SIMSCALE: Learning to Drive via Real-World Simulation at Scale
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We outline the supplementary material as follows. In
Sec. A, we first provide additional discussions of related
work. Sec. B presents further implementation details re-
garding data curation and models. In Sec. C, we report
extended experimental analyses and qualitative results
corresponding to the main experiments (Sec. 3). In Sec. D,
we further present additional experimental studies. Fi-
nally, Sec. E discusses the limitations and broader impacts,
and Sec. F lists the licenses of all utilized assets.

A. Related Work
A.1. End-to-End Autonomous Driving

End-to-end system maps directly from raw sensor inputs
to planning [6]. Early works adopt regression-based plan-
ning and gradually shift from extra task branches [8, 26, 65]
to unifying perception, prediction, and planning under
joint supervision [22, 27, 28, 52, 64]. Recent work has
moved toward generative approaches. Diffusion-based sys-
tems [11, 38,47, 51, 69] are framed as a conditional denois-
ing process, enabling diverse and high-fidelity trajectories.

Concurrently, trajectory scoring has emerged as an effi-
cient alternative, ranking candidate trajectories under spline
curves [4, 21], discretized tokens [16, 29], clustered human
trajectories [48, 50], or predicted proposals [19, 46, 60, 67].
Moreover, it offers a natural interface for reward- or cost-
based optimization [16—-18, 32, 47, 49, 53], enabling rein-
forced improvements. Still, supervision on logged end-to-
end data limits training to the expert’s open-loop distribu-
tion, causing compromised learning in the drifted state of
sensory data. We address this by introducing a scalable
simulation framework that reactively generates end-to-end
pairs using pseudo-experts or rewards, allowing end-to-end
systems across any above paradigms to bootstrap extra su-
pervision from existing training data.

A.2. Scene Simulation for Driving

Scene simulation, including traffic behavior simulation and
sensor simulation, has long been a key topic in autonomous
driving research. For traffic simulation, existing works [3,
16, 83] leverage rule-based planners like IDM [62], or
diffusion-based generators [3 1, 86] to simulate plausible in-
teraction of traffic agents. For sensor simulation, traditional
graphics-based simulators [14, 40] suffer from a significant
sim-to-real gap, which limits the real-world deployment of
trained planners. Recent data-driven efforts follow two di-
rections: some approaches [1, 44, 63, 70, 75, 84, 85] at-
tempt to generate sensor data in unseen scenarios via video
generation models conditioned on 3D bounding boxes, HD
maps or BEV maps. Other works focus on scene recon-
struction [3, 7, 30, 54, 68, 71, 83] to build photorealistic
simulators for novel-view synthesis, using techniques like
Neural Radiance Fields (NeRF) and 3D Gaussian Splatting
(3DGS). Although these methods achieve impressive visual
results, most are primarily designed for closed-loop eval-
uation or visual augmentation. Our work aims to explore
how to use traffic and sensor simulation to generate realis-
tic scenes with feasible demonstrations for planner training,
and its impacts on planner performances.

A.3. Data Scaling for Driving

Recent data scaling laws have driven major advances in
foundation models [33, 58, 76, 80], but their impact on au-
tonomous driving planning remains underexplored. Prior
researches [24, 56, 81] demonstrate that increasing real-
world data from thousands to millions of driving logs im-
proves end-to-end planner performance, though improve-
ments diminish. Dense supervision from video predictions
improves this data scaling efficiency [45]. For planners op-
erating on abstract BEV representations, industry efforts



[2, 23] demonstrate clear benefits from scaling real-world
data and model capacity, while self-play [9, 10, 77] scales
reinforcement learning via massive simulation to achieve
strong zero-shot sim-to-real transfer. However, most exist-
ing approaches rely on costly real-world collection or traf-
fic simulation, which expands only in abstract state spaces
rather than raw sensory domains. 3D rasterization pro-
vides a lightweight remedy, but suffers from information
loss [15]. In contrast, we investigate scaling properties of
planning directly through large-scale 3DGS sensory simu-
lation, which bridges abstract traffic simulation and real-
world perception, offering a scalable and realistic alterna-
tive to real-world data collection.

