Learning to Drive is a Free Gift: Large-Scale Label-Free Autonomy Pretraining
from Unposed In-The-Wild Videos
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Figure 1. LFG learns a unified pseudo-4D representation of geometry, semantics, motion, and short-term future evolution directly from un-
posed, unlabeled single-view driving videos. A single feedforward encoder processes observed frames and produces temporally consistent
predictions of 3D point maps, camera poses, semantic layouts, confidence, and motion masks for both current and future frames.

Abstract

Ego-centric driving videos available online provide an
abundant source of visual data for autonomous driving, yet
their lack of annotations makes it difficult to learn repre-
sentations that capture both semantic structure and 3D ge-
ometry. Recent advances in large feedforward spatial mod-
els demonstrate that point maps and ego-motion can be in-
ferred in a single forward pass, suggesting a promising di-
rection for scalable driving perception. We therefore pro-
pose a label-free, teacher-guided framework for learning
autonomous driving representations directly from unposed
videos. Unlike prior self-supervised approaches that focus
primarily on frame-to-frame consistency, we posit that safe
and reactive driving depends critically on temporal con-
text. To this end, we leverage a feedforward architecture
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equipped with a lightweight autoregressive module, trained
using multi-modal supervisory signals that guide the model
to jointly predict current and future point maps, camera
poses, semantic segmentation, and motion masks. Multi-
modal teachers provide sequence-level pseudo-supervision,
enabling LFG to learn a unified pseudo-4D representation
from raw YouTube videos without poses, labels, or LiDAR.
The resulting encoder not only transfers effectively to down-
stream autonomous driving planning on the NAVSIM bench-
mark, surpassing multi-camera and LiDAR baselines with
only a single monocular camera, but also yields strong
performance when evaluated on a range of semantic, ge-
ometric, and qualitative motion prediction tasks. These
geometry and motion-aware features position LFG as a
compelling video-centric foundation model for autonomous
driving. Check out our project page at https://1fg-
ai.github.io/.
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1. Introduction Tracker3 [10] for motion cues —each used in a way that
best leverages its strengths on unlabeled driving video.

In-the-wild, ego-centric driving videos available online pro- Unlike large world models that still require a degree of

vide an abundant source of visual data for driving, yet their supervised labels [1, 6, 7, 12], LFG focuses on a short-

lack of annotations makes it dif cult to learn representa- horizon, feedforward formulation that sets a new stan-

tions that capture both semantic, temporal structure and 3Ddard among geometrv-aware models for autonomv. On the
geometry. Inspired by the recent success of GPT-style mod- 99 Y Y-

els [5, 20] and DINOv3 [23] trained on massive unlabeled NAVSIM planning benc_hmark [41, I.‘FG achieves state .Of

. . . T the-art performance using only a single front-camera view,

internet corpora, a natural question arises: can we similarly . o

leverage large amounts of raw video to learn geometr andoutperformmg multi-view and BEV-based methods such as
fag 9 9 y UniAD [14] and HydraMDP [16], which rely on multiple

motion aware features for autonomy?

Recent research in autonomy has shown that scaling upcameras, LiDAR, or both. LFG pretraining also provides

improves performance [4, 8, 16], yet most approaches StiIIstrong sample ef ciency: with only 10% labeled data, it
P P O 20L Y bp . achieves competitive planning performance, underscoring
rely heavily on labeled data in the form of expert actions, . L X
: . ) the value of large-scale training on unlabeled driving video.
LiDAR scans, odometry, and semantic annotations. Mean- : .
L X . : Beyond planning, LFG produces geometry- and motion-
while, in-the-wild driving videos are abundant and capture . .
. : o o aware features that transfer effectively to tasks spanning se-
a wide range of visual conditions and traf ¢ situations. Al-

. ; . : mantics, 3D structure, and decision making, underscoring
though these y|deos prowdg only RGB information, they its broader applicability as a backbone for next-generation
contain rich visual and motion cues that can be learned. L

