and estimation of point-wise densities.

Latent Dimensionality. further shows the performance on in-distribution samples (7' /T = 1% conditioning)
is almost independent of latent dimensionality. However, in OOD settings, e.g. when substantially more conditioning
(T/T = 90%) is given, smaller latents outperform larger variants, potentially due to over-adaptation. Unless noted
otherwise, we use a latent dimensionality of 64 as a balance with strong performance on both in-domain and OOD tasks.

Pretraining with other Decoders. compares pre-training the encoder E,, with the point-wise decoder DY, full
decoder Dy, or density decoder DY shows motion planning performance is similar between directly training
with the full decoder or first pretraining with a point-wise decoder. However, in [Fig. 7b|the density estimator fails to
produce high-quality uncertainty estimates when the encoder is pre-trained with the full decoder. Also, pretraining the
encoder with the density estimator and a grid Cross-Entropy objective from[Eq. (4)|leads to inferior performance of the
full and density decoder. We conclude that (1) the density decoder’s discretization limits the encoder’s learning signal
and (2) the density decoder DY struggles to interpret entangled latents learned by pretraining the encoder with the full
decoder Dy similar to Thus, pretraining the encoder with our point-wise decoder be preserves both strong full

trajectory sampling with a second stage decoder Dy and interpretability of z¢ for the density decoder DY.

Full vs. Point-wise Decoder. Our point-wise decoder be is able to infer the positions of scene elements at a specific
timestep given a latent z'. Full trajectories can be reconstructed from independent point-wise estimates. However,
in case of multi-modal uncertainty, independent point-wise estimation breaks down as samples per timestep can be
assigned to different modes. The full decoder Dy resolves these inter-dependencies. [Tab. 5] verifies this assumption: in
uncertain cases with limited C the full decoder produces higher quality estimates, while the point-wise model performs
competitively when the distribution is collapsed.

> ]
Te ° — PW Gen (Ours)
i e e 0.05 A
1 e ¢ g 1 — CE Density
- O 4
5 0.020 1 — PW Gen (Ours) @ 0.04 ] Full Gen
w 1A - CE Density @ T
%0015 4 \\ Full Gen 2 ] ‘o..\.
.015 1 - w 1 o~
] _— \A\ 3 0,03-: o-.§.:: :
LA LA B e AL s T a L L T T T
0 2 8 16 012 4 8 16
Number of conditioning points |7A'| Number of conditioning points |f'|
(a): Full Decoder (b): Density Estimator

Figure 7: Comparison of Training Protocol. We compare our pretraining with a point-wise generative decoder be (PW Gen)
to training the encoder with the full decoder Dy (Full Gen) or the deterministic density estimator DY, (CE Density). The former
achieves comparable track prediction performance but fails for density decoding, while the latter fails to produce a representation that
can be used for motion planning. Evalauted on held-out validation set of training data.
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Decoder \f| EPE| FDE]

Component  Latency [ms]

Pointwi 0.035 0.060
o 0.026  0.047 Encoder E,, 3.0
v 16 0014 0.024 Density D, 0.8

Full samole 2 0023 0029 Point-wise D, 37.0

unsampie 4 0019 0.024 Full Dy 330.4

Dy

16 0.013 0.017 . .
Table 6: Latency. The density decoder predicts heatmaps faster

Table 5: Point-wise vs. Full Decoder. Given limited constraints than either generative decoder produces a sample.
the full decoder outperforms the point-wise model.

Grid Resolution. Intuitively, higher g balance fine-granular density estimates with compute cost. shows this
trade-off empirically. As g influences the value range of the discrete energy score, we keep g = 20 fixed for all other
evaluations and additionally report results with normalized grids (g = 40) for the ablation.

Alignment of Direct and MC Densities. The density decoder DY, point-wise decoder D¥,, and full decoder Dy decode
the same latents. Thus, heatmaps from DY should align with MC density estimates from Dy and DZ). confirms

this: both decoders achieve lower Jensen—Shannon divergence and Wasserstein distance to DY, than 1-hot ground-truth
heatmaps or baseline samples.

Component Latency. shows runtimes for our individual components. The density estimator is able to decode a
non-parametric distribution faster than either the point-wise or full decoder can produce a single example.

5 Conclusion

Reasoning about partially observable and uncertain environments requires modeling not only what will happen, but
what could happen. We presented GARFIELD, a model that represents the space of possible scene kinematics through a
structured probabilistic latent representation learned with a joint motion encoder and a point-wise diffusion decoder.

Conditioned on sparse goal positions, this representation captures the distribution of plausible future motions and
progressively sharpens as additional constraints become available. From the same latent representation, we obtain both
coherent trajectory samples and probability densities over future positions through an efficient deterministic density
decoder. These densities provide direct access to uncertainty about where scene elements may appear, thus letting
users identify underdetermined future regions and refine them through sparse conditioning. This enables interactive
exploration and motion planning with minimal user intervention.

GARFIELD learns an open-set motion representation that performs competitively with large video models at substantially
lower latency. The learned distributions collapse as additional information is given and transfer to downstream tasks
such as robotic planning and pedestrian trajectory prediction. More broadly, we view GARFIELD as a step toward
models that reason about the space of possible futures rather than single outcomes, enabling interpretable, controllable,
and efficient probabilistic modeling of scene evolution.

- norm._— 102 Grid == 20%Grid — 307 Grid_— 407 Grid N =1hot GT _-Uniform =FPT (100 MC) =M-I2V (10MC) =GARFIELD (full) (100 MC) = GARFIELD (point) (100 MC)
g - 06]e g 0101
33 = o | &
?ﬂ 0.06 o ) ° % 0\ % o0
& S ]  —— A H
2 g 0.4 . |5 0-05 7] o005
= 0.04 1 &2 . & °|g :
e ® 1o i - mé — 4 °
g D S 027 ¢——, 2 H
A T T T T T 5 ! | ! ! 1z 0001
002 003 004 005 006 0 1 2 3 4 0 1 N 3. 4
Latency (ms) Number of conditioning points |T| Number of conditioning points |T|

Figure 8: Grid size ablation. Grid size  Figure 9: Alignment of MC samples and densities. (left) MC samples from Dy and
g trades quality for latency. Evaluated on DZ} best match DY, in Jensen-Shannon divergence. (right) Their MC heatmaps also

held-out validation split of training data. achieve the lowest Wasserstein Distance to DY,.
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Parameter Encoder Pointwise Decoder Full Decoder Density Estimator
Depth 24 3 28 12
Width 1024 1024 1152 768
Normalization RMSNorm [72] LayerNorm [5] RMSNorm [72] RMSNorm [72]
FFN expand factor 3 3 3
Activation SwiGLU [53] GELU [24] SwiGLU [353] SwiGLU [353]

