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Abstract

Large-scale deep learning models for physical AI appli-
cations depend on diverse training data collection efforts.
These models and correspondingly, the training data, must
address different evaluation criteria necessary for the mod-
els to be deployable in real-world environments. Data se-
lection policies can guide the development of the training
set, but current frameworks do not account for the ambigu-
ity in how data points affect different metrics. In this work,
we propose Mixture Optimization via Scaling-Aware Itera-
tive Collection (MOSAIC), a general data selection frame-
work that operates by: (i) partitioning the dataset into do-
mains; (ii) fitting neural scaling laws from each data do-
main to the evaluation metrics; and (iii) optimizing a data
mixture by iteratively adding data from domains that max-
imize the change in metrics. We apply MOSAIC to au-
tonomous driving (AD), where an End-to-End (E2E) plan-
ner model is evaluated on the Extended Predictive Driver
Model Score (EPDMS), an aggregate of driving rule com-
pliance metrics. Here, MOSAIC outperforms a diverse set
of baselines on EPDMS with up to 80% less data.

1. Introduction

Large-scale deep learning models are fueled by diverse data
collection efforts [35, 41]. This practice is particularly
prominent in physical artificial intelligence (AI) applica-
tions such as autonomous driving (AD), where video clips
are collected over different locations, weather, and traffic
conditions [12, 18]. It is computationally inefficient to train
models on all collected data, which in physical AI can scale
to hundreds of millions of hours of clips. This necessitates
data mixture selection policies to construct and grow train-
ing sets of diverse and influential samples that maximize
desired performance metrics.

Dataset selection and optimization has been broadly
studied from various perspectives. For instance, influence
(or duplicate) estimation techniques use feature informa-
tion to select useful data samples [1, 5, 49], while active
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Figure 1. (a-b) The data pool is partitioned into a set of discrete
domains which may each contribute to performance improvement
of different evaluation tasks at varying rates. (c-d) Example appli-
cation in autonomous driving: two clusters representing different
driving contexts—Pittsburgh (curvy suburban roads) and Las Ve-
gas (dense urban traffic). Data from separate contexts influence
different rule-compliance metrics at distinct rates.

learning strategies optimize over this feature space [38, 46].
Large language models (LLMs) and their multi-modal ex-
tensions have successfully leveraged scaling laws to fore-
cast how model performance improves with dataset size
[21, 26, 58]; this premise has expanded to other applica-
tions including AD [3]. Further, as data collection becomes
increasingly complex, scaling laws are used to determine
optimal mixtures of data from explicit domains (e.g., dif-
ferent languages, math, coding) [23, 36, 56]. Although
these methods present a general opportunity for physical AI
systems, they are not immediately usable for applications
that require both understanding and interacting with diverse
real-world scenarios for three main reasons. First, physical
AI systems are evaluated over a set of potentially compet-
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ing metrics [14, 57]. Second, different data samples can
influence different combinations of these metrics at various
rates. Finally, the data pool is not necessarily immediately
separable into subsets that have consistent, predictable in-
fluence on the metrics. Existing data mixture methods as-
sume well-defined and homogeneous domains. However,
they overlook the heterogeneous and metric-dependent im-
provement rates that arise when data sources influence dif-
ferent aspects of performance at varying rates [20, 54]. For
example, a physical AI system such as an autonomous ve-
hicle must progress along a route, follow driving rules, and
avoid collisions [14]. High-traffic and pedestrian-heavy
driving clips, when used for training, may impact certain
metrics more than others. Moreover, finding such a sub-
set of potential training data that has shared effects on the
metrics requires careful selection and mining.

In this work, we develop a data selection and mixture
optimization policy that addresses the present physical AI
challenges of multiple competing metrics and imprecise
data partitions. To address the challenge of imprecise data
domains, we first partition a data pool into a set of separable
clusters, within which we can rank samples on their influ-
ence to the metrics. We estimate the impact of each cluster
on each metric, and correspondingly, an overall utility func-
tion that aggregates all the metrics. This impact is measured
in terms of scaling laws that estimate the improvement to
the metrics if more data from a specific cluster were used for
training. Finally, we iteratively add new data to the training
set by identifying the cluster which will maximize the ex-
pected gain to the aggregate utility with each additional data
point. In this way, we optimize the mixture of data from our
generated partitions. Figure 1 summarizes the challenges.