. . autonomous driving systems.
If we aim to build scalable autonomy models capable of
producing expressive and actionable representations, they
should bene t from large-scale pretraining on unlabeled im- Our main contributions are as follows:

ages and videos. « We propose LFG, a label-free, video-centric pre-
This motivates the goal of learning structure and motion  training framework that learns geometry-, motion-, and
directly from video. Feedforward 3D reconstruction mod- semantics-aware representations direcﬂy from unposed,
els already demonstrate that it is possible to estimate cam-  single-view driving videos.
era poses and point maps from unposed image sequencas\\e design a uni ed architecture built on a pretrained en-
using a single forward pass [26, 28]. Egocentric driving  coder and a causal autoregressive module, enabling short-
videos provide ideal data for such models, as consecutive horizon prediction of point maps, camera poses, semantic
frames naturally encode geometry and ego-motion, even |ayouts, con dence maps, and motion masks under mul-
with sparse viewpoints. Yet for autonomous driving, a tiple teacher-guided supervision.
model must ultimately do more: beyond reconstructing the « We demonstrate that LFG serves as a strong foundation
present, it must predict future motion and geometry. for autonomy: it achieves state-of-the-art planning per-
Motivated by ndings that humans make low-level driv-  formance using only a single front camera, exhibits com-
ing decisions from only a short motion history, we ex-  pelling data ef ciency, and transfers effectively across
tend the feedforward reconstruction modél[28] to pre- semantic, geometric, and motion tasks. We emphasize
dict future geometry, con dence, and motion. Our model  that the novelty of LFG lies more within the pretraining
is trained using signals from multiple large-scale models paradigm than the model itself.
trained on unposed data, which provide complementary
cues for geometry, motion, and semantics. By integrating o Related Work
these cues and incorporating segmentation and motion com-
ponents, the student model learns from in-the-wild driving Pretraining for Autonomous Driving. Pretraining for au-
videos to produce a pseudo-4D output that captures scenéonomous driving has only recently gained traction. Early
structure together with the motion of dynamic agents. self-supervised pretraining work such as SelfD [36] and
We introduce LFG — Learning to drive is a Free Gift — ACO [37] demonstrated that large-scale in-the-wild driv-
a label-free, teacher-guided approach for learning such rep4ing videos can provide supervisory signals for learning se-
resentations from vision alone. We formulate future pre- mantic and geometric priors without human labels. PP-
diction as a next-token prediction problem over geometry, Geo [29] further explored geometry-oriented pretraining us-
motion, and semantic features. A lightweight autoregres- ing photometric and consistency-based objectives to learn
sive transformer is added after the reconstruction aggregadepth and ego-motion. VIDAR [34] proposes to use fu-
tor, enabling a student model trained on a subset of viewsture point-cloud prediction from historical camera inputs
to bene t from stronger models with access to the full se- as a uni ed pretext task. UniPAD [32] introduces a self-
quence. Supervision comes from several specialized teachsupervised learning paradigm that uses 3D volumetric dif-
ers—SegFormer [31] for semantics, SAM2 [13] and Co- ferentiable rendering to implicitly encode continuous 3D



Figure 2. LFG architecture. Starting from unposed single-view driving clips, a pretraineackbone encodes N observed frames into

latent scene tokens. A lightweight causal autoregressive transformer rolls out M future tokens, which a shared decoder maps to point
maps, camera poses, semantic segmentation, con dence maps, and motion masks for all N+M frames. Multi-modal teachers provide
pseudo-supervision, enabling LFG to learn a uni ed pseudo-4D representation that transfers effectively to downstream planning.

structures. VisionPAD [35] focuses on vision-centric algo- 3. Method

rithms by leveraging ef cient 3D Gaussian Splatting and
y ging P g We introduce LFG (shown in Fig. 2), a method for learning

a multi-frame photometric consistency objective to recon- ful drivi - del f d and unl
struct multi-view representations using only images. How- a powerlu driving-vision modet from Unposed and unia-
belled single view Youtube videos.