A.4. Comparison with Online RL
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Figure 1. Learning paradigm comparison of e2e autonomous
driving between 3DGS-based Online RL and SimScale.

Online reinforcement learning (RL) [25, 39, 41] in traffic
simulators learn through exploration and feedback. Sensor
simulation serves as a bridge to real-world environments,
enabling real-world RL for autonomous driving, i.e., 3DGS-
based Online RL [16], as shown in Fig. | (a). In contrast,
the proposed SimScale introduces an alternative framework,
as illustrated in Fig. 1 (b), that generates OOD states with
expert demonstrations at scale, enabling real-world simu-
lations to support both imitation learning (IL) and reward
learning (i.e. Offline RL) across arbitrary planners.

B. Extended Implementation Details

B.1. Simulation Data Curation

Tab. 1 summarizes the detailed terms with notation and
value used in the simulation data curation process to sup-

Table 1. Simulation Data Curation Pipeline Configurations.

Term Notation Value

3DGS Data Engine
Peak signal-to-noise ratio of GS

PSNR <27

Trajectory Perturbation

Clustered human traj vocabulary V. 16, 384
Relative heading range to log Al +20°
Longitudinal shift range Tlon +20m
Lateral shift range Tlat +2m
Longitudinal sampling step Olon 5m
Lateral sampling step Slat 0.5m

Reward filterer R%eprDMS =08

Pseudo-Expert Trajectory Generation
Reward filterer
Recovery-based
Whole human traj vocabulary Va
Planner-based

Privileged planner P

Sm=1,Ym#EP
Sgp>0.5

R’;:XFE)DIWS
103,288

PDM-Closed [12]

Table 2. Model and Training Hyperparameters.

Hyperpara. ‘ LTF [8] DiffusionDrive [51]  GTRS-Dense [50]
Model Configuration

Sensors 3 x Cam. 3 x Cam. 3 x Cam.
Resolution 2048 x 512 2048 x 512 2048 x 512
Horizon 4s 4s 4s
Frequency 2Hz 2Hz 10Hz
Backbone R34 [20] R34 [20] R34 [20]/V99 [36]
Parameters 56M 61M 67M / 83M
Aux. Tasks Det. Seg. Det. Seg. None
Training Configuration

GPUs 8 x H20 8 x H20 32 x H20
Epochs 100 100 50

Total BS 512 512 352

Initial LR 2.83 x 107* 6x 107" 4x107*
Schedule Constant Cosine Decay Cosine Decay
Optimizer Adam [35] AdamW [55] AdamW [55]

plement Sec. 3.1 curation pipeline in the main paper. For
pseudo-expert trajectory generation, we discard infeasible
candidates to ensure valid supervision. Specifically, all sub-
metrics of EPDMS must be satisfied, with Sgp relaxed:
EP > 0.5, preventing biased driving styles. Qualitative re-
sults during curation are shown in Sec. C.2

B.2. Models and Training

Tab. 2 provides the detailed model and training hyperparam-
eters that complement Sec. 3.1 implementation protocol in
the main paper. We follow the NAVSIM [13] default setup
and use only the train logs [34] of navtrain for both
real-data training and sim-real co-training. All planners
share identical settings across the real or sim-real training
setups, and each model is trained to saturation to ensure the
validity of the subsequent scaling analyses.

LTF. [8] A regression-based planner that directly regresses
future waypoints upon fused sensory latents. It employs



Table 3. Detailed Results on navhard. PDM-Closed uses ground-truth symbolic inputs for planning, while other methods rely on sensor
data. (recovery / planner: recovery-based / planner-based expert; reward: reward-only scoring; S.: per-stage EPDM score.)

Method | Backbone | Sim. | Stage | NCt DACT DDCT TLCT| EPt TTCT LKt HCT ECT | S | EPDMS?