We apply our framework, Mixture Optimization via
Scaling-Aware Iterative Collection (MOSAIC), for End-to-
End (E2E) autonomous driving, where the challenges of
data heterogeneity and metric competition are particularly
pronounced. The goal is to optimize the Extended Predic-
tive Driving Model Score (EPDMS), which aggregates a di-
verse set of rule-compliance metrics. MOSAIC is more data
efficient than existing methods and achieves better EPDMS
performance than naı̈ve baselines with up to 82% less addi-
tional data. Our contributions are:
• We propose MOSAIC, a generic data mixture optimiza-

tion pipeline that (i) clusters and ranks data, (ii) models
domain-specific data scaling, and (iii) mines samples to
maximize the expected gain over aggregate metrics.

• We apply MOSAIC to End-to-End Autonomous Driv-
ing (E2E AD) on the NAVSIM and OpenScene bench-
marks using the challenge winning Hydra-MDP model
[33], where it achieves substantially higher driving per-
formance than existing data selection and mixture base-
lines, and improve data efficiency by up to 82%. More-
over, MOSAIC achieves the full training performance

while requiring 42% less data samples.
• We empirically demonstrate the necessity and robustness

of our joint clustering and scaling procedure. First, MO-
SAIC outperforms baselines regardless of the clustering
approach (e.g., semantic captions, geolocation). Second,
embedding scaling laws on top of clustering significantly
outperforms clustering-only strategies. This underscores
the importance of our principled data selection strategy,
which leverages the estimated improvement rates of dif-
ferent data clusters to maximize model performance un-
der limited data budgets.

2. Related Works

Data Mixtures. Recent work has highlighted the im-
portance of how data from different domains are com-
bined for large-scale model training [17, 23, 36, 39, 53–
56]. DoReMi [53] employs two proxy models to esti-
mate domain weights based on excess loss, which are later
used to reweigh domains when training a larger model.
DOGE [17], tracks domain-specific gradients while train-
ing the proxy model to better capture inter-domain dynam-
ics. Chameleon [54] instead leverages kernel similarity
scores computed in the model’s latent space to assign adap-
tive weights to data from different sources. Another line of
work treats data mixture optimization as a regression prob-
lem: many small proxy models are trained with varying
mixtures, and a regressor is then fit to predict the optimal
mixture at larger scale [36, 56]. A particularly relevant ap-
proach to ours is ADO [23], which begins with a random
data mixture and fits scaling estimators on the fly during
training. The gradients of these estimators are used for mix-
ture reweighting. However, ADO does not model how per-
formance scales with different data sources in isolation, and
it requires a temporal averaging mechanism with multiple
hyperparameters to maintain the precision of scaling fits.
Although the aforementioned data mixture methods assign
weights to samples from different domains, these weights
can also be interpreted as sampling probabilities for con-
structing mixtures with varying domain ratios. In our ex-
periments, we adopt Chameleon [54] as a baseline, since it
has been shown to outperform other mixture algorithms.
Data Pruning & Selection. Data pruning aims to identify
a compact subset of training data by removing redundant
samples while preserving model performance [47]. In vi-
sion tasks, Abbas et al. [1] proposed removing visually sim-
ilar samples using cosine similarity in the CLIP [43] feature
space. Follow-up works extended this idea to specialized
domains such as object detection [25] and fairness-aware
multimodal learning [48]. It has also been shown analyti-
cally that optimal pruning strategies can improve power-law
scaling behavior [49]. A closely related line of work, Ac-
tive learning (AL), aims to maximize model performance
improvement under a limited annotation budget [44, 59].
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In this setting, the model has access to a large unlabeled
data pool and, based on some selection signal the most
informative samples are identified to be used for training.
Early works focused on using the model’s prediction uncer-
tainty, quantified through posterior probabilities [32], clas-
sifier margins [45], or entropy [24]. A notable method,
CoreSet [46], seeks representation diversity by mining sam-
ples that maximize coverage in the latent space. Other data
selection strategies quantify the sample importance using
expensive signals such as influence on model updates [37],
gradient-based criteria [8] or forgetting score [50].
End-to-End Autonomous Driving. This task aims to train
planner models that map raw sensory inputs directly to con-
trol commands. Early approaches [4, 10, 42] learned con-
trol actions from RGB inputs via imitation learning, while
later works incorporated richer input modalities such as Li-
DAR and navigational commands [9, 52]. Recently, con-
ventional open-loop metrics have been shown to correlate
poorly with closed-loop driving quality [13, 34]. This moti-
vated the development of simulation benchmarks that better
reflect real-world driving performance [14] and, AD models
to employ probabilistic and rule-compliant trajectory plan-
ners [7, 22, 33].

