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Abstract—This paper introduces ProMix, an efficient data-
mixture optimization framework designed to handle the hetero-
geneity of large-scale robotic datasets. While Vision-Language-
Action (VLA) models benefit from diverse data, naive uniform
mixing often leads to performance saturation. ProMix adopts
a proxy-reference distillation architecture that learns optimal
per-domain sampling weights by minimizing the worst-case
excess loss against a frozen reference model. This mechanism
effectively mitigates the ”over-pessimism” common in traditional
distributionally robust optimization (DRO) when applied to
complex robotic distributions. Experimental results on 2.7M real-
world actions from the Open-X Embodiment dataset demonstrate
that ProMix improves average success rates from 68.4% to
76.2 %, with substantial gains (12-18%) in low-resource domains.
Crucially, ProMix achieves a 17x reduction in computational
overhead (11 vs. 192 GPU-hours) compared to existing adaptive
mixing methods, providing a scalable pipeline for pre-training
large-scale robotic foundation models.

Index Terms—Vision-Language-Action model, data mixture
optimization, proxy-reference model, imitation learning

I. INTRODUCTION

Vision-Language-Action (VLA) models, such as RT-2 [[1]
and the m model family [2], have achieved impressive gener-
alization by pre-training on massive, heterogeneous datasets
like Open-X Embodiment. However, effectively blending data
from disparate robot platforms and tasks remains a criti-
cal bottleneck. Naive uniform mixing often fails to capture
the varying importance of different domains, while current
adaptive mixing strategies like Re-Mix [3|] incur prohibitive
computational costs and often suffer from suboptimal weight
allocation.

A key limitation of existing robotics-focused data optimiza-
tion is the omission of the “proxy-reference” architecture.
Unlike the discrete token spaces of LLMs, robotic imitation
learning involves continuous, high-dimensional action spaces
with significant heteroscedastic noise. Without a dedicated
reference model to provide a baseline for “achievable loss,” a
standalone optimizer tends to become overly pessimistic, dis-
proportionately weighting inherently noisy trajectories rather
than those most conducive to cross-domain generalization.

We propose ProMix, a framework that systematically adapts
the complete proxy-reference methodology to robotics. By
utilizing a lightweight proxy model guided by a frozen ref-
erence model, ProMix minimizes excess loss across domains
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to learn robust mixture weights. This approach aligns with the
trend toward efficient, high-performance models like 7 5 [4]]
by significantly reducing the computational barrier to data-
mixture tuning.

Our key contributions are as follows:

« We provide a systematic adaptation of the “proxy-
reference” architecture for robotics, demonstrating that
the excess loss objective is essential for mitigating over-
pessimism in heterogeneous datasets.

« We propose ProMix, a computationally efficient frame-
work that consistently improves VLA success rates while
reducing training wall-clock time by over 17 x compared
to prior adaptive mixing methods [3]].

e We conduct experiments on 2.7M real-world actions,
showing that ProMix significantly outperforms uniform
and Re-Mix baselines, particularly in low-resource mi-
nority domains.

II. RELATED WORK

VLA Models and Data Efficiency. Foundation models
like RT-2 [1] and the 7 family [2], [4] demonstrate that
sophisticated data curation enables high-performance policies.
While recent works explore data efficiency through synthetic
generation [5] or distillation [6], they often treat heterogeneous
data equally. ProMix fills this gap by automating the discovery
of optimal data blends across disparate sources.

Intelligent Data Selection. Curriculum and active learning
[7], [8]] identify informative samples but often require costly
online interaction. Alternatively, data pruning and importance
sampling [5] improve efficiency by discarding data, which
may harm robustness in minority domains. In contrast, ProMix
retains the full dataset but dynamically re-weights domains to
ensure balanced generalization.

Distributionally Robust Learning. ProMix is grounded in
Distributionally Robust Optimization (DRO). Recent studies
like TaSIL [9] highlight DRO’s role in handling distribution
shifts. Unlike standard DRO which can be overly pessimistic
in noisy environments, our “excess loss” objective—inspired
by latent reasoning trends [10]—provides a more stable opti-
mization target.

Data Mixture Optimization (DMO). Originally pioneered
for LLMs by DoReMi [11], DMO uses a proxy-reference
architecture to learn optimal mixtures. Re-Mix [3] adapted
this for robotics but omitted the reference model, reducing
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Fig. 1: The ProMix Framework Architecture. The pipeline consists of two stages: (Stage 1) A proxy-reference optimization
loop that learns optimal domain weights p* by minimizing the worst-case excess loss of a 15M trainable proxy against a frozen

reference model; (Stage 2) Single-pass efficient training of the 7B VLA model using the transferred weights p*

compute from 192 to 11 GPU-hours.

it to standard worst-case DRO. We argue that in robotics,
the reference model is essential to prevent the optimizer
from being distracted by inherently noisy or “unlearnable”
trajectories. ProMix implements the complete methodology,
achieving superior performance and 17x higher efficiency
than Re-Mix.