S1 944 988 100  99.5 100 935 993 877 360 -
PDM-Closed [12] ‘ : ‘ : ‘ s2 ‘ 881 906 963 985 ‘ 100 831 737 915 254 ‘ - ‘ 513
Regeression-based Planner
p S1 973 802 978 993 | 834 962 929 978 711 | 613 -
wio S2 | 794 690 856 985 | 838 767 479 970 706 | 392 :
S1 964 784 989 998 | 805 962 927 976 782 | 60.7
LTEE] ‘ ResNet34 ‘ recovery ‘ s2 ‘ 889 711 918  99.0 ‘ 773 855 538 968 475 ‘ 46.3 ‘ 298
. S1 96.1 853 994 993 | 847 947 936 976 713 | 663 302
planner | g5 | 855 669 91.6 991 | 930 8.1 583 951 429 | 448 -
Diffusion-based Planner
y S1 968 8.0 988 993 | 840 958 967 976  79.6 | 667 s
wo S2 80.1 728 844 984 | 859 766 464 963 728 | 405 :
T S1 972 884 991 998 | 839 960 967 976 769 | 69.4
51
DiffusionDrive (51] ‘ ResNet34 ‘ recovery ‘ s2 ‘ 824 617 891 986 ‘ 89.0 776 538 952 468 ‘ 417 ‘ 304
; S1 972 887 993 993 | 828 969 980 973 596 | 675 1.6
ptanner | g, 824 721 929 985 | 921 806 608 954 319 | 468 .
Scoring-based Planner
p S1 993 966 99.6 100 | 574 995 926 895 164 | 67.1 183
wo S2 | 928 886 955 994 | 559 913 557 911 357 | 558 :
| st 976 942 993 996 | 767 976 949 971 378 | 69.8 150
recovery g9 920 881 943 986 | 836 898 581 914 259 | 593 :
ResNet34
. S1 987 942 997 100 | 743 982 958 967 347 | 708 161
ptanner—| - g9 942 921 950 990 | 799 918 589 910 329 | 639 :
. S1 976 964 993 100 | 757 978 933 973 329 | 724 o
rewar S2 | 943 927 951 995 | 802 915 562 906 283 | 634 -
GTRS-Dense [50]
p S1 989 949 991 100 | 761 984 938 949 378 | 704 419
wro S2 | 8.9 905 941 993 | 776 885 560 920 302 | 585 :
] S1 991 982 994 100 | 719 991 956 958 324 | 734 6.4
recovery | go 950  90.8 946 994 | 755 935 574 937 368 | 63.1 :
V2-99
p S1 993 971  99.9 100 | 672 993 940 944 236 | 717 47
ptanner S2 956 919 950 989 | 767 937 619 908 380 | 655 :
4 S1 993 976 994 100 | 715 996 960 958 307 | 725 180
rewar S2 949 943 945 993 | 790 926 578 934 309 | 654 -

Table 4. Detailed Results on navtest. (recovery / planner: recovery-based / planner-based expert; reward: reward-only scoring)

Method | Backbone | Sim. | NCT DACT DDCT TLCT| EPT TTCT LKt HCt ECT | EPDMSt
Human Agent | - | - | 100 100 99.8 100 | 87.4 100 100 98.1 90.1 | 90.3
Regression-based Planner
| | who | 977 94.0 99.3 99.8 | 872 96.7 95.5 98.3 829 | 81.5
LTF [8] | ResNet34 | recovery | 979 95.1 99.5 99.8 | 877 97.2 97.2 98.3 87.1 | 83.6
| | planner | 98.3 95.6 99.6 99.8 | 87.1 97.5 97.2 98.3 882 | 84.4
Diffusion-based Planner
| | wo | 984 95.5 99.5 99.8 | 875 97.5 96.9 98.4 87.7 | 84.2
DiffusionDrive [51] | ResNet34 | recovery | 98.4 96.7 99.6 99.8 | 876 97.5 97.5 98.3 87.1 | 85.4
| | planner | 98.5 97.1 99.6 99.8 | 874 97.8 98.0 98.3 875 | 85.9