3. MOSAIC

3.1. Main Problem

We want to train a Deep Neural Network (DNN) f(·;D) on
a dataset D to perform a given task. We evaluate model
performance using a set of R metrics Gr(f(·;D),Dval)
for r → {1, · · · , R}, where Dval is a held-out valida-
tion dataset. For brevity, we denote Gr(f(·;D),Dval) by
Gr(D). To balance the trade-offs between the metrics, we
use a utility function U({Gr(D)}Rr=1) that aggregates each
metric into a final score. We do not assume about the struc-
ture of the utility function; for example, the simplest ap-
proach would be a summation U(·) =

∑R
r=1 Gr(D).

We initialize with a current training dataset Dtrain and a
data pool Dpool. Given a budget B, our goal is to select a
subset Dsel ↑ Dpool with |Dsel| = B that maximizes the
improvement in model performance when f is retrained on
the combined dataset Dtrain ↓Dsel. Formally, we write

max
Dsel→Dpool

|Dsel|=B

U

(
{Gr(Dtrain ↓Dsel)}Rr=1

)
(1)

To solve problem (1), we must determine how each data
sample added in Dsel influences each of the metrics, while
optimizing the trade-offs between these metrics to maxi-
mize U(·). For instance, in our AD application, f(·;D)
is a planner model that maps sensory inputs to a predicted
driving trajectory. Here, our goal is to identify driving clips
that optimize the Extended Predictive Driving Model Score

Algorithm 1 Mixture Optimization via Scaling-Aware Iter-
ative Selection (MOSAIC)
Require: Pool dataset Dpool, number of clusters M , sam-

ple selection budget B.
Ensure: Selected dataset Dsel

1: {Di,ranked
pool }Mi=1 = ClusterAndRank(Dpool,M)

2: {!Ûi(n)}Mi=1 = GetScalings({Di,ranked
pool }Mi=1)

3: Dsel ↔ {}
4: bi ↔ 0 for all i → {1, . . . ,M}
5: while |Dsel| < B do

6: for i = 1 to M do

7: ωi(bi) ↔ !̂Ui(bi + 1)↗ !̂Ui(bi)
8: end for

9: j ↔ argmaxi ωi(bi)
10: sample ↔ ReturnSample(Dj,ranked

pool , bj)
11: Dsel ↔ Dsel ↓ {sample}
12: bj ↔ bj + 1
13: end while

14: return Dsel

(EPDMS) [6, 27], which is an aggregate of R = 9 closed-
loop rule compliance scores: NC, DAC, DDC, TLC, EP,
TTC, LK, HC, EC. Each driving clip can showcase only
certain aspects of driving rule compliance, e.g. driving on a
curvy road might improve lane keeping while degrading the
comfort, however our goal is to elevate the model perfor-
mance across all metrics. Consequently, solving this prob-
lem requires disentangling the relationships between the
data samples and the metrics before optimizing the trade-
offs between them.

3.2. Scaling-Aware Iterative Collection

We propose Mixture Optimization via Scaling-Aware It-
erative Collection (MOSAIC); a three-stage data selection
framework: (i) first, cluster the pool Dpool into partitions
that capture distinct driving scene contexts and rank the data
samples based on an importance score within each cluster;
(ii) estimate the scaling law of adding data from each clus-
ter with respect to the utility U ; and (iii) iteratively mine
samples from the clusters to optimize 1. Figure 2 visualizes
our framework. Algorithm 1 summarizes the steps.

3.2.1. Clustering & Ranking the Data

Before solving problem (1), we first disentangle the rela-
tionships between the metrics and data samples by cluster-
ing the data pool into a set of structured domains [15, 47].
Our goal is to find subsets of the data pool that have simi-
lar influence, i.e., samples that all influence the same set of
metrics. Given a feature representation, we cluster the data
pool into M domains, i.e., Dpool =

⋃M
i=1 Di

pool. For exam-
ple in AD, we may partition clips into clusters of highway
driving, busy intersections, and calm local streets, that pri-
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Figure 2. Overview of the proposed MOSAIC framework. (a) The pool Dpool is clustered and ranked by sample importance. (b) Cluster-
wise scaling laws are fitted on pilot runs to estimate how performance scales with added data. (c) Samples are then iteratively mined from
the cluster with the highest estimated marginal gain under the fitted scaling laws.

marily address ego progress, collision avoidance, and traffic
light compliance, respectively.

Although, clustering separates the data into domains of
similar influence, each domain will include samples that
have stronger influence than others [28, 30]. When adding
data, we should first exhaust the higher-influence samples
[49]. As a result, we rank the samples x within each clus-
ter via an importance score I(x). In our application, we
define importance by evaluating the model on that sample
I(x) := U({Gr(f(·;Dtrain), x)}Rr=1). Later when adding
data from each cluster, we first select samples with higher
I(x) (Line 1 of Algorithm 1).