Positional Encoding
Static Scene Conditioning

3D RoPE [261157]

AdaLN [441[70]

3D RoPE [26157]

2D RoPE [261157]

Latent Conditioning AdaLN [441[70] In-Context In-Context
Image Encoder DINOvV2R-B [15/141]

Batch size 256

Optimizer AdamW [37]

Learning rate le—4 le—4 le—4 le—5
LR schedule Linear + Constant

LR schedule steps 300 Linear warmup steps

Betas (0.9,0.95)

Conditioning sparsity 1% conditioning

Sparsity schedule Linear from 50% + Constant Constant
Sparsity schedule steps 50k Linear warmup steps

Training steps 450k 200k 150k
Precision bfloat16

Trainable Parameters 510M 34M 522M 97M
GPUs 16 Nvidia H200

Training Time 4 days 1 day 1 day
Dataset Open-Set Videos

Number of clips 20M

Tracker TapNext [74]

Tracker Position Seeding 1024 random positions

Position Scale [0,1]

Image size 224 x 224

Table A.1: Hyperparameters. We summarize GARFIELD and training configurations for all components of our method below.

A Implementation Details

Hyperparameters. The hyperparameters for all GARFIELD models used in evaluations and for qualitative results are
summarized in[Tab. A.T] We train the encoder model with the pointwise decoder for a total of 450k steps using the
AdamW [37] optimizer with a linear learning rate warm-up of 300 steps and a final constant learning rate of 0.0001. We
use a global batch size of 256 for all training runs. During encoder training, we start with T'/T = 50% known positions
and linearly decrease the amount of future knowledge to T /T = 1% over the first 50k training iterations. We find that
this curriculum w.r.t. conditional sparsity results in better adherence to conditionings, while starting from more than
T /T = 50% known positions results in training instabilities. The full decoder and density estimator are trained with a
frozen encoder model using the same batch size, optimizer, and learning rate. We keep conditioning sparsity constant
for decoder training and train these models for 150k (density decoder) and 200k (full decoder) iterations. All training is
performed with bfloat16 precision and parallelized across 16 Nvidia H200 GPUs for efficiency.

Starting from 20M video clips with high variety, we apply TapNext [[/4] to obtain our training data. The tracker is seeded
with random space-time positions. During training, we apply a visibility filter to ensure all points our model observes
are visible in the first frame I. We further utilize the tracker’s predicted certainty to ensure high-quality tracks for
training. We normalize positions w.r.t. the image size, such that visible tracks are in [0, 1] range. Start frames are resized
to 224 x 224 resolution before obtaining image features from the pre-trained foundational image feature extractor [S5],
which is finetuned during encoder training.

For tokenization, known conditional track positions T are encoded as Fourier features, while unknown track positions
are replaced with a learnable query token. For known positions, we concatenate image features from the corresponding
position. Further, the encoder performs cross-attention to all image features. The resulting token sequence is passed to
the encoder’s transformer which is 24 layers deep and has a width of 1024. The encoder produces latents for all known
and unknown positions. While we supervise all positions, we neglect conditional positions for evaluation. Encoder
transformer tokens are finally downprojected to a fixed latent dimensionality of 64, and a tanh function is applied
to obtain the final latent representation. We further add a small noise perturbation during training to ensure a locally
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smooth latent space [52]]. We use standard Llama-style transformers with RMSNorm [72], SwiGLU [53]] activations, and
RoPE [57] positional embeddings. The point-wise decoder is a three layer MLP with a width of 1024, using GELU [24]
activations, and LayerNorm [3]. The point-wise decoder receives a noisy version of the sampled point as input and
is conditioned on the diffusion timestep and latent via adaptive normalization [44} [70]. A final layer downprojects
the hidden dimensionality to the point dimensionality. The full decoder is implemented as a DiT [44] with a similar
architecture to the encoder. It is conditioned on the diffusion timestep via adaptive normalization, and conditioned on
the full set of encoder latents by concatenation of noisy inputs and corresponding latent representations. The transformer
tokens are finally downprojected to the data dimensionality. The density estimator is implemented as an S-sized ViT [17/]
with a depth of 12 and width of 768. It is conditioned on a single latent by prepending the latent to the sequence of grid
tokens. These grid tokens are initialized as Fourier embedded grid positions. We further add a learnable query token for
out of bounds positions. The density decoder transformer tokens are ultimately downprojected to a dimensionality of
one for each grid cell and the out of bounds position, providing cross-entropy logits.

We pre-train the encoder and pointwise decoder with a point-wise flow matching objective (Eq. (B.5)). The full decoder
is trained with a flow matching objective over all track positions. The density estimator is trained with a grid Cross
Entropy loss (Eq. (4)). We do not enforce any attention masks in the encoder or decoder models and thus provide the
model with the ability to leverage information about known parts of the future and track interdependencies for other
track positions.

Conditioning. We condition decoders on encoder latents in different ways. For the full decoder Dy each trackpoint
t! corresponds to exactly one specific processed token in the DiT and latent component z:. Hence, we enforce this
structure by using in-context conditioning, concatenating noisy DiT inputs with corresponding latents before passing
tokens to DiT layers.

For the pointwise decoder MLP D? , the conditioning signal is much stronger and easier to interpret, because it only
receives a single latent z% to denoise a single trackpoint ¢, Thus, we resort to realizing the conditioning mechanism
with adaptive normalization [44) [70]. We linearly project the latent with a learned matrix Z! = proj,(z) and add
projected latents to embeddings of the diffusion timestep . The combined conditioning ¢ = proj.({Z%, k}) is then
used to compute scale v(c) and shift 8(c) with learned linear projections. We then modify the standard normalization
and compute

AdaNorm(z,v(c), 8(c)) = v(c)Norm(z) + B(c). (A.D)
We apply adaptive normalization before each MLP layer, conditioning each non-linear projection on the latent.