Scoring-based Planner

| | w/o | 97.6 97.5 99.0 99.9 | 87.9 97.0 95.9 97.5 55.9 | 82.3
| | recovery | 98.2 97.9 99.5 99.9 | 87.2 97.8 96.3 97.6 56.5 | 83.4
ResNet34
| | planner | 97.8 98.3 99.5 99.9 | 89.2 97.3 97.3 96.9 55.1 | 84.0
| | reward | 98.4 98.8 99.4 99.9 | 88.0 98.0 96.5 97.6 58.0 | 84.6
GTRS-Dense [50]
| | w/o | 97.6 98.5 99.5 99.9 | 89.5 97.2 96.8 97.2 57.2 | 84.0
| | recovery | 98.3 98.7 99.4 99.9 | 88.9 97.9 97.1 97.6 55.9 | 84.5
V2-99
| | planner | 98.7 99.0 99.5 99.8 | 86.8 98.3 95.9 97.9 58.5 | 84.5
| | reward | 97.6 98.9 99.6 99.9 | 89.9 97.1 97.2 97.7 58.7 | 84.8




pretrained ResNet34 [20] as image encoder and is trained
for 100 epochs on 8 GPUs with a total batch size of 512 and
a learning rate of 2.83 x 104

DiffusionDrive. [51] A multi-modal, DETR-style genera-
tive planner that iteratively denoises diverse trajectories us-
ing anchor-conditioned truncated diffusion. Each anchor
adaptively queries the encoded image features. It employs
pretrained ResNet34 [20] as image encoder and applies
truncated diffusion with 20 clustered anchors. It is trained
for 100 epochs on 8 GPUs with a total batch size of 512 and
a learning rate of 6 x 1074,

GTRS-Dense. [50] A scoring-based, DETR-style planner
that ranks a dense vocabulary of clustered human trajec-
tories using multiple supervised scoring heads. Inputs are
augmented with random spatial shifts. It employs pre-
trained ResNet34 [20] or V2-99 [36] as image encoder with
an action space of 16,384 trajectories. It is trained for 50
epochs on 32 GPUs with a total batch size of 352 and a
learning rate of 4 x 10~4. We use a vocabulary of 16,384
trajectories for training. At inference time, 8,192 trajecto-
ries are used for navhard, while the full 16,384 trajectories
are used for navtest.

C. Extended Experimental Results

C.1. Detailed Leaderboard Results

In the main paper Sec. 3.2, Tab. | and Tab. 2 report only the
best results in navhard and navtest of each planner co-
training (highlighted in blue rows ). Supplementary Tab. 3
and Tab. 4 provide full results across different pseudo-
experts and the reward-only scoring method. The best re-
sults remain highlighted in blue rows , allowing direct com-
parison with the main paper. Planner-based experts gen-
erally outperform recovery-based experts, while scoring-
based planner benefits most from reward-only method.

C.2. Complete Qualitative Results

We show extended visualizations of our simulated data
in Fig. 5 and Figs. 6-8, which demonstrate the high fi-
delity and pseudo-expert generation of our data generation
pipeline. More OOD simulation scenes are shown in Fig 9.

Recovery-based Expert. As shown in Fig. 5, all simula-
tion trajectories successfully converge back to the human
expert’s final waypoint.

Planner-based Expert As shown in Figs. 6-8, the simu-
lated feasible trajectories under perturbed states exhibit sub-
stantial variation and broader coverage across diverse traffic
scenarios, including the Y-branch intersection, the dense ur-
ban avenue, and the narrow local road.

C.3. Scaling of Reactive vs. Non-Reactive

In the main paper, Tab. 4 reports only a subset of simulation
rounds for GTRS-Dense. Supplementary Fig. 2 provides
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Figure 2. Scaling dynamics under reactive and non-reactive
simulation using GTRS-Dense across model sizes.

the full scaling curves, demonstrating that reactive simula-
tion data consistently achieves superior scaling performance
across model sizes.