3.2.2. Selecting Data by Optimizing a Mixture

Given a set of discrete domains, problem (1) can be re-
formulated into a data mixture optimization problem. Let
Di

sel ↑ Di
pool be the data added from the i-th domain and

let Dsel = ↓M
i=1Di

sel. Furthermore, because each sample
in Di

pool is ranked via importance scores, it remains only to
determine how many samples to draw from each domain.

Mathematically, we reformulate problem (1) to a proxy
optimization problem below

max
n1,··· ,nM ,

∑M
i=1 ni=B

!Umix(n1, · · · , nM ) (2)

where ni := |Di
sel| is the number of samples drawn from

the i-th domain and !Umix(n1, · · · , nM ) is

U

(
{Gr(Dtrain ↓ {

M⋃

i=1

Di
sel})}Rr=1

)
↗U({Gr(Dtrain)}Rr=1)

the change in utility after adding ni points from each do-
main. Note that the objective above is equivalent to opti-
mizing U({Gr(Dtrain ↓ {↓M

i=1Di
sel}}Rr=1)), but we use the

above formulation since it explicitly expresses the problem
in terms of performance gains from additional data.

Solving problem (2) requires quantifying how adding
data samples from each domain will improve U(·). We
estimate this by approximating !Umix into separate effect

from each cluster and then estimating the effect of data from
each domain via a scaling law. First, we apply the following
linear separable approximation

!Umix(n1, . . . , nM ) ↘
M∑

i=1

!Ui(ni). (3)

where each !Ui(n) is the improvement in utility when
adding only the data from the i-th domain

U

({
Gr(Dtrain ↓Di

sel)
}R

r=1

)
↗ U

({
Gr(Dtrain)

}R

r=1

)

Intuitively, the approximation in (3) assumes that each
domain has an independent effect on the overall !Umix.
Moreover, this assumption allows us to estimate how model
performance scales if we add data from each domain inde-
pendently. We use a saturating exponential scaling law

!Ui(n) ↘ !̂Ui(n) := ai(1↗ e
↑n/ωi) (4)

where ai and εi are learnable parameters of the scaling law
estimated from small-scale pilot-runs (we provide details
in Section 9 of the Appendix.), and n denotes the number
of added samples [55]. Here, ai represents the asymptotic
improvement on the total utility U when sampling from
domain i, while εi governs the saturation rate, i.e., how
quickly the marginal benefit of adding data from the domain
decreases. Obtaining the scaling esimators is symbolically
captured in line 2 of Algorithm 1. Then, substituting (4) into
problem (2) yields a concave maximization problem that we
can compute and solve.

3.2.3. Scaling-Aware Iterative Data Collection by First-

Difference Steps

We propose an efficient algorithm to solve problem (2) by
allocating data samples one-by-one from the domain that
stands to give the highest marginal improvement to Umix

at any given time. Intuitively, this iterative adding of data
mimics a gradient-based approach of taking small steps to
optimize the data mixture.
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Suppose that we have so far added bi data points from
each cluster in order to generate Dsel. Then, let

ωi(bi) := !̂Ui(bi + 1)↗ !̂Ui(bi), (5)

be the marginal improvement in !̂Ui(bi) if we draw one
additional data point from the i-th domain. Mathematically,
ωi(bi) is an approximate first-difference analogue of the par-
tial derivative of Umix. Furthermore, because !̂Ui(n) is
a concave function of n, this difference decreases as bi

increases. This means that at a certain point, each do-
main yields diminishing value to the training dataset and
we should draw from other domain.

In our algorithm, we iteratively add data from the domain
with the highest marginal improvement. In each iteration, if
we have so far drawn bi samples from the i-th domain, we
first identify j = argmaxi ωi(bi). We then sample a data
point from Di

pool according to the importance scores I(x).
We then update our counts bi, and repeat the process until
we have reached the budget (lines 5-14 in Algorithm 1).

4. Experiments

We empirically evaluate MOSAIC on two different datasets
(Openscene and Navtrain) using a challenge-winning
model Hydra-MDP, and report consistent gains in the model
performance at all budgets while being up to 80% data effi-
ciency than the baselines.