Similarly to the pointwise model, the density estimator DY processes only a single latent z% corresponding to a single
trackpoint ¢2. Yet, similar to the full decoder, the density estimator processes a sequence of tokens enabling stronger
conditioning. However, the density estimator is not a generative diffusion model, but a deterministic network. We opt
for a variant of in-context conditioning where the latent z? is projected to the model dimensionality Z! = proj,.,,.(z%)
and prepended to the sequence of tokens corresponding to grid cells. Thus, the density estimator can utilize latent
information via self-attention without the additional complexity introduced by cross-attention or adaptive normalizations.

Positional Embedding for Motion Modeling. We use 3D Axial RoPE [26, 57] for positional embedding in our
Transformer models. However, we repurpose the spatial components of 3D RoPE to mitigate information leakage and
foster trajectory coherence. Thus, for our encoder model, we use ground truth timestep information, anchoring each grid
latent to a specific timepoint, yet we use only the ground truth position for the first timestep 7 = 0 for spatial positioning.
We assume that the position at 7 = 0 is available through observation, while future positions are generally unknown.
Thus, the input to RoPE for each token is a position pos given by

pos = (1'7-:07 Yr=0, 7-)7 (Az)

which informs the token about its spatial origin and temporal position. Note that each point ¢ on the trajectory ¢* for
scene element ¢ shares the same 2D start position (z,—, ¥r=0), thus enabling the model to identify which points lie on
the same trajectory.

Image tokens use the same coordinate system as spatial trajectory positions and are thus positionally embedded with
the same positional embedding, setting 7 = 0. This eases the cross-attention of trajectory tokens to the corresponding
image regions by aligning their rotation.

For the full decoder, we further prevent information leakage by choosing random positions Z—o, §-—o ~ [0, 1] while
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still using true temporal information 7. Thus, we retain the ability to infer which points lie on the same trajectory
through shared spatial positions, yet true start positions have to be obtained from the latents, preventing any information
leakage. The density estimator uses standard 2D Axial RoPE to embed positions of grid cells, while the point-wise
decoder model does not require any positional embedding.

Static Camera Conditioning. We reuse the static camera detection from FPT [§]]. Thus, we consider the camera to be
static if less than a fraction « of all movements in the scene exhibit motion magnitudes greater than m,

N H-1

) 1
staticq,m Zm Z Z 1Hti+1*tf—‘|2>m <a
i=0 7=0
(A.3)
1, ifc
where, 1, = .
0, otherwise

where NNV is the number of trajectories and H is the time horizon. We manually tune o = 0.45 and m = 0.0002 on our
training dataset, maximizing the F'1 score of correct detections on 100 manually labeled training clips with TapNext
annotations. We then embed ¢ = emb(static) and apply Adaptive Normalization [44] [70] defined in in
the encoder, where scale y(c) and shift 5(c) are determined by projections of the static camera embedding ¢, thus
(v(¢), B(c)) = proj(c). This enables training on mixed data with both moving and static cameras, while fixing the
camera for interpretable inference results. Therefore, the latent embedding encodes the information as to whether the
scene has a static or moving camera.

Robotics planning data processing. To match Track2Act’s dense motion prediction, we select the 256 tracks with the
highest motion magnitude per video sample to evaluate our method and dismiss the rest as static background. Because
our model is trained with ¢ € {1...64} tracks (s. , we split the 256 tracks into 4 disjoint subsets of 64 tracks
which serve as the GT for our evaluation.

B General Flow Matching

Generative models aim to produce samples from an unknown data distribution. We build upon the framework of flow
matching [2} 31134} 136]], which demonstrated strong mode coverage and high sample quality in complex domains such as
image and video generation [19} 39} 46, 50].

Flow matching generates samples from a data distribution by transferring samples from a simple prior distribution
Xg ~ po to samples from the data distribution x; ~ p;. This transformation is defined through a continuous time-
dependent process x, = a,X1 + 0xXg, Where a,; and o, are functions that control the interpolation process over
diffusion time x € [0, 1]. Training a model to predict the velocity field

d
V(Xps K) = o2 = QX1 + GrXo (B.4)

dk
allows sampling from the data distribution by numerically integrating this process over diffusion time.

We train vy (x;, ) using the standard flow matching loss
£o(6) = / E[[[vo (X ) — (dinX1 + G%0) 2] di. (B.5)

We use the Rectified Flow interpolant [36] defined by o, = k and o, = (1 — k).

The density of the data distribution p; can be estimated via Monte Carlo (MC) sampling by generating N;¢c samples
from the model starting from different prior samples. In theory, this estimate converges to the true density as Ny;o — o0.
However, in practice, accurate density estimation remains prohibitively expensive for large models.
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C Metric Details

End-Point Error. We measure the end-point error (EPE) as the average distance from predicted to ground truth
trajectories. Consider a set of trajectories 7 = {#, } for IV scene elements i and H timesteps 7. Given a prediction
= {¢* } the endpoint error for this example is computed as

N H-1
EPE(T,T) Z Z de, (C.6)
=0 7=0

where ‘ 4 ‘

dy = ||t =253 (o)
For a fair comparison, we evaluate EPE only for predicted trajectory points T=T\ T and ignore conditional positions
T.

As multiple futures may align with the same constraints, we compute an ensemble of predictions £ = {Tn} for
n € [1, Np¢] and take the minimum value

minEPE(T, E) = min EPE(T, T). (C.8)
TcE

Thus, each method has the opportunity to make a range of possible predictions. Note that minEPE is equivalent to
the commonly used minADE metric. Unless noted otherwise, EPE refers to minEPE averaged over multiple scenes,
simplifying notation for the sake of readability. For pedestrian trajectory prediction evaluations on ETH/UCY in
we follow standard practice and average minADE over observed agents instead of scenes.

Final Distance Error. Following standard practice, we additionally report the Final Distance Error (FDE), the L2-
distance between predicted and ground truth final positions. Therefore, for trajectories 7" = {ti} for N scene elements i
and H timesteps 7 the FDE is given by the average error of predicted trajectories T = {£'} at the last timestep H — 1:

FDE(T, T) =N Z”tH 1tz (C.9)

Similar to EPE, we report FDE only for predicted trajectory points T' = T\ T and use the minimum FDE over an
ensemble of predictions averaged over multiple scenes. For ETH/UCY we again average over agents instead of scenes,
following common practice.