D. Additional Experimental Results
D.1. Multi-Expert Ensemble

Table 5. The effect of multi-expert ensemble on navhard us-
ing GTRS-Dense. (S, /2:Per-stage EPDM scores; recovery / plan-
ner: recovery-based / planner-based expert; reward: reward scor-
ing only; *:multi-expert ensemble)

Backbone | Sim  Expert | S;+ S»t EPDMS?
\ | 67.1 558 383
v recovery | 69.8 59.3 43.0
ResNet34 v planner | 70.8  63.9 46.1
v reward | 724 634 46.9
| v * | 728 651 417
\ | 704 585 41.9
v recovery | 73.4  63.1 46.4
V2-99 v planner | 71.7  65.5 47.7
v reward | 72.5 65.4 48.0
| v x* | 748 676 50.9
* | v | 754  66.4 50.4

Different pseudo-experts exhibit distinct behavioral charac-
teristics, e.g., the recovery-based expert is more conserva-
tive, whereas the planner-based expert is more exploratory.
This raises the question of whether these complementary
properties can be leveraged jointly. Therefore, we conduct
a simple ensemble study, multi-expert enseble as we call
it, to examine their potential complementarity on navhard,
as shown in Tab. 5. The scoring-based GTRS-Dense plan-
ner is chosen because it enables a straightforward ensemble:
the predicted sub-scores of each trajectory in the vocabulary
can be directly averaged across the three models (recovery-
based, planner-based, reward-only scoring).

Ensemble Gains from Expert Diversity. As shown in
Tab. 5, this simple multi-expert ensemble yields consistent
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Figure 3. EgoMLP EPDMS on simulation and real data. (a) EPDMS distribution under simulation versus real-world data. (b) Scenario
tags ranked by EPDMS. The figures reveal the distribution shift and scenario characteristics of simulation data.

improvements for both backbones, achieving +0.8 and +2.9
EPDMS on ResNet34 and V2-99 compared with reward-
only scoring, respectively, for navhard. Further enlarging
the ensemble to all six models yields no additional EPDMS
gains. These indicate that, for end-to-end planning, dif-
ferent pseudo-experts provide strong complementary ben-
efits—often exceeding the gains brought by different back-
bone structures.

D.2. Effect of Scenarios beyond Scaling

Beyond data scaling, simulation data exhibits an out-of-
distribution shift relative to real-world data. We provide
a preliminary analysis of these characteristics by evaluat-
ing an EgoMLP planner, trained on navtrain, on both
navtest and simulation data, as shown in Fig. 3. (1) Fig. 3
(a): Sim data shows a lower EPDMS distribution than real
data, confirming a higher safety-critical level. (2) Fig. 3 (b):
Low EPDMS scores across nuPlan scenario tags identify
challenging simulation scenarios, facilitating future study
on their distinct impact, e.g., increasing their proportions
during simulation.

D.3. Effect of Simulation Visual Fidelity

Table 6. Effect of simulation visual fidelity on navhard using
GTRS-Dense, across sampling rounds and co-training strategies.

Pseudo-Expert ‘ Reward-Only Scoring

Backbone ‘ PSNR ‘
\ | #R1 #R2 | #R1 #R2
<27 |410 411 |408 416
ResNet34 ‘ > 27 ‘ 419 412 ‘ 43 429
<27 | 444 445 [437 448
VEO | S 07 | 454 461 | 449 463

We retrain GTRS-Dense with new simulation data of
PSNR < 27 (~10Kx2 rounds) and compare it with the
matched samples randomly selected from simulations with
PSNR > 27. The former represents lower reconstruc-
tion quality and is more likely to yield simulations with re-
duced visual fidelity. As shown in Tab. 6, simulation data

EPDMS

with PSNR > 27 consistently yields higher EPDMS under
different data scales and co-training strategies. These re-
sults indicate that simulation data with higher visual fidelity
helps reduce the visual gap between simulation and real-
world observations, thereby improving the effectiveness of
simulation data.