4.1. Protocols

We provide more details in Section 7 of Appendix.
Datasets. We use two train–pool configurations: the cu-
rated Navtrain [14] split and the full trainval split
of Openscene [11]. For clarity, we refer to the latter as
the Openscene experiment. In both settings, evaluation
is conducted on the curated validation split navtest [14].
Both datasets contain driving session clips lasting from 30
seconds to 50 minutes, which has significant temporal vari-
ation over a limited number of sessions. Consequently, we
segment each session into fixed-length 10-second virtual
clips (20 frames at 2 Hz) and by doing so, we align our data
handling practice with the industry standards [16]. In the
experiments, each virtual clip is treated as a single sample.

For Navtrain, we use the dataset as both Dtrain and
Dpool, comprising 4,601 virtual clips. We randomly select
460 clips for Dtrain, with the remaining 4,141 clips form-
ing Dpool. We evaluate all methods under budgets B →
{100, 200, 400, 800, 1600, 2400}. For OpenScene, we
randomly select 1,000 clips as the Dtrain and reserving the
remaining 31,539 as Dpool. The sample selection budgets
of this setting are B → {250, 500, 1000, 2000, 4000, 8000}.

Model. We use the Hydra-MDP model [33], the winner
of the NAVSIM Challenge in 2024 [14], with a pretrained

VoVNetV2-99 backbone [31, 40]. The trajectory vocabu-
lary size is set to 16,384. For Openscene experiments,
rule-based distillation is disabled due to the substantial pre-
processing time required to compute compliance scores.

Baselines. We compare MOSAIC against several baseline
data selection strategies:
• Random: selects clips uniformly from the pool dataset

under the given selection budget.
• Uncertainty [24]: measured via the entropy of the trajec-

tory logits. Samples with higher entropy are prioritized.
• Coreset [46]: selects samples from the pool that maxi-

mize diversity over the feature space.
• Chameleon [54]: a data mixture framework that uses ker-

nel ridge scores using domain embeddings in the model’s
feature space to assign mixture weights to each domain.

Pseudo-codes are in Section 7 of Appendix. For Chameleon
and MOSAIC, we cluster Dpool into domains defined by the
map metadata (i.e., Boston, Pittsburgh, Singapore, Vegas).
Each experiment is repeated with three random seeds. For
Openscene experiments with more than 1,000 clips, we
use two seeds to reduce computational cost. Reported re-
sults are averaged over runs, and the standard deviation is
shown as a subscript in the tables.

Metrics. We evaluate models using the EPDMS, an ag-
gregate of nine rule-compliance metrics that has been
shown to correlate strongly with closed-loop driving per-
formance [6, 14]. Consequently, EPDMS has become the
standard evaluation metric for AD planners, replacing con-
ventional open-loop measures such as ADE and FDE. For-
mally, EPDMS is computed as:

EPDMS :=
∏

m↓Mpen

m .

∑
m↓Mavg

wmm
∑

m↓Mavg
wm

where Mpen := {NC,DAC,DDC,TLC} denotes the set of
penalty terms, and Mavg := {EP,TTC,LK,HC,EC} de-
notes the metrics combined via a weighted average, with
weights {5, 5, 2, 2, 2} respectively [6]. The glossary of the
rule compliance metrics are in Section 7 of Appendix.

Similar to the relevant works [51], we also measure how
each data selection policy improves EPDMS relative to the
Random baseline to assess sample efficiency. Specifically,
we report the Budget Ratio to Match Random (BRMR);
the ratio of the data budget B required by each method to
achieve the same EPDMS performance attained by random
selection at the same budget. Formally, let Bk denote the
number of samples required by selection strategy k to match
the EPDMS obtained by random sampling with budget B.
Then BRMR := Bk/B. Lower BRMR indicates greater
sample efficiency, as it reflects fewer samples needed to
achieve the same performance level as random selection.
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Table 1. Validation EPDMS (higher is better) and BRMR (lower is
better) reported in OpenScene (Section A) and Navtrain (Section
B) settings. We report the results for all budgets in Section 8 of
Appendix.

A. Openscene B. Navtrain

Budget Method EPDMS (≃) BRMR (⇐) EPDMS (≃) BRMR (⇐)

Random 72.84±1.14 1.00 84.66±0.60 1.00
Uncertainty 70.78±0.59 14.58 84.50±0.48 1.47

Coreset 76.26±0.48 0.20 85.29±0.47 0.53
Chameleon 72.97±1.72 0.86 84.57±0.18 1.07

A. 250
B. 100

MOSAIC 77.38±1.58 0.15 86.29±0.43 0.30

Random 75.84±0.90 1.00 86.69±0.20 1.00
Uncertainty 71.12±0.38 8.00 86.07±0.75 2.00