Percentage of Correct Keypoints. We report the Percentage of Correct Keypoints (PCK) as an accuracy metric for
trajectory prediction given pre-defined thresholds. Given trajectories 7' = {ti} for N scene elements i and H timesteps
7 as well as predictions 7' = {# }, we first compute the per-trackpoint distances D = {d-} (s. . Then, for
threshold « the PCKQq is given by

H-1 N

PCK@Qa(D) = PCKQa({d'}) = NZZ%@

7=0i=0 (C.10)
1, ifc

where, 1, = .
0, otherwise.

Therefore, PCKQa measures the fraction of predictions that land with-in a distance « of the round truth.

We define « relative to the image size and report PCK@10% and PCK@1% only for the predicted points, ignoring
the points provided as conditional information. We again average PCK values over multiple scenes and take the best
prediction from an ensemble of [V, samples by taking the maximum.

Area Under the Curve. For our robotic planning evaluation we follow Track2Act [[10] and report the area under the
curve over PCK thresholds. Effectively, we estimate the integral over PCK (s. [Eq. (C.10)) with a sum over ten «
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thresholds:
1 A a A a
= = PCKQ@— (D) ~ PCK@—(D)d C.11
Aa§_1305<>/ocs<>a, 1)

where D are L2-distances between track points, A = 10 is the highest threshold in pixel units and S = 256 is the pixel
resolution such that 0.39 % < a < 3,91 %.

Energy Score. [20] (ES) is a proper scoring rule for evaluating probabilistic forecasts of multivariate variables. Given a
predictive distribution P over X € R and an observed value y the energy score is computed as

1
ES(P,y) = Ex~p[IX = yl] = Exxnp[1X = X'[]. (C.12)

The first term measures the expected distance of samples from the distribution to the observation, while the second
term rewards diversity in the predictive distribution. Therefore, ES balances closeness to the observation with internal
diversity. Lower values indicate more calibrated predictions.

If the distribution P is represented by an ensemble of Ny individual samples {z1, ...,z y,,. } the expectations can
be approximated empirically, yielding the ensemble energy score

Nye Nye Nuco

ES<y’ {xn}NMc) _ Z” ool = 5y SN e — al. (C.13)

n=1 m=1

Note that, if the ensemble is overly dispersed, the second term reduces the score less than the first term increases,
penalizing underconfident predictions.

Discrete Energy Score. To evaluate calibration of a discretized probability distribution over a grid, we interpret each
grid cell as a position by taking the grid cell center normalized to the full image size and ignore out-of-bounds positions.
Therefore, the discretized probability distribution is interpreted as a distribution over g x g positions s, , € [0, 1]* with
grid indices u, v € {1, ..., g}. The probability P(X = s, ,) is given by the discrete probability p,, ,, assigned to the
grid cell (u,v).

With this, the multivariate energy score for this distribution can be computed exactly (i.e. without the need for empirical
ensemble approximation) as

ES(

g
Zpu,v ||Su,v - y||2

v=

g g g g
Z Z Z Z Pu,vPu’ v’ Hsu,v — Su/ v’ ||2

u=lv=1lu'=1v'=1

M@

—

u

(C.14)

I
w\»—‘ =

Note that discretization introduces different value ranges compared to the continuous energy score. However, discrete
energy scores for ensemble-based methods can be computed by counting the relative frequencies of samples landing in
grid cell regions and normalizing the resulting probabilities so that Y 7 _, >Y_| p,, , = 1. Thus, discretization enables
comparison of ensemble-based methods and methods that directly produce non-parametric probability heatmaps.

Latency. Latency measurements are performed on a single Nvidia H200 GPU with a batch size of one and reported
only for computing a single realization, not the full ensemble. We warm-up model runs before computing latency
measurements and use compilation where possible. For fairness, the time for embedding the start frame is also included
in the latency measurement. We use the pipelines in diffusers [60, 68] for LTX [22]] and CogVideoX [71] and the official
repositories for Motion-12V [54], Track2Act [10], and FPT [8]]. Note that for FPT we use two auto-regressive loops,
resulting in increased latency: auto-regressive updates of the conditioning pokes to achieve consistent predictions, and
independent sampling of each timestep to obtain full tracks instead of single-step estimates.
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Conditioning Prediction

Method Independent  Localized  Allows  Spatially Temporally Sampling-free
of appearance motion sub-goals sparse dense uncertainty

Track2Act [10] X X X X

Motion-12V [54])/

Motion Modes [42] X X

FPT [8] X X

What happens next [11] X X X X

GARFIELD (Ours)

Table C.2: Conceptual comparison. Unlike related approaches, we aim to model the distribution of motion densely over time with
spatially sparse trajectories while also allowing single-NFE uncertainty estimation without expensive diffusion sampling.

D Conceptual Differences to Prior Motion Models

For clarification, we elaborate on conceptual differences between GARFIELD and previous open-set probabilistic
motion models. We provide an argumentation, explaining the advantages of our formulation, for each difference. We
separate differences in conditioning the predicted motion (i.e. inputs) from differences in what is predicted (i.e. outputs).

summarizes our comparison.

D.1 Conditioning

Future Appearance Independence. Prior methods such as Track2Act [[10] condition on the appearance of the expected
result. They require not only a start frame from the present but also a goal frame from the end in full RGB detail. We
argue (i) while appearance differences include all information necessary for motion planning, the information about goals
is not directly accessible to the motion model, (ii) goals in the form of images contain spurious additional information
that should not influence motion planning (e.g. lighting), (iii) information about the final appearance of a system is
often hard to obtain, while positions can be more easily provided by users, and (iv) while changes in positions can be
inferred from start and goal images by estimating semantic correspondances, inferring RGB details from a start frame
and changes in positions is non-trivial, highlighting the increased generality of GARFIELD over appearance-based
conditioning. Thus, we opt for appearance-free conditioning based only on positional information.

Localized Conditioning. Textual descriptions used by What happens next? [11] and goal images [10] can inform
the model about the future. Yet, text is inherently coarse and ambiguous whereas full images are overly detailed.
Thus, for both input modalities models require additional capacity to extract localized information about which scene
element should move where. In comparison, we directly provide localized goals associated with specific scene elements,
focussing modeling capacity on actual trajectory planning instead of goal understanding.

Sub-Goal Conditioning. In addition, prior approaches such as Track2Act [[10] and FPT [8] only condition the final goal
positions. GARFIELD additionally enables specification of sub-goals that should be passed on the way to the final goal.
By enabling spatially and temporally sparse, yet arbitrarily distributed conditioning on future positions, our conditioning
is maximally flexible. This enables users to provide exactly the information and assumptions about the future they have
available and feel confident about, if any.