III. PROBLEM FORMULATION

We consider training a large-scale VLA model 8 on a het-
erogeneous dataset D comprising N domains {D1,...,Dy}.
Each domain D; contains tuples of (s, a,l), where s, a, and [
represent state, action, and language instruction, respectively.
Standard imitation learning typically minimizes the uniform

empirical risk:
N
i Lo, (0
melnzla »,(0)

where Ly, (0) is the average behavior cloning loss. In large-
scale robotics, however, uniform mixing often causes perfor-
mance saturation, as gradient updates can be dominated by
massive but low-quality data, leading to suboptimal general-
ization on challenging “long-tail” domains.

To achieve cross-domain robustness, we frame data mix-
ture optimization as a Distributionally Robust Optimization
(DRO) problem. Traditional DRO (minmax Y p;L;) seeks to
minimize the worst-case loss across domains. In the context

D
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of robotics, this formulation is often counter-productive: it
inadvertently assigns the highest sampling weights to domains
that are inherently noisy or ’unlearnable” (e.g., chaotic human
teleoperation or low-precision sensing), rather than those that
are most beneficial for policy improvement.

We address this by defining a minimax objective based on
excess loss relative to a frozen reference model 6,.;. The
optimization seeks sampling weights p € A that minimize:

— Lo, (Orey)) (2)
Here, Lp,(0,cs) serves as an achievability baseline that cap-
tures the intrinsic difficulty of domain D,;. By minimizing the
“regret” against this baseline, the model is forced to prioritize
domains where the current policy significantly lags behind
its potential, effectively mitigating the over-pessimism that
plagues standard DRO.

Solving Eq. directly for a large-scale VLA is com-
putationally prohibitive. ProMix decouples this optimization
by employing a lightweight proxy model 6., to learn the
optimal mixture p*, which is then utilized for efficient, single-
pass final training.

IV. METHODOLOGY

ProMix introduces a two-stage pipeline designed to de-
couple data-mixture optimization from large-scale training.



This design leverages the theoretical observation that relative
domain difficulties and optimal data mixtures identified by
compact proxy models remain highly consistent when scaling
to larger architectures [11]]. As illustrated in Fig. [I] Stage 1
employs a dual-model distillation architecture where a proxy
model tracks the “achievable” learning progress relative to a
reference baseline. This feedback loop dynamically reshapes
the sampling distribution p*, prioritizing domains with high
information gain while filtering out heteroscedastic noise.

A. The Proxy-Reference Framework

We employ a Reference Model (0r) and a Proxy Model
(6p), both sharing a compact 15M-parameter VLA architec-
ture to minimize search-phase overhead.

o VLA Architecture: Our base architecture features an
EfficientNet-BO vision encoder processing a history of
6 images, a frozen T5-Base language encoder, and a
6-layer Transformer decoder. The visual and language
tokens are fused via cross-attention to predict discretized
action sequences through an MLP action head.

« Reference Model: 0y is pre-trained once on the full
dataset D using a uniform mixture and subsequently
frozen. It serves as a static benchmark for the “inherent
difficulty” of each domain D;. By using 6 as an
anchor, we prevent the optimizer from over-prioritizing
“unlearnable” noisy trajectories, a critical distinction from
standard DRO.

o Proxy Model: Op starts from a fresh initialization. It
iteratively learns optimal domain weights p by minimiz-
ing the excess loss relative to . This ensures that the
optimization effort is concentrated on domains where the
policy has the most significant room for improvement.

B. Learning and Transferring Weights

ProMix learns sampling weights p = [p1, ..., pn] by solv-
ing a distributionally robust minimax objective with entropy
regularization to prevent weight collapse:

i=1

The term L(0p) — L(OR) represents the per-domain regret.
We solve this via a two-step iterative optimization:

1) Model Update: For fixed p, we update the proxy pa-
rameters @p via AdamW to minimize the weighted loss:
Op < 0p — OéVgP [EpiL’D,i (ep)], where o« = 10%.

2) Weight Update: For a fixed proxy 0p, we update the
weights p; via exponentiated gradient ascent, yielding the
following closed-form update that naturally maintains the
simplex constraint:

exp (1 [Lo,(0p) — L, (0r)])
Z;yzl exp (n- [Lp,(0p) — Lo, (0r)])

pi < “4)

C. Final Model Training

Once the optimal weights p* converge, they are frozen and
transferred to the final large-scale VLA model 8, (e.g., 7B
parameters). The training objective follows:

N
min Y p; - Lo, (0L) ©)
=1

Unlike iterative re-weighting methods like Re-Mix [3] that
require multiple resource-intensive retraining passes of the
target model, ProMix identifies the optimal blend using a
15M proxy and requires only a single pass for the 7B model.
This architecture-agnostic transferability results in a reduction
of total computational overhead from 192 to 11 GPU-hours,
facilitating rapid iteration across the VLA pipeline.