D.4. Scaling with Varying Scales of Real Data

Only Real sim-Real

+16.7%
+14.9%

+11.5%
+9.2%

] +10.8%
l +121%
Samples Samples
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+ Real Data +Real Data

(a) GTRS-Dense-ResNet34 | 67M (b) GTRS-Dense-V2_99 | 83M

+16.7%

EPDMS

+22.4%

Figure 4. Scaling simulation with varying real data. Simula-
tion data are scaled by corresponding real data scenario tokens and
fixed sim-real data ratio

To assess the practical utility of our approach, we study
how simulation data affects performance as the amount of
available real-world data scales up. Based on GTRS-Dense
with reward-only scoring sim-real co-training, we conduct
experiments with different real data from navtrain (10K,
20K, 50K, 100K). Inspired by [1], simulation data are gen-
erated from identical scenarios of corresponding real data
tokens, and we fix the sim-real data ratio (five sampling
rounds) for each experiment.

Sustained Simulation Gains Across Real Data Scales.
As shown in Fig. 4, our simulation data provides the most
significant gains when real data is scarce (10K), achieving
+22.4% EPDMS on ResNet34 and +12.1% EPDMS on
V2-99 for navhard. As the amount of real data increases
(from 10K to 100K), these gains remain consistently high,
without noticeable narrowing. This demonstrates that our
simulation data can effectively complement limited real-



world data and still offers substantial potential to further
exploit and amplify the value of real data even when it is
abundant.

E. Limitations and Broader Impact
E.1. Pseudo-Expert

Despite its effectiveness, our pseudo-expert generation
pipeline has limitations. Current rule-based trajectory per-
turbations are static. A potential enhancement is the self-
evolving approach [74], using pretrained planners to it-
eratively explore the simulator and collect recovery data.
Additionally, the privileged BEV planner we use is rule-
based with limited performance, causing some degradation
in comfort metrics (HC, EC in Tab. 3) and failing in ex-
tremely corner cases. More advanced learning-based BEV
planners [25, 61, 82] could further improve generation effi-
ciency and realism.

E.2. Scene Simulation

For traffic behavior simulation in our decoupled scene sim-
ulation paradigm, other agents are controlled by IDM [62],
which enables interaction but limits scenario diversity.
Diffusion-based traffic generators [31, 42, 86] offer a
promising improvement. For sensor simulation, feedfor-
ward GS [5, 72] can improve reconstruction efficiency,
while adding modalities like LiDAR [37] provides comple-
mentary modality information. Furthermore, unified world
models [59, 66, 73, 78, 79] can serve as a substitute for both
behavior and sensor simulation.

E.3. Self-Play

Self-play [9, 10] allows the ego and surrounding agents to
share learned policies instead of relying on separate traf-
fic behavior simulators, enabling behaviors to co-evolve
through interaction. With sensor simulation, it can support
end-to-end policy learning and potentially improve robust-
ness in long-tail scenarios, though it remains limited by in-
teraction cost and simulation fidelity.

E.4. Societal Impact

Despite promising improvements, pseudo-expert scene sim-
ulation still has room for quality and efficiency enhance-
ments for real-world deployment. Co-training may be af-
fected by unrealistic simulation visuals and distributional
differences in real-world corner cases, which could lead
to potential risks. We hope SimScale will inspire both
academia and industry in driving and robotics to leverage
real-world simulation to address rare corner cases in data
scaling, advancing fully autonomous systems that are robust
and generalizable. In addition, we will provide the commu-
nity with a fully open-source simulation dataset and training
framework to promote academic research on autonomous
driving in simulation.

F. License of Assets

All training and evaluation are performed on data from pub-
licly licensed datasets [3, 34, 57]. The real-world data
engine is based on the MTGS codebase [43] under the
Apache-2.0 license. We adopt publicly available end-to-end
planners, including GTRS [50] (Apache-2.0) and Diffusion-
Drive [51] and LTF [8] (MIT).
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Figure 6. Qualitative results of planner-based expert with real and simulation data. (Y-branch intersection)
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