D.2 Prediction

Spatially Sparse Motion. Most prior open-set motion models such as Track2Act [10], What happens next? [11]], and
Motion-12V [42}154] predict the future evolution of the scene densely. They predict either optical flow [42,154] or point tra-
jectories with points sampled on a dense grid [[10L|11]]. Inspired by canonical baselines in closed-domain trajectory predic-
tion [1,121}51]] and the more recent open-set FPT [8] we argue (i) modeling motion for a spatially sparse subset of relevant
points is sufficient to obtain meaningful estimates of the future. Additionally, (ii) modeling motion for spatially sparse
points is computationally cheaper, as we focus on what is important instead of wasting effort to model static scene ele-
ments.
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Method Goals EPE | Latency |

. 4 0076

AR (D’) 6 oos T4
4 0014

GARFIELD (Ours) Dy« o' 040

Table D.3: AR vs. joint. Joint prediction achieves better trajectory quality and lower latency than AR rollouts. Evaluated on held-out
validation set of training data.

We empirically find that in open-set scenes a large portion of trajectories is static and
visualize a motion histogram in Further, sampling motion on a grid similar to
the one used by What happens next? [11] incurs a 10x latency increase with our model.
Therefore, focusing on salient, moving, off-grid scene elements allows substantially
faster inference.

wied7.8%
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Temporally Dense Motion. The FPT model [8] provides spatially sparse predictions. Figure D.1: Motion Magnitude
However, they only model motion between two discrete points in time. We postulate (i) Histogram. Most open-set flow
downstream tasks such as robotic planning benefit from a sequence of small changes magnitudes are small or static.
rather than big changes between relatively far apart timesteps. Furthermore, (ii) single-

step models such as FPT have to account for all interdependencies and interactions internally, limiting their performance
in complex multi-object interaction scenarios (see[Tab. F.1T). GARFIELD predicts temporally dense trajectory estimates
for a spatially sparse set of relevant objects.

Sampling-free Uncertainty. Probabilistic motion models based on generative diffusion [[10} [11} 142} 54]] provide implicit
access to the underlying distribution of future motion through repeated sampling. However, estimating Likelihoods and
probabilities of future events as well as quantifying the uncertainty about what might happen in a scene, is costly as it
requires Monte-Carlo approximation. In contrast we propose learning a structured embedding of probability distributions
over the future, that can be decoded into probability estimates in less than a millisecond, enabling orders of magnitude
faster density estimation. Further, in our experiments direct density estimation consistently outperforms Monte-Carlo
sampling.

Joint Modeling. FPT [8], which is conceptually closest to our work predicts only a marginal distribution per scene
element per timestep and maintains spatial coherence via autoregression (AR). Extending FPT’s AR to multi-step
horizons (similar to MYRIAD. [9]) requires early commitment which factorizes spatio-temporal inter-dependencies into
marginals. By using a bidirectional encoder, our latents model the joint distribution of possible kinematics where the
uncertainty of each point is informed by the whole scene without greedy commitment. From these latents, we sample
full trajectories and estimate densities over future locations. Empirically, shows, that our GARFIELD joint full
decoder improves sample quality and efficiency over a diffusion-based FPT-style AR variant extended to multiple steps,
and sub-goal conditioning.

E Extended Evaluations

Test-time Scalability. demonstrates how more function evaluations and larger Monte Carlo ensembles impact
the energy score. For large ensembles, there is a consistent benefit of investing more compute, in the form of NFEs, into
each individual member. For small ensembles, however, energy score diverges slightly for high NFE. We attribute this to
error accumulation in the sampling process. The same trend applies to discretized energy scores visualized in[Fig. E.2b]
The point-wise decoder requires three orders of magnitude more compute to produce ensembles that come close to the
performance of the discrete model. In general, sampling more and higher quality realizations results in better motion
planning results, providing the users with the ability to balance this trade-off according to their current needs.

Extended Comparison of Discretized Energy Scores. We extend with more expensive baselines in to
further emphasize the benefit of our proposed density estimator DY . Our density decoder produces better predictions
than large video generation models with five orders of magnitude reduced latency.

Additional Calibration Metrics. To further validate the calibration of densities decoded by D¢, we additionally
compute Negative log-Likelihoods of GT trajectories (NLL), reliability curves (with |T'| = 4), and coverage vs. nominal
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Figure E.2: Calibration trade-offs. We visualize trade-offs between well-calibrated density estimation, indicated by low (discrete)
energy score, and the compute latency to estimate these densities. While more NFEs and larger ensembles improve motion prediction,
they also induce additional latency. In (b) and (c), we also show how adding conditionals (\ﬂ € {0, 1, 2}) further lowers the discrete
energy score for the same model and ensemble size.
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Figure E.3: Calibration of Densities. Densities from the density decoder D¢, consistently outperform Monte-Carlo sampling and
outperforms strong baselines in terms of negative log-Likelihood of the ground truth trajectory. Evaluated on held-out validation set
of training data.

coverage curves (with |T| = 4). Note that while (discrete) energy scores and NLL are proper scoring rules, reliability
and coverage can improve under variance inflation and should therefore be considered only as supplementary to the
other metrics. shows that our density decoder DY, outperforms not only baseline approaches but also MC
estimates from the full decoder Dy and the point-wise decoder Dfp in NLL. This highlights the advantage of direct
density decoding over estimating densities via Monte-Carlo sampling. Additionally, [Fig. E.3b|and [Fig. E.3¢|show that
our density decoder DY, performs competitively with strong baselines for reliability and coverage while consistently
outperforming MC sampling.

Additional Comparison to FPT. The FPT [8] model is designed to predict flow between the conditional image I and
a single timestep in the future, which differs from GARFIELD that models motion densely over time. In particular,
FPT can only be fed future knowledge about the exact timestep 7 it is supposed to predict while our method allows
conditioning and prediction at different points in time. As we considered the task of motion planning, we evaluated FPT
in[Tab. T] by rerunning it for different time horizons with spatio-temporally sparse conditioning, matching our method.
However, GARFIELD can also be applied in the setting FPT was trained for, conditioning only a single timestep and
predicting remaining points for that step. demonstrates that GARFIELD is competitive in this setting. While
FPT achieves slightly superior performance, our method achieves similar performance without training for such motion
interpolation tasks.