V. EXPERIMENTS

In this section, we present a comprehensive evaluation of
ProMix. Our experiments aim to verify: (1) if ProMix out-
performs existing data mixture strategies; (2) the necessity of
the ”proxy-reference” architecture; and (3) the transferability
of learned weights across model scales.

A. Experimental Setup

We conduct experiments on a diverse subset of the Open-X
Embodiment Dataset [12], totaling approximately 2.7 million
real-world actions. The data is partitioned into distinct domains
based on robot embodiment (e.g., WidowX, URS, Franka) and
task categories (e.g., pick-and-place, door opening).

Model Architectures: We utilize a consistent VLA ar-
chitecture: a frozen EfficientNet-BO vision encoder (6-frame
history), a frozen T5-Base language encoder, and a 6-layer
Transformer decoder. The Reference (6z) and Proxy (6p)
models are compact (15M parameters), while the Final Model
(61) scales up to SOM and 7B parameters.

Training Details: Models are trained using AdamW with
weight decay 0.01. The learning rate for parameters is 1x10~*
with cosine decay, and for domain weights 7 = 10~2. Proxy
optimization runs for 100k steps on an NVIDIA H100 GPU.
We report mean £ 95% CI over 5 seeds; paired t-tests confirm
p < 0.05 for ProMix’s gains.

B. Main Results: Comparison with Baselines

Table [I] summarizes the performance against baselines
including Uniform Mixing, Proportional Sampling, Expert
Weights, and Re-Mix [3]]. ProMix achieves an average success
rate of 76.2%, outperforming Re-Mix by +1.4% and uniform
mixing by +7.8%. Notably, the minimum domain success rate
improves from 51.4% (uniform) to 68.5% (+17.1%), validating
the minimax formulation’s ability to lift challenging, low-
resource domains.

C. Ablation and Cross-Scale Generalization

We conduct ablation studies to verify the role of the
reference model. Removing 6 causes the proxy to minimize
raw loss, leading to a 3.8% drop in average SR and a 14.3%
crash in min-domain performance (Table [I). This confirms



TABLE I: Success Rate (%) Comparison on Open-X Embod-
iment

Method Avg. SR Min Domain ~ GPU-h
Uniform Mixing 684 + 1.2 514 -
Proportional Sampling  64.1 &= 1.5 47.2 -
Expert Weights 703 + 1.3 54.6 -
Re-Mix [3] 74.8 £ 0.9 65.4 192
ProMix (Ours) 76.2 + 0.7 68.5 11

that the excess loss objective is essential for mitigating over-
pessimism toward noisy data.

Furthermore, we transfer the weights p* learned by the 15M
proxy to larger models. As shown in Table [, ProMix yields
consistent gains across all scales, reaching a +11.4% relative
improvement for the 50M model. This justifies our “compute
once, deploy anywhere” workflow.

TABLE II: Ablation Study (Top) and Scaling Results (Bottom)

Ablation Variant Avg. SR (%) Min SR (%)
w/o Reference 724 + 1.1 54.2
w/o Entropy Regularization 73.8 £ 1.4 48.7
ProMix (Full) 76.2 + 0.7 68.5
Model Scale Uniform SR ProMix SR
15M (Proxy) 642 £ 1.5 689 + 1.1
50M (Medium) 684 + 1.2 76.2 + 0.7
7B (Large) 725+ 09 79.8 + 0.6

D. Qualitative Analysis
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Fig. 2: Radar plot of per-domain success rates across strategies.

The learned weights p* (Fig. ) converge to a stable
distribution that systematically depresses large, homogeneous
domains while elevating smaller, high-variance tasks. This
results in a 12-18% absolute gain in the most challenging

scenarios, ensuring robust zero-shot generalization across the
VLA pipeline.

VI. CONCLUSION

In this work, we presented ProMix, a computationally
efficient framework for optimizing data mixtures in large-
scale VLA pre-training. By systematically adapting the proxy-
reference distillation architecture to the robotics domain, we
demonstrated that optimal sampling weights can be learned
on a lightweight 15M model and successfully transferred to
7B+ architectures. Our results on Open-X Embodiment show
a 7.8% improvement in average success rate and a 17x
reduction in optimization overhead compared to prior art.

ProMix offers a practical and scalable solution for the VLA
pipeline, making high-performance data curation accessible
without industrial-scale compute. Future work will explore
integrating ProMix with automated dataset pruning and active
learning to further enhance the data efficiency of embodied Al
systems.
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