Coreset 80.46±0.02 0.22 87.09±0.29 0.79
Chameleon 79.08±0.74 0.49 87.04±0.60 0.82

A. 1000
B. 400

MOSAIC 81.68±0.52 0.18 88.21±0.03 0.38

Random 80.38±0.55 1.00 88.62±0.22 1.00
Uncertainty 73.46±0.19 2.00 87.75±0.37 1.36

Coreset 83.63±0.36 0.25 89.30±0.19 0.58
Chameleon 82.92±0.13 0.39 89.50±0.20 0.62

A. 4000
B. 1600

MOSAIC 84.25±0.14 0.18 90.18±0.25 0.37

4.2. Main Results: Openscene

Table 1 (Section A) reports the EPDMS and BRMR scores
for different data selection methods. Across all clip budgets
B → {250, 1000, 4000}, MOSAIC consistently achieves the
highest EPDMS, approximately one point higher than the
next best method. This demonstrates the superior utility
gains of MOSAIC under limited data. Moreover, MOSAIC
requires over 80% fewer samples to match the performance
achieved by random selection (i.e., BRMR < 0.2).

We break down EPDMS into the individual nine met-
rics in Table 2. Section A corresponds to the Openscene
experiments. The base model before data collection is par-
ticularly limited in DAC and EC, which impact EPDMS.
MOSAIC achieves the largest gain in DAC, nearly 10 points
higher than the base, and improves EC and EP, while main-
taining balanced performance gains across other metrics. In
contrast, the other methods yield less gains over the base
DAC, and instead improves TTC and EC, that have less
effect on the final EPDMS. On the other hand, MOSAIC
achieves consistently Top-2 performance across all rule-
compliance metrics, while strategically prioritizing DAC,
the metric with the greatest room for improvement. This
underscores the importance of incorporating scaling-aware
collection into the data selection strategy to optimize U

more effectively and achieve better trade-offs across com-
peting metrics.

4.3. Main Results: Navtrain

Compared to Openscene, Navtrain is a curated dataset
emphasizing non-trivial driving scenarios such as dense
traffic and complex maneuvers. Table 1 (Section B) sum-
marizes the EPDMS and BRMR results. Here, MOSAIC
consistently delivers the strongest performance, achieving
up to 1.1 points higher EPDMS than the next best method

across all budgets. It also attains the lowest BRMR values
(< 0.4), corresponding to a 60–70% reduction in the num-
ber of samples needed to match the performance of Ran-
dom. We conclude that MOSAIC remains highly effective
even on the more challenging, curated Navtrain split,
where each clip already carries substantial learning value.

The section B of Table 2 reports the breakdown
of EPDMS. MOSAIC achieves consistent improvements
across all metrics, with the largest gains observed in DAC,
NC, and LK. Importantly, MOSAIC understands the trade-
off between the metrics, and shifts the collection effort from
saturated, less impactful metrics toward those that require
more improvement. Overall, MOSAIC provides a more bal-
anced and sustained improvement profile, suggesting that
the scaling-aware allocation identifies data with broader
generalization benefits. Ultimately, this allows MOSAIC to
achieve a higher EPDMS than the baselines under the same
clip budget.

4.4. Ablating the effectiveness of MOSAIC

Dynamics of scaling-aware data selection. In the
Openscene experiments, Dpool is partitioned based on
geolocation into four domains corresponding to Las Vegas,
Boston, Singapore, and Pittsburgh. Figure 3 illustrates the
fitted scaling curves for each city, where ϑ markers denote
the pilot-run results used to estimate the parameters of the
scaling curves in Equation 4. We note that different do-
mains scale at different rates depending on the how many
clips are added. Specifically, data collected from Boston
and Singapore yield the largest initial performance gains in
the low-data regime (< 500 clips), while Pittsburgh main-
tains steadier improvements and eventually supercedes all
other domains at high data budgets. In contrast, the Las Ve-
gas cluster provides the smallest gains and saturates early.
These heterogeneous scaling behaviors are later exploited
by the scaling-aware selection policy of MOSAIC to maxi-
mize the performance gain, under varying data budgets.