ever, these approaches largely rely on frame-to-frame con-
sistency losses that implicitly assume static scenes, limit-3 1 Problem Eormulation

ing their ability to capture dynamic objects that are cen- , ) )
tral to real driving environments. In contrast, our method Ve consider the case of learning to drive, where a large pa-

is pretrained directly on unlabeled driving video by explic- r@meterized model is given a cons%cHu\tAilve sequengg{!
itly modeling dynamic geometry, motion cues, and scene ©f N €go-centric RGB images 12 R » In a variety

semantics, yielding a dense 4D representation that bettef! driving scenes. The goal is to ef ciently predict scene
captures the structure and dynamics of real-world driving. information that is useful for autonomous driving. We posit
that this includes both current and short-horizon future in-

formation. We posit that this includes current and future
information in the recent future. Such a model should pre-
Geometry-aware vision backbones for driving. Clas-  dict O relevant modalities of scene information, as well as
sical 3D reconstruction pipelines in autonomy rely the future M frames of the scene. Inspired by prior work
on Structure-from-Motion (SfM) and Multi-View Stereo in label-free pretraining and world models for driving, we
(MVS) [22], often combined with LIiDAR, to triangulate choose to predict the following outputs.
scene points and build dense maps for localization. While LFG processes in-the-wild video through a pretrained
effective, these methods are typically tailored per scene andencoder and a causal autoregressive transformer to jointly
are not naturally suited as general-purpose backbones fopredict current and short-horizon future scene geometry, se-
large-scale video pretraining. In contrast, recent feedfor- mantics, and motion. First, our model should predict point
ward approaches [15, 19, 25, 26, 28] amortize reconstruc-maps for the ego-view camera overtime.t][E{’\" ;o Py
tion by predicting point maps, con dence maps, and cameral(l ;) ! R 3, where I(I;) maps each pixel inito P(y) 2
poses for unposed image sequences in a single pass, making®, which is the 3D world point corresponding to pixel y at
them attractive as scalable, geometry-aware backbones fotime t.
driving. LFG belongs to this family but focuses on tempo-  Second, our model predicts camera poses:
ral understanding, producing a pseudo-4D representation of(T)R™ ; T, 2 R**, where each pis a full 4 4
dynamic driving scenes that is well suited for downstream homogeneous transformation matrix encoding both rota-
planning and perception. tion and translation. Such poses de ne the ego-motion



Figure 3. 3-to-LFG distillation. We transfer geometric knowl-
edge from the pretrained® teacher to LFG by supervising point
maps, con dence maps, and camera poses for all observed and fu
ture frames. While the teacher has access to the full sequence, th
student sees only the rst N frames and must predict both current
and future geometry, enabling LFG to learn temporally consistent
scene structure and future ego-motion from partial observations.

trajectory of the camera and enable mapping all predicted
local 3D points into a shared world coordinate frame.

Third, our model predicts semantic segmentation with
7 classes: (M ; S 2 R7HW  where each pixel's
one-hot vector §y) 2 R 7 encodes the semantic category
(e.g., road, vehicle, pedestrian, building, vegetation, sky,
and background). These semantic predictions provide a se
mantic, structured understanding of the scene, which we
consider to be useful for the downstream task.

We also predict condence maps QR ; C; :

(1 ¢) ! [O;1]; which quanties the reliability of each
pixel's 3D prediction.

Finally, our model should predict motion masks
MOEM 5 Mz I(1 ) ! [0;1]; indicating which re-
gions in the image correspond to independently moving ob-
jects (e.g., other vehicles, pedestrians) as opposed to th
static environment. The motion masks help disentangle dy-
namic from static components of the scene, which can be
used for downstream tasks, such as dynamic 4D Gaussial
Splatting.