Additional Comparison to Motion-12V. Motion-12V [54] predicts optical flow to animate images based on text prompts
and drags which correspond to our goals. However, Motion-12V is designed to accept full tracks over time as input
which is inherently different from our spatio-temporally sparse conditioning. To make the baseline comparable, we
follow the protocol for sparse conditioning outlined in the Motion-I2V paper [54]] and linealy interpolate sparse known
goals to full tracks for the comparison in However, Motion-I12V performs noticeably better in its native setting
with full tracks as conditioning (s. [Tab. E.3)), but this requires dense knowledge of where the scene element will be at
every timestep.
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FDE with |7'| End-Point Goals
0 1 2 4 8 16

FPT [8] 0.017 0.017 0.015 0.014 0.013 0.009
GARFIELD (Ours) 0.022 0.020 0.019 0.018 0.014 0.013

Method

Table E.4: End-point motion interpolation. We compare our model’s ability to infer where scene elements end up given end-point
for other elements in the scene. Evaluated on held-out validation set of training data.

Further, the Motion-12V repository recommends a cfg scale of 7.0 for inference, which we use throughout our main
evaluation aligning. However, we find performance is improved when using cfg 2.0, which we attribute to higher
variance predictions leading to better exploration of the search space. shows our method remains superior on
all metrics for the sparse conditioning case. However, combining dense conditioning with insights from a cfg sweep,
Motion-I12V approaches the quality of our motion planning.

More Details on Pedestrian Trajectory Prediction. We expand on the evaluation of pedestrian trajectory prediction in
We report zero-shot performance as well as performance after minimal finetuning. For finetuned results we train
the encoder with the pointwise decoder model for 4k iterations with a batch size of 128. We modify our masking to
always provide the initial eight positions as conditions, and train the model to predict the following twelve positions
without future knowledge, matching the inference setting. We further mask the loss to only supervise prediction. We
then finetune the full decoder by substituting the finetuned encoder and training the full decoder for 4k iterations in
the same prediction setting. For the Stanford Drones dataset [49] we use the official train-test-split, while we use a
leave-one-out finetuning for the ETH/UCY [31}45] scenes. As GARFIELD requires RGB input we only use the ETH,
Hotel, Univ, Zara0O1, and Zara02 scenes for finetuning and evaluation, matching the evaluation performed by IDM [33].

Tab. E.7|shows results for more baselines on the Stanford Drones Dataset (SDD) [49]. Without training for prediction,
GARFIELD achieves zero-shot performance comparable with Social-LSTM [[1]]. After finetuning, GARFIELD outper-
forms Social-GAN [21] and is competitive with CGNS [32]] and Goal-GAN [16]. Although we do not outperform recent
domain-specific methods, this result highlights the general world knowledge learned by GARFIELD.

Similarly, shows results for more baselines and more subsets of the ETH/UCY datasets. Again, GARFIELD’s
zero-shot performance without ever training for prediction matches established approaches. While even our finetuned
model does not outperform recent state-of-the-art baselines, the ADE of GARFIELD is below 1 m still providing useful
information for use in downstream applications such as autonomous driving.

Note that the methods we compare against in[Tab. E.7|and[Tab. E.6| are specifically designed for pedestrian trajectory
prediction and fail to predict the motion of other scene elements. Therefore, the usefulness of these methods in
application is limited compared to GARFIELD’s general understanding of kinematics.

Alternative Training on Public Data. In the main paper, we present a model trained on a diverse in-house dataset. To
ensure reproducibility, we also train GARFIELD with the same configuration on a subset of the public Koala-36M [63]
dataset. compares our main model to the model trained on public data. We find negligable differences in

Num. PCK1 PCK 1t
Method Goals GG EPEL ool FC. FDE|
4 70  0.055 0.864 0.150 0.060
. 16 70 0.033 0.957 0.263 0.037
Motion-I2V [34] 4 20 0022 0.982 0.428 0.029
16 20 0016 0.992 0.577 0.030
4xH 70 0051 0.886 0.166 0.053
6xH 70 0027 0.981 0312 0.030
4xH 20 0021 0.986 0.447 0.026
16xH 20 0013 0.996 0.602 0.016
4 L0 0.020 0.973 0.544 0.026
GARFIELD (Ours) 16 1.0 0013 0.989 0.666 0.017

Table E.5: Extended comparison to Motion-12V [54] When fed full trajectories with horizon H as input, Motion-I2V performs
noticeably better at motion planning.
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Methods ETH Hotel Univ Zaral Zara2
ADE FDE ADE FDE ADE FDE ADE FDE ADE FDE

Social-LSTM 1.09 235 079 176 0.67 1.40 047 1.00 056  1.17
Social-STGCN 0.64 .11 049 08 044 079 034 053 030 048
Causal-STGCN 0.64 1.00 038 045 049 081 034 053 032 049
STAR 036 065 017 036 031 062 026 055 022 046
Expert-GMM 037  0.65 0.1 015 020 044 045 031 0.12 0.26
PCCSNET 028 054 om 0.19 029 060 021 044 015 034
Social-GAN 0.81 152 072 161 060 126 034 069 042 0.84
Goal-GAN 059 118 019 035 060 1.19 043 087 032 0.65
Social-BiGAT 0.69 1.29 049 1.01  0.55 132 030 062 036 075
MG-GAN 047 091 014 024 054 107 036 073 029 0.60
CGNS 0.62 1.40 070 093 048 122 032 059 035 071
PECNET 054 087 018 024 035 060 022 039 017 030
Trajectron++ 039 083 012 021 020 044 0415 033 0.1 0.25
LB-EBM 030 o052 013 020 027 052 020 037 015 029
MID 039 066 013 022 022 045 017 030 013 027
IDM 041 062 015 025 020 042 0.17 028 0.12 0.25

GARFIELD (Ours)o-shot ~~ 1.09 1.79 041 0.71 0.60 .12 0.72 1.37  0.55 1.05
GARFIELD (Ours)Fr 0.84 1.44 029 056 0.58 1.19 033 065 033 067

Table E.6: ETH/UCY Pedestrian Prediction. We show an extended variant of with all scenes from ETH/UCY [31],43]] and
more baselines. Errors are in meters. Our method achieves competitive performance while enabling open-set motion modeling.
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Figure F.4: Reconstruction Error GARFIELD produces accurate reconstructions of conditional points, showcasing its ability to serve
as a representation for given points beyond a planning method.

performance. We provide checkpoints and results for the model trained on internal data, as we hope the diverse training
data introduces more general world knowledge useful as a foundation in downstream domains.