Figure 4 shows how these fitted scaling laws influence
the order in which samples are added to the training set.
The y-axis lists data clusters, i.e. the city names, and the
x-axis denotes the iteration index. Each bar indicates from
which cluster the next sample is collected from at any it-
eration. During the early stages, only Boston and Singa-
pore are actively mined, while Las Vegas and Pittsburgh are
largely ignored. Figure 3 (top right) confirms this behavior:
when the budget is 250, most selected clips originate from
Boston and Singapore. As the returns from Boston and Sin-
gapore diminish, Pittsburgh’s steadier scaling curve makes
it increasingly favorable between indices 500 to 3700. Fig-
ure 3 (bottom right) shows that at 4000 clips, the selected
set is dominated by Pittsburgh samples. After around 3700
collection rounds, the Pittsburgh data domain is exhausted.
Beyond approximately 2500 sample selections, the scaling
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Table 2. Breakdown of the nine EPDMS rule-compliance metrics for the base model and the models trained with data selected by various
strategies at a single budget, shown for both the OpenScene and Navtrain experiments.

Setting NC (≃) DAC (≃) DDC (≃) TLC (≃) EP (≃) TTC (≃) LK (≃) HC (≃) EC (≃) EPDMS (≃)

A. Openscene Base 94.05 83.9 96.28 99.6 85.96 92.95 93.26 98.25 81.88 72.0

Budget
4000 Clips

Random 96.32±0.59 90.53±0.06 99.06±0.07 99.79±0.05 86.36±0.48 95.66±0.52 95.68±0.09 98.30±0.01 84.46±0.14 80.38±0.55
Uncertainty 94.67±0.28 85.11±0.51 97.15±0.54 99.71±0.04 84.26±0.69 93.72±0.40 93.26±0.09 98.28±0.02 81.34±1.06 73.46±0.19

Coreset 97.11±0.18 92.93±0.60 99.44±0.06 99.82±0.02 86.65±0.55 96.42±0.19 96.66±0.30 98.16±0.12 85.10±0.06 83.63±0.36
Chameleon 96.76±0.24 92.32±0.02 99.51±0.01 99.77±0.01 86.98±0.17 95.91±0.31 96.49±0.12 98.32±0.01 85.51±0.11 82.92±0.13
MOSAIC 96.97±0.32 93.59±0.11 99.59±0.04 99.80±0.01 87.14±0.98 96.18±0.45 96.62±0.08 98.28±0.01 85.06±0.34 84.25±0.14

B. Navtrain Base 95.3 95.94 99.09 99.6 88.09 94.55 94.49 98.25 82.39 83.97

Budget
1600 Clips

Random 97.17±0.07 98.19±0.43 99.42±0.05 99.69±0.02 89.36±0.12 96.50±0.14 96.45±0.25 98.31±0.03 83.17±0.76 88.62±0.22
Uncertainty 96.92±0.38 97.66±0.08 99.22±0.10 99.77±0.02 89.02±0.28 96.24±0.40 96.10±0.07 98.30±0.01 82.92±0.38 87.75±0.37

Coreset 97.50±0.10 98.31±0.34 99.59±0.03 99.72±0.05 89.27±0.21 96.86±0.07 96.75±0.22 98.30±0.03 83.88±0.50 89.30±0.19
Chameleon 97.43±0.22 98.46±0.17 99.60±0.05 99.75±0.03 89.60±0.19 96.83±0.30 96.89±0.07 98.30±0.03 83.87±0.34 89.50±0.20
MOSAIC 98.04±0.24 98.61±0.32 99.63±0.06 99.73±0.02 89.28±0.19 97.50±0.32 97.07±0.06 98.28±0.04 83.70±0.41 90.18±0.25

Figure 3. (Left) Performance scalings of different clusters, ob-
tained by fitting the estimator in Equation 4 on 2 pilot runs, de-
noted by ω. (Right) Geolocation distributions at different budgets
as a result of scaling-aware iterative selection.

curves of Boston, Singapore, and Pittsburgh approach sat-
uration, causing their marginal gains to diminish. As a re-
sult, the expected improvement from the initial Las Vegas
samples becomes comparable to those of the other regions,
leading MOSAIC to mine from Vegas.

MOSAIC is optimal under different clustering mecha-

nisms. Instead of partitioning the data pool into domains
separated by geolocation, we cluster the Navtrain data
pool using captions generated for each clip. We use the
Qwen-2.5-VL-32B-Instruct model [2] to generate captions
for all clips in Dpool. We form six clusters that capture dis-
tinct driving and scene contexts using the TF-IDF feature
vectors of the generated captions. The top uni-grams and bi-
grams characterizing each cluster are provided in Table 3.

Figure 5 reports the validation EPDMS as a function
of the data selection budget for all strategies. We also in-
dicate the base performance and the full-training perfor-
mance, corresponding to the model trained by including all

Table 3. Top uni-grams and bi-grams of different clusters.