In total, the model predicts all outputs:

O =f(P t;TtQSt;Ct)t'\:{M ; (Mt)t'\:iM g;

All modalities are learned jointly in an end-to-end fash-
ion from video, with the assistance of robust teachers, pro-

Figure 4. Semantic distillation. A pretrained SegFormer teacher,
trained on Cityscapes, provides soft semantic pseudo-labels for
each frame. LFG predicts semantic maps for both observed and
future frames using only the rst M inputs, learning temporally
consistent scene semantics through teacher—student supervision
aligned with the model's geometric features.

moting shared representations of geometry, semantics, and
motion relevant to autonomous driving.

3.2. Architecture.
e

Our model (Fig. 2) is built on top of the3, [27] model,
which is a purely feedforward model that predicts point
maps, con dence maps, and camera poses from a series of
unposed images. Contrary to prior work in VGGT [26,
does not rely on a xed referenced view, and is trained on
more dynamic datasets, making it a suitable starting point
for LFG. To receive the bene ts of the pretrained, we
propose some simple additions on top of the model.

First, we propose to add a causal attention autore-
gressive transformer after °'s alternating attention mod-
ule or encoder. Let the output of the’ encoder be a
sequence of latent scene tokengnZ where N is the
number of observed frames. The autoregressive trans-
former Tar takes these tokens as input and causally pre-
dicts additional latent tokens for M future frames, produc-
ing Zin+m = Tar (Z1:n). Each newly generated token
sequence g+1:n+m  represents latent scene features for
unobserved frames, which are decoded into 3D point maps,
con dence maps, camera poses, semantic maps, and motion

asks. Our causal formulation ensures that each predicted
uture frame can attend to past and observed frames, but
not to future frames, enforcing a forward-only information
ow. The semantic and motion outputs are initialized from
the point decoder and their respective heads, allowing the
model to leverage shared geometric features while predict-
ing scene semantics and dynamics.

3 Teacher. We employ a teache? model, seen in Fig.
3, that has access to N + M frames from the unlabeled



OpenDV dataset [33]. The teacher outputs supervision sig-
nals in the form of point maps, con dence maps, and cam-
era poses for all N +M frames. Our student model only ob-
serves the rst N frames and must predict both the observed
(N) and future (M) outputs. Speci cally, the student, LFG,
predicts:

P CoTg™
where P, denotes the point map, {Ghe con dence map,
and T; the camera pose at frame t. While this method is
not self-supervised as compared to other works, it forces
LFG to predict future information, namely the future ego
motion, con dence, and geometric updates of the scene.

3.3. Semantic Head

To enable semantic understanding of the scene, our model
includes a semantic head (Fig. 4) that predicts dense
per-pixel class probabilities for each camera and timestep.Figure 5. Motion mask generation pipeline. We rst detect
Given the input sequence of N images)(l'_.l , the seman- human and vehicle instances in the rst frame using Grounded
tic head outputs a corresponding sequence of current andsAM2, then track their 2D trajectories across time with Co-
future semantic maps (§™ ; St 2 [0;1]CsHW | Tracker3. Using teacher® point maps, tracked pixels are back-
Since ground-truth semantic labels are unavailable for all Projected into 3D and per-instance 3D displacements are measured
frames, we turn to a simple teacher—student training strat-over the sequence. Instances whose motiop exceedsgthreshold for
egy. A pretrained SegFormer modelseq trained on the at Iea_st Km.n frames are Ial_JeIed as dynamic, anq their mas_,ks are
Cityscapes dataset [2], serves as the teacher network. FO@sterlz_ed into dense per-pixel motion masks,Mhich supervise

. . A _ the motion head.
each image , we obtain pseudo-labelsﬁt = sedlt)
These pseudo-labels act as soft supervision targets for the
semantic heaq. The SegFormer .teacher is given access 19 motion thresholdmorion for at least Ky frames. Finally,
all frames, while LFG has to predict the current and future e convert instance-level motion indicatorérinto dense

segmentation predictions. motion masks M 2 [0;1]"W that serve as supervision
3.4. Motion Head for the motion head.