F Extended Ablations

Reconstruction Quality. showcases reconstruction quality for points T provided as a part of C to the encoder.
We find near-perfect reconstructions (EPE < 0.003; < 1px on a 256 image) with GARFIELD across the entire range
of conditioning density. Therefore, GARFIELD serves not only as a powerful motion planning method, but is also able
to encode given trajectories with minimal loss of information, which is not possible with previous approaches such as
Motion-12V [54].

Performance beyond Tracker Artifacts. GARFIELD is trained and evaluated using a pseudo-ground truth obtained by
running the off-the-shelf point tracker TapNext [74] on video data. Experiments using human annotated data [31},145} 149]
and CoTracker3 [29] in and [Tab. 3| partially show that our model generalizes beyond its original training setting.
Still, tracker artifacts in supervision and evaluation targets may obstruct evaluation of the true motion understanding.
Consequently, we ablate GARFIELD’s motion understanding by testing a model trained using TapNext [74]] annotations
on TapNext as well as CoTracker3 [29] annotated open-set clips from OpenVid-1M in We find that
GARFIELD performs similarly well when using either tracker as the prediction target. Furthermore, both TapNext
and CoTracker3 estimate similar tracks when given the same videos and are seeded with the same tracking queries (s.
. While we do not inspect the biases of each tracking method further, this result validates that our model learns
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Method minADE-20  minFDE-20

Social-LSTM 57.00 31.20
Expert+GMM 10.67 14.38
SimAug 10.27 19.71
PCCSNET 8.62 16.16
Y-Net 8.97 14.61
Social-GAN 27.23 41.44
Goal-GAN 12.20 22.10
MG-GAN 13.60 25.80
CGNS 15.60 28.20
Trajectron++ 8.98 19.02
PECNET 9.96 15.88
LB-EBM 8.87 15.61
MID 7.61 14.30
IDM 7.46 13.83
GARFIELD (Ours) o-shot 36.77 49.86
GARFIELD (Ours) rr 19.92 34.98

Table E.7: Stanford Drone Dataset We show an extended variant of for the Stanford Drone Dataset [49]]. Errors are in pixels
w.r.t. the original video resolution. Our method achieves comparable performance, without domain-specific adaptations.

(a): Point-wise Dfp (b): Full Dy
IT| EPE | FDE | IT| EPE | FDE |
Ours Koala Ours Koala Ours Koala Ours Koala
0 0.017 0.015 0.023 0.020 0 0.017 0.016 0.022 0.021
4 0.013 0.012 0.017 0.016 4 0014 0.014 0.018 0.018
8 0.011 0.012 0.015 0.015 8 0.013 0.013 0.016 0.016
16 0.011 0.011 0.015 0.015 16 0.012 0.012 0.015 0.015

Table E.8: Public vs Private Dataset We compare the effect of training our model with two different video datasets: an in-
house dataset and a subset of Koala-36M [63]]. Training on publicly available data achieves comparable performance, ensuring
reproducibility of results. Evalauted on a subset of OpenVid-1M [40]] data.

motion concepts beyond the artifacts produced by one tracking method.

Density Estimator Objective. We train our density estimator using a grid-Cross Entropy loss Alternatively, we
could distill the distribution learned by the point-wise decoder into a deterministic model by performing Monte-Carlo
sampling with the point-wise decoder, constructing a heatmap, and training the density estimator with an MSE loss to
regress the heatmap. With this, the alternative loss for the density estimator would become

al 1 u,v) (41 7 u,v 7 i
£y'= 5 3 Il 12 = et | 25, (E15)
(u,v)EG
where p{"*) (i | z1) is the predicted probability for grid cell (u, v) by the density estimator D¢ and pfpu’]&)c (tt | z)
is obtained by sampling Nj;¢ realizations from the pointwise decoder Dz) conditioned on latent z and counting the
relative frequency of a point-wise sample landing in grid cell (u, v).

Training with this objective introduces a fundamental trade-off between accurate targets pfpu’]cj)c (t! | zL) and the time

required to sample Nj,¢ realizations, as pfpu’]\?c(ti | z1) — p(»?) if Nj;o — oo. Furthermore, iab. F.10shows

that a distilled density estimator achieves substantially worse calibration, resulting in a detrimental increase in discrete
energy scores. We conclude that the distilled density estimator overfits to artifacts produced by the point-wise decoder
when Nj;¢ is too small, while the cross-entropy variant has a more stable supervision target in the ground-truth position.

Robustness of Entropy-based Conditioning Signal. We evaluate the robustness of using entropy as a signal for where
to provide additional conditioning. For this purpose we perturb the additional conditioning provided with random noise,
mimicking uncertainty of human annotators about correct constraints. reveals that entropy-based conditioning is
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(a): Inference performance

T o,
T EPE | FDE | PCK@1% 1 (b): Tracker Agreement
TN CT TN CT TN CT EPE | 0.003
0 0.017 0.017 0.022 0.022 0.731 0.725 PCK@10% 71 | 0.995
2 0.015 0.015 0.018 0.019 0.786 0.771 PCK@1% 1T | 0.942
8 0.013 0.013 0.016 0.016 0.807 0.799

—_
@)}

0.012 0.012 0.015 0.015 0.821 0.812

Table F.9: Alternative Tracker Pseudo-Ground Truth. We evaluate the performance of a TapNext-trained model on TapNext
(TN) [74] and CoTracker (CT) [29] annotated data and find similar performance. We further find high agreement between TapNext
and CoTracker. Therefore, our model generalizes beyond artifacts of a specific tracker, learning useful motion representations.
Evaluated on a subset of OpenVid [40] evaluation data.

- Discrete Energy Score |

T
Cross Entropy  Distillation
0 0.061 0.202
2 0.043 0.199
8 0.030 0.198
16 0.026 0.197

Table F.10: Density Estimator Objective Training with a cross-entropy (CE) objective (Eq. (4)) results in a lower discrete energy
score (dES;[Eq. (C.14)) than training with a distillation objective (Eq. (F.15)) across any number of conditioning points |T'|. Evalauted

on held-out validation set of training data.

substantially more robust than EPE oracle-based conditioning. Our conditioning variant not only achieves consistently
better performance at the same perturbation level but also diverges more slowly under stronger perturbation.