Uni-grams & Bi-grams

Cluster 1 calm, day, street, trees, signs, yellow
Cluster 2 signals, crossing, crosswalks, pedestrians
Cluster 3 highway, vehicles, busy urban, palm trees
Cluster 4 building, area, large, paved, parking
Cluster 5 city street, major city, moderate
Cluster 6 precipitation, potential rain, overcast, cloudy

4,141 clips in Dpool for training. (We provide full table with
subscores in Section 8 of Appendix) MOSAIC consistently
outperforms all baselines, including Chameleon (i.e., the
other data mixture optimization method); requires 61% and
52% fewer samples than random selection to match its per-
formance at the highest budgets of 1,600 and 2,400 clips,
respectively. Moreover, MOSAIC reaches the full perfor-
mance of training with all data samples using only 2,400
clips, i.e., 42% fewer samples. Interestingly, Chameleon
degrades under caption-based clustering, despite being the
strongest baseline in the previous setting. This indicates that
its kernel ridge weighting is highly sensitive to the structure
of the clustered domains. Also, since the clustering choice
only affects Chameleon and MOSAIC, the other strategies
have the same performance as before.

Combining clustering and ranking yields the best data

selection policy. We ablate the effects of both clustering
and ranking components by individually disabling them.
First, we use a “w/o Clustering” variant where we sim-
ply rank Dpool by the EPDMS importance scores I(x) and
greedily add samples with the lowest scores until reaching
the collection budget. Second, we use a “w/o Ranking” vari-
ant where we disable the ranking step, while retaining clus-
tering and the scaling-aware estimation of how many sam-
ples to collect. Here, we simply sample data points from
each domain randomly to satisfy the budget. Moreover, the
scaling laws are also estimated on unranked domains.

Figure 6 visualizes these baselines to show that perfor-
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Figure 4. Visualization of the scaling-aware iterative data selection process. The x-axis denotes the sample selection iterations, and the
y-axis lists the cluster names. Each vertical bar indicates from which cluster the next sample is mined at a given iteration, based on the
estimated cluster-wise scaling fits. The left panel shows the complete selection process up to 4,000 clips, and the right panel zooms into
iterations 3,700–3,750 for clarity.

52%
61%

Figure 5. Validation EPDMS for various budgets obtained by dif-
ferent strategies when Navtrain data pool is clustered using clip
captions. MOSAIC requires 61% and 52% fewer clips than Ran-
dom selection to match its performance at the 1,600- and 2,400-
clip budgets, respectively.

mance improvements in the low-data regime (up to a collec-
tion budget of 800 clips) can largely be attributed to ranking.
The MOSAIC and w/o Clustering variants achieve compet-
itive EPDMS in this region. However, in the higher data
regime, merely adding clips with low EPDMS scores be-
comes less effective, as the performance of w/o Clustering
begins to lag behind MOSAIC. Finally, we note that both of
these disabled variants still outperform random collection
by a large margin.

5. Limitations

We note two key limitations of MOSAIC. First, the relax-
ation from Equation 2 to Equation 3 assumes that each
cluster’s contribution is well captured by its own scaling
curve !Ui(n), with limited cross-cluster interactions. Con-
sequently, if the clustering fails to produce well-separated
groups, this assumption may be violated, leading MOSAIC
to suboptimal allocation.

Second, MOSAIC relies on pilot runs to estimate cluster-
specific scaling curves, which introduces additional com-
putational cost. However, as shown in Section 9 of the Ap-
pendix, accurate scaling fits can be obtained efficiently us-

Figure 6. Analyzing the contribution of different components of
the MOSAIC framework.

ing small pilot subsets or through continual training. Thus,
despite the initial overhead for the pilot runs to obtain clus-
ter scalings, MOSAIC ultimately requires less total compute
to achieve superior performance in the large-data regime.

6. Conclusion

We introduce MOSAIC, a scaling-aware data selection
framework that jointly leverages clustering, ranking, and
scaling-law modeling to maximize the performance of a
model defined by multiple competing metrics, under a lim-
ited data budget. We apply MOSAIC to E2E AD, where
a planner model uses a diverse data pool to optimize a
utility function that aggregates competing rule compliance
metrics. Empirically, MOSAIC consistently outperforms
existing data selection and mixture baselines on both the
Openscene and Navtrain datasets by achieving sub-
stantial gains in EPDMS and sample efficiency. Ablation
studies further highlight the framework’s mechanisms, an-
alyze the necessity of the individual components compo-
nents, and demonstrate robustness to clustering choices as
long as semantic consistency is maintained. Overall, MO-
SAIC offers a general and principled blueprint for identi-
fying influential data in large-scale, heterogeneous learning
systems.
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