Our motion head in Fig. 5 predicts per-pixel motion masks 3.5. Losses

that identify dynamic regions within a scene. Since explicit o . biecti bi ol K il
motion annotations are unavailable, we generate pseudag ur training objective combines multiple task-speci ¢ loss

ground-truth (pseudo-GT) labels in a fully feedforward, [€'™MS that jointly supervise segmentation, geometry, mo-
label-free manner tion, and camera pose estimation. The total training loss

We begin by segmenting human and vehicle instances's:
from the rst frame by using an off-the-shelf segmenta- Ltotal = L current*  future L future: 1)
tion model, Grounded SAM2 [21], which produces a list
of tracked mask instances per object. For each detected
object, we track its 2D motion across frames using Co- L currentifuture=  segl segt  posel pose
Tracker3 [11], which provides dense correspondences in +
image space: ﬁ.'] = CoTracker3(l 1;:::;11;i), where
u’ denotes the 2D tracked keypoints of object i at frame t. 3.5.1. Segmentation Loss.

Next, we employ the teacheP model to obtain corre-  Wwe use a weighted BCE loss for semantic segmentation,
sponding 3D point maps for each frame. For each objectwhere we use class-speci ¢ weight to handle class imbal-

instance i, we backproject the tracked 2D points into 3D us- ance. Please see the supplementary material for additional
ing P, and measure the temporal displacement of the mearyetails.

3D position:

)

point L point *+  motion L motion:

dgi) - pgi)l pEi) . 3.5.2. Pose Loss.

+ ’
. 2 Following the 2 formulation, we supervise the predicted
wherepﬁ') is the mean 3D position of the object at time t. camera poses using relative pose consistency across frame

An object is considered dynamic if its displacement exceedspairs. For any two frames (i;j), we construct relative



transformations (Ri; ;t i )from the student predic- 3.6. Training

tions and compare them against teacher-provided target%e train LFG in three stages. The rst stage ensures that

(® ) G € )-_ The overall loss combines rotation and | FG can predict future geometry and pose autoregressively.
translation terms: This provides the autoregressive transformer a strong ini-
Lpose=L rot +  transltrans tialization to train the segmentation head, while not having

: . - to relearn future geometry and motion. Finally, we train
The rotation term penalizes geodesic distance on SO(?’)on the motion masks, initialized from the point decoder.

between predicted and target relative rotations, while theIn each stage, LFG is trained end-to-end. We exclusively

trz_inslatmnte_rm uses arobust regression loss (Hub_er) on r(_al'use the OpenDV Driving Youtube Daatset, and opt for a
ative translations to handle scale variation and outliers. This

formulation enforces multi-frame pose consistency and sta subset of t, consisting of approximately 2 million samples
- L ) P y across varied driving conditions, scenes, traf ¢ and external
bilizes predictions over time.

driver/pedestrian situations. We train our model on 2, 5, and
3.5.3. Con dence Loss. 10 Hz frames (without any conditioning LFG on frequency
The con dence map estimates the reliability of each pre- of input frames) to improve robustness.

dicted 3D point. We supervise it using a binary target
derived from the point-map reconstruction error: pixels
whose point error falls below a threshold are treated as high-With a strong pretrained encoder that captures temporal
con dence, and others as low-con dence. We apply a bi- and spatial scene structure from sequential images, we now
nary cross-entropy loss to this target. demonstrate how this representation bene ts downstream
3.5.4. Point Map Loss. planning. We ne-tune on the NAVSIM planning bench-

_ ) ) ) mark [4] using only front-view camera inputs over three
We supervise the predicted 3D point maps using a scaledzonsecutive frames to predict future trajectories in complex

L, loss to account for varying scene scales: driving scenarios.