Multi-Object Interactions. To test force-driven dynamics beyond kinematics, we train our model and FPT [8] on data
from a synthetic Billiard simulation [18] and compare prediction accuracy with up to 16 balls. We select a time horizon
of one second (40 steps, At = 0.025 s) as we find this horizon is sufficient for multiple ball-to-ball interactions. Note
that this requires FPT to internally model many-ball interactions, while GARFIELD is able to reason about step-by-step
interactions. showcases GARFIELD achieves relatively stable performance when introducing more balls
and thus forcing more ball interactions to occur. While performance slightly deteriorates when moving from two to
eight balls, performance remains stable when increasing to 16 interacting scene elements. In comparison, FPT achieves
substantially worse performance across the entire range of ball counts.

qualitatively shows Billiard interactions over time given the starting velocity and end-point conditioning.
GARFIELD is able to correctly infer interactions at intermediate timesteps. This highlights GARFIELD’s ability to
understand and reason about multiple interacting entities.

Alignment of Samples with Density. As an additional verification of alignment between sampled trajectories by Dy and
be and decoded distributions from D¢ we compute the negative log-Likelihood (NLL) of samples under distributions
from DY, shows that samples from either Dy or DZ} are more likely under DY than the ground truth trajectory
or trajectories from an alternative model (Motion-12V [54]]). This further strengthens the evidence for alignment between
models that decode the same latent possibility space.

Single-shot Performance. Given only partial future knowledge multiple outcomes can be equally plausible. Therefore,

EPE |
Method
2 Balls 4 Balls 8Balls 16 Balls
FPT [8] 0.260 0.237 0.225 0.218

GARFIELD (Ours) 0.140 0.182 0.196 0.186

Table F.11: Multi-object Interactions. GARFIELD shows consistent performance with more balls, highlighting it’s ability to model
interactions between many objects.
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Figure F.5: Robustness of Entropy-based Conditioning. Selecting conditioning based on entropy is more robust to perturbed
conditioning than EPE-based conditioning. Evaluated on held-out validation set of training data.
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Figure F.6: NLL of samples under decoded density. The samples from Dy or be are more likely under DY, than the ground truth
trajectories or samples from an alternative model (Motion-I2V [54])). This strengthens the assumption that all our decoders decode a
shared possibility space.

trajectory prediction performance is typically evaluated in a best-of-N setting (cf. [1, 9} 11} 21} [51]). However, selecting

the best trajectory might be impossible in application settings. Yet, [Tab. F.12| highlights that GARFIELD remains highly
competitive in the single-shot setting.

G Additional Qualitative Samples
For animated qualitative examples, we refer to the attached video samples summarized in video_samples/index.html.

We qualitatively compare our model to open-set baselines in qualitatively supplementing For the TI2V
models, we show tracks extracted from generated videos using TapNext [[74] matching the motion planning evaluation
setting. CogVideoX [71]], LTX [22], predict realistic motion, however due to the lack of appropriate conditioning,
their samples are dominated by unwanted camera motion and fail to match the ground truth in speed and direction.
FPT [8]] is unable to predict consistent trajectories due to modeling only the flow between two points in time, requiring
independently rerunning the model for each horizon. Motion-12V [54] and Track2Act tend to predict low motion
magnitudes, limiting their applicability to samples with complex motion. GARFIELD is able to sample motion which
has the closest alignment to the target with as few as |T'| = 4 known positions.

Furthermore, we show examples of GARFIELD’s density estimation with DY in [Fig. G.10| [Fig. G.9|and [Fig. G.8|
GARFIELD becomes more certain when 7 is close to 0 (the present) and/or more conditioning 7" is given. Even when

Method Goals EPE|
CogVideoX 0.020
Motion-12V [54] 4 0.036
FPT 4 0.123

GARFIELD (Ours) 4 0.015

Table F.12: Single-Shot performance. GARFIELD remains competitive with baselines in the single-shot setting. Evaluated on a
subset of the full OpenVid [40] validation data.
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no future knowledge is provided, the ground-truth is within or close to the regions which GARFIELD considers likely
and GARFIELD becomes more confident in the correct regions when conditioned on more knowledge about the future.

In[Fig. G.11|and[Fig. G.12] we visualize predicted trajectories for robotics and pedestrians. When given only the final
goal position of each trajectory in the robotics setting, GARFIELD is able to plan reasonable motion for robotics without
any domain-specific training. After fine-tuning GARFIELD, it can predict realistic trajectories of pedestrians in traffic
scenes.

GARFIELD is able to handle and predict dynamics, e.g. multi-object inter-actions in Billiard simulations as shown in
It is able to predict and resolve multiple collisions based on the final positions and initial velocities of each
ball, which demonstrates its understanding of physical dynamics.
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GARFIELD
FPT (16) Ours (4) Ours (16)

MI2V (16)

Figure G.7: Qualitative Comparison on OpenVid-1M [40]. We select samples with high motion magnitude and ignore static and
nearly static points for visualization. Similar to[Tab. I|we compare CogVideoX [7I1(CVX), LTX [22], Motion-12V [54] with 16
conditioning points (MI2V (16)), Track2Act [10] (T2A), and the Flow Poke Transformer [8]] with 16 conditioning points (FPT (16))

to GARFIELD.
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Figure G.8: Density Samples when conditioned on |f | = 4 future positions. GARFIELD consistently predicts high certainty
close to the ground-truth, but remains reasonably uncertain about exact speed.
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Figure G.9: Density Samples when conditioned on |CIA“| = 2 future positions. While GARFIELD remains uncertain at some points
in the spatio-temporal volume, motion tends to align with the observed direction.
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Figure G.10: Density Samples without future conditioning. Without future knowledge GARFIELD remains uncertain about exact
motion that occurs but is able to estimate the correct area, based on it’s general world knowledge.
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Figure G.11: Qualitative Robotic Planning. Samples from GARFIELD on examples in the RT1 (first three) and BridgeData [61])
(last three) datasets. We show only trajectories exceeding a motion threshold and further subsample trajectories if necessary to achieve
an interpretable visualization.

o 1

Figure G.12: Qualitative Pedestrian Trajectory Prediction. Trajectories predicted with GARFIELD for ETH/UCY [311 43] (top
row) and SDD [49]. Crosses (x) indicate given positions, dots (-) are predictions. Trajectories are subselected to trajectories that are
visible in the first and last frame to ensure proper visualization.
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Figure G.13: Multi-object Interactions. GARFIELD is able to resolve dynamics of multiple objects colliding given conditioning on
final positions and initial velocity.
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