L point = kP Pk, The pretrained image encoder backbone is kept frozen

and, for each frame, outputs high-dimensional autonomy

where P andP denote the predicted and target point maps, tokens that encode the ego vehicle's motion state and sur-
respectively, and is a learned or xed scaling factor roynding context. We run LFG to produce the future tokens
that normalizes for scene scale. This formulation encour- for learning. These per-frame features are aggregated and
ages accurate 3D reconstruction while remaining robustpassed to a lightweight multi-modal anchor-based trajec-
to the absolute magnitude of the scene, analogous to thgory decoder that directly predicts multiple candidate tra-
Huber-based translation loss used for relative camera MO4jectories in a single forward pass, similar to [17] but without
tion, where we also apply a scale. any diffusion or iterative re nement. The decoder attends
3.5.5. Motion Loss. from autonomy features to trajectory anchors and across tra-

The motion head is trained with a binary cross-entropy J6Ctory modes, then outputs con dence scores and coordi-
loss between the model prediction (LFG) and the pseudo”ate offsets, selecting the highest-con dence mode as the

3.7. Fine-tuning for Planning

ground-truth (GT): nal p.lan.. . .
This simple yet effective ne-tuning strategy allows the
L motion = MCSTlogM"C+(@1 M CT)log(I M F€) :  planner to directly leverage the pretrained temporal rep-

resentation for the planning task, leading to strong gains
) » ) in data efciency. In our experiments (Sec. 4.2.4), we

To emphasize the model's ability to predict beyond ob- ghoy that this strong pretrained encoder substantially im-
served frames, we apply a temporal weighting factotd  yroyes planning performance and data ef ciency compared

3.5.6. Future Frame Weighting.

alllosses on future frames, keeping ! xed: to state-of-the-art models that utilize multi-view or LiDAR
NM inputs, as well as other pretrained encoders [30].
L future = 'Ly, with!>1:
=M+1 4. Experiments

This encourages accurate extrapolation of geometry andy 1 Implementation and Training
motion into the future time steps. o

Together, these terms ensure LFG spatially and semanti#-1.1. Model and Pretraining.
cally understands the scene, as well as how the scene wilWe implement our model by closely following the architec-
evolve in a recent future time window. By nature, LFG ex- ture of the original 2 backbone, which contains approxi-
hibits generative qualities in its autoregressor; however, wemately 1 billion parameters. In total, LFG contains 1.45B
assert that this is needed for next frames prediction. parameters, and runs at 5Hz on an NVIDIA RTX 5090



GPU. The image encoder is initialized from a DINOv2-
pretrained backbone, and we directly follow thé alter-
nating attention module. The point, con dence, and camera
heads are frozen. The semantic and motion mask head are
initialized from the point head. Our causal autoregressive
transformer consists of 4 layers with 8 attention heads and a
dropout rate of 0.1. It takes the latent scene tokens from the
3 encoder and autoregressively predicts future frame to-
kens, which are then decoded to point maps, semantic map

S,. . .
. Figure 6. Segmentation quality on current and future frames.
con dence maps, camera poses, and motion masks.

We show results of segmentation on the 1st frame, as well as fu-
4.1.2. Training Setup. ture frames. LFG decouples dynamic motion from its own move-

We train the model using the AdamW optimizer with a base ment.

learning rate of 16 . A linear warmup schedule is used for

the rst 500 _steps, starting from_O:l the base learning rate 3¢ [18] with samples of 6 consecutive frames for 200
and increasing to the full learning rate. After warmup, we yaried sequences. We compare: the segmentation teacher
apply cosine ann_eallng over the remaining training steps. model SegFormer with all 6 RGB images as input, a Mask-
Gradients are clipped to a maximum norm of 1.0, and former baseline evaluated on overall frames (no future pre-
mlxeq-preC|S|on tra'lnlng (BF16) is enabled- We perform diction), and our model with only the rst 3 frames as input
gradient accumulation to increase batch size. We also ranyypije predicting for all 6 frames. To measure the model's
domly apply color jittering, Gaussian blur, and grayscale gpjjity to anticipate future scene layout, we also provide
augmentation to the frames of the student LFG, while let- he score between the ground truth semantic segmenta-
ting the teacher receive unaugmented images. We train onjon of the third frame compared to the following frames.

32 A100 GPUs for 40,000 iterations. The model is trained e report standard segmentation metrics (pixel accuracy,
using a combination of losses, including scaleld_fbr 3D mloU, mDice, frequency weighted IoU) on all frames and
points (= 1:0), Huber loss for camera translation (0:1), oply future frames. Table 1 shows that SegFormer is a
con dence loss (0:05), segmentation loss (1:0), and mo- gyronger baseline than MaskFormer in this setting, and that
tion loss (1:0). To emp.haS|ze accurate prediction of future 5,,r model not only beats its SegFormer teacher on overall
frames, we apply a weight of ! = 10:0 to the correspond- gemantic segmentation, but also on future frames where the

ing losses. Finally, we normalize all geometric outputs t0 eacher model was fed the RGB images and LFG was not.
ensure stable learning during training.

4.2.2. Monocular depth estimation
4.2. Results

We evaluate LFG on a suite of downstream tasks thatTable 2. Depth estimation results for overall and predicted
jointly probe semantics, geometry, motion, and decision frames.
making. Concretely, we consider (i) semantic segmenta-

tion, (ii) depth, point map, and camera pose prediction, Dataset  Method| Overall \ Predicted

and (iii) encoder-only downstream benchmarks, planning. | AbsRel ~RMSE | AbsRel RMSE

We additionally provide qualitative motion visualizations. 3 0.26 + 0.0 4.37 + 0.6§0.26 + 0.074.37 + 0.66
H LFG 0.27£0.074.38+0.640.31 £ 0.114.38 £ 0.68

These tasks allow us to assess both the quality of the learned  kiTTI-360 {551 B

scene representation and its usefulness as a backbone for DA3 - 443:08] - 4443081

autonomous driving.

Waymo 0.19i0.126.68i3.130.19i0.126.70i3.13

3
LFG ‘0.211 0.116.87+2.720.22+£0.117.12+ 2.81

4.2.1. Semantic segmentation

For the monocular depth prediction, we evaluate on the
Table 1. Semantic segmentation metrics (overall vs. predicted).  KITTI-360 and Waymo open dataset [24] with 200 se-
guences of 6 frames each. We compute root mean square

Method \ Overall \ Pred. error in meters after a scale and shift alignment with ground

| PA mioU mDice FW | PA mioU mDice FW truth depth, and absolute relative depth error. Similar to
Staticbaselinf — - - - [0.8880.420 0.502 0.810 semantic segmentation, we use the sample of 6 frames and
SegFormer |0.926 0.677 0.744 0.7230.926 0.680 0.747 0.725 i
il etfehad - T give all of them to the teacher model and the rst 3 to our
LFG 0.947 0.768 0.827 0.7700.942 0.751 0.814 0.759 model. We also include strong monocular baselines (VGGT

and DAS3) to contextualize teacher quality; these results in-
We evaluate on semantic segmentation using KITTI- dicate that 3 remains the strongest teacher in our setting.



The results provided in Table 2 show that the depth pre- Table 4. Data-ef ciency comparison (PDMS”) on NAVSIM.

diction accuracy is on par with the teacher model (within LFGts pretrained encoder ylel_ds superior data ef_mency, demon-

1 meter across the board) and only slightly worse on pre-Strating strong performance in the low-data regime and outper-

dicted future frames. More visualizations can be found in forming other pretrained encoders across all label fractions.

the supplementary. Point cloud reconstruction. Fig. 7

provides a qualitative comparison of full point cloud recon- Method Input 1% 10% 100% Data
X 3 .

structlon.s from LFG and ,|IIustrat|ng.that LFG preserves DiffusionDrive 3Cam+L 64.9 72.6 88.1

geometric structure and camera motion even when predict-

ing future frames. DINOv3 1Cam 60.0 75.8 814
. L PPGeo 1Cam 615 65.6 74.6
4.2.3. Trajectory prediction 3 1Cam 562 775 8.8

LFG (Qurs) 1Cam 66.3 814 85.2

Table 3. Trajectory estimation results. RelPos is split into rota-
tion (deg) and translation (m). All pretrained encoders use a single front camera (3 frames) and the same
anchor-based decoder. DiffusionDrive is trained end-to-end with a
BEV-based ResNet backbone. L denotes LiDAR.

Dataset Method| ATE Rot Trans

043 132 031 . ,
LEG ‘ 1.00 230 031 Table 5. NAVSIM planning benchmark: single-camera LFG

vs BEV-based baselines. Higher is better for all metrics.

KITTI-360

3
Waymo ‘0.02 0.98 0.44

LFG 0.08 1.00 0.44

Method Input NC DAC TTC C. EP PDMS

As our model predicts camera poses of input 3 frames  Bgv Baselines
and future 3 frames, we evaluate the trajectory prediction UniAD 6Cam 978919 929 1000 788 834
on KITTI-360 and Waymo open dataset (200 sequences of 1. ccicor  3cam+l 97.7 92.8 92.0 1000 79.2 84.0
6 frames each), and compare it t& with all 6 frames as Hydra-MDP  3Cam+L 96.9 94.094.0 100.0 78.7 84.7
input. We report Absolute Trajectory Error (ATE), rotation DiffusionDrive 3Cam+L 96.8 95.4 94.7 100.0 82.0 88.1
error (Rot), and translation error (Trans). ATE measures
the discrepancy between predicted and ground-truth trajec-
tories after alignment. Rot and Trans denote the mean an+ = LIDAR.  1Cam uses only the front-view camera with past

. . temporal frames (3-frame input).

gular rotation error (deg) and mean translation error (m),
respectively. In Table 3, we can observe that while the met-
rics are slightly worse that the teacher model, the result is Taple 6. DiffusionDrive comparison on NAVSIM (PDMS").
still competitive, considering that our model does not have

LFG (Ours) 1Cam 98.2 93.7 94.4100.0 79.1 85.2

access to the last 3 frames. Method Input 1% 10% 100%
. Wg m_clude a qualitative motion V|§ual|zat|on in Fig. 8, SfusionDrve-DINOvZ 3CamiL 573 744 BLE
highlighting a pseudo-ground-truth failure case where LFG DiffusionDrive-DINOV2  1Cam 57.5 73.0 79.7

correctly separates static and dynamic objects. LFG (Ours) 1Cam 66.3 81.4 852

4.2.4. NAVSIM planning ne-tuning

PDMS summaries. We report PDMS scores for NAVSIM  tently achieves the best PDMS across all label fractions:
in the data-ef ciency table (Table 4), the DiffusionDrive at 10% labels, LFG attains 81.4 PDMS, matching the full-
comparison (Table 6), and the component/scaling ablationsdata performance of DINOv3, which highlights the effec-
(Table 7). Across these PDMS tables, LFG is consis- tiveness of our in-the-wild video pretraining. We attribute
tently strongest at 1% and 10% labels, and remains com-these gains to the encoder's stronger temporal understand-
petitive at 100%, outperforming DiffusionDrive-DINOv2 ing of the scene, allowing it to better leverage short past
variants while bene tting from increased pretraining data frame sequences for planning. It surpasses both one of its
and longer prediction horizons. Across these PDMS tables,teachers 2 and PPGeo [30], demonstrating how both pow-
LFG is consistently strongest at 1% and 10% labels, and re-erful feedforward architectures need semantic and temporal
mains competitive at 100%, outperforming DiffusionDrive- understanding of the future. More ablations are provided in
DINOv2 variants while bene tting from increased pretrain- the supplementary. Ablations. Table 7 shows that scal-
ing data and longer prediction horizons. Data ef ciency. ing pretraining data and extending the prediction horizon
Tab. 4 evaluates how well different pretrained encoders both improve PDMS at low-label regimes, while removing
transfer to NAVSIM planning as we vary the amount of segmentation/motion supervision or the autoregressive head
training data. Among pretrained encoders, LFG consis- degrades performance, con rming the importance of these
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