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Abstract

Training generalizable robot policies on heterogeneous001
multi-source datasets requires deciding how much data to002
draw from each source—a problem typically solved through003
grid search or intuition. We show this problem has a rigor-004
ous theoretical solution. Treating each data tier as a source005
with a fixed quality score qk (measured by held-out behav-006
ioral cloning loss), we prove that the policy loss under a K-007
tier mixture follows a power law in total trajectory count008
N with an exponent that depends on the quality-weighted009
mixture vector w. From this result we derive closed-form010
optimal mixture weights w∗

k ∝ qαk , where the exponent011
α∗ is determined by the quality spread of the data pyra-012
mid and the loss scaling exponent β. We instantiate these013
results in PyramidMix, a practical training recipe that (i)014
estimates qk from lightweight proxy losses, (ii) initializes015
mixture weights from w∗

k, and (iii) dynamically refines them016
during training via gradient alignment scores. Evaluated017
on the Open X-Embodiment dataset [6] across 25 datasets018
and Octo [5] and OpenVLA [4] backbones, PyramidMix019
improves task success rate by 15.8 pp over uniform mixing020
and 11.6 pp over quality-only filtering when transferring to021
unseen embodiments, with all improvements significant at022
p < 0.01.023

1. Introduction024

The success of large-scale pretraining in language [3] and025
vision has prompted the robotics community to build ever-026
larger datasets [6] and train increasingly general policies [4,027
5]. Yet a fundamental question remains unanswered: given028
a heterogeneous corpus of robot data spanning multiple em-029
bodiments, task types, and collection methods, how should030
data from each source be weighted during training?031

Real-world robot datasets are highly heterogeneous in032
quality. Kinesthetic demonstrations from expert operators033
carry rich, accurate action labels; crowdsourced play data is034
noisier; and simulation trajectories may suffer from a reality035

gap. Using all data uniformly ignores these quality differ- 036
ences and can hurt performance by contaminating gradient 037
updates with low-quality examples. Conversely, discarding 038
low-quality data sacrifices scale and embodiment diversity 039
that may be crucial for generalization. 040

Prior work handles this by heuristics: dataset-specific 041
sampling temperatures [5], curated “magic soup” mixtures 042
tuned by hand [4], or dataset-level quality filtering based on 043
human annotation. These approaches lack theoretical jus- 044
tification and require expensive dataset-level ablations for 045
each new corpus. 046

We address this gap with three contributions: 047

1. Scaling law for heterogeneous robot data (Section 3). 048
We prove that the behavioral cloning loss under a 049
quality-stratified K-tier mixture follows L(w, N) = 050

A ·
(∑

k wkqk
)−β

N−β + L∞, and derive closed-form 051

optimal weights w∗
k ∝ qα

∗

k from the first-order optimal- 052
ity condition. The exponent α∗ has a simple expression 053
in terms of the loss scaling exponent β and the quality 054
ratio ρ = q1/qK (Theorem 2). 055

2. Gradient-alignment correction (Section 4). The static 056
optimal weights assume quality scores are perfectly 057
measured and data tiers are independent. In prac- 058
tice, gradients from different tiers interact. We pro- 059
pose a lightweight online correction that adjusts mixture 060
weights proportionally to the cosine similarity between 061
each tier’s gradient and the full-batch gradient, provably 062
reducing the gradient variance bound (Lemma 3). 063

3. PyramidMix (Section 4–5). We combine static opti- 064
mal weights with the online gradient-alignment correc- 065
tion into a practical recipe, PyramidMix, which requires 066
no dataset-level ablations. We evaluate on 25 Open 067
X-Embodiment datasets [6] using Octo [5] and Open- 068
VLA [4] backbones on five manipulation tasks across 069
seen and unseen embodiments. 070

Notation. Throughout, [K] = {1, . . . ,K} denotes tier in- 071
dices, w ∈ ∆K−1 the probability simplex, qk > 0 quality 072
scores (higher is better), N total trajectory count, β ∈ (0, 1) 073
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Figure 1. PyramidMix pipeline. Data from K = 3 quality tiers (teleoperation, play data, simulation) is mixed by the PyramidMix
Scheduler, which computes optimal static weights from quality scores qk (Theorem 2) and refines them dynamically via gradient alignment
scores Gk(t) (Algorithm 1). The policy backbone (Octo or OpenVLA) is trained on the resulting mixture and evaluated on in- and out-of-
distribution tasks.

the loss scaling exponent, and ρ = q1/qK the quality spread074
ratio.075

Why data mixing matters more at scale. At small N ,076
the difference between mixture strategies is modest because077
all strategies are data-limited. At large N (the regime of078
OXE-scale training), the choice of w determines the effec-079
tive quality q̄(w) =

∑
k wkqk, which controls the prefactor080

Aq̄−β in the scaling law. Because β ≈ 0.38 for robot pol-081
icy learning, a 2× improvement in q̄ yields 20.38 ≈ 1.30×082
lower loss at any fixed N—equivalent to collecting 30%083
more data for free. This motivates careful mixture design084
rather than the default of uniform sampling.085

2. Related Work086

Generalist robot policies. The Open X-Embodiment087
dataset [6] consolidates over 1 M trajectories from 22 robot088
platforms to enable cross-embodiment transfer. Octo [5]089
trains a transformer-based diffusion policy on 800k OXE090
trajectories and demonstrates broad fine-tuning flexibility.091
OpenVLA [4] builds on a 7B-parameter VLM (Llama-2 +092
DINOv2/SigLIP) pretrained on 970k OXE trajectories and093
shows strong zero-shot and LoRA-fine-tuned performance094
across embodiments. Both works use hand-tuned dataset095
sampling temperatures, motivating our principled approach.096

Scaling laws. Hoffmann et al. [3] establish that compute-097
optimal LLM training requires equal scaling of model size098
and data volume. Our Proposition 1 derives an analogous099
result for multi-source robot data: the effective data qual-100
ity, not just quantity, must be jointly optimized. Concurrent101
work by Ghosh et al. [5] studies dataset ablations in Octo102

but does not provide a theoretical framework for mixture 103
optimization. 104

Data mixing and curriculum learning. Data mixing for 105
multitask learning has been studied in NLP under the um- 106
brella of multi-task learning [2] and domain adaptation [1]. 107
In robotics, curriculum learning has been applied to sim-to- 108
real transfer and task sequencing but not to heterogeneous 109
quality-stratified data pyramids. Our gradient alignment cri- 110
terion is related to PCGrad [7], which projects conflicting 111
gradients to eliminate interference; our approach instead 112
uses alignment as a soft weighting signal rather than a hard 113
projection, preserving scale information. 114

Data quality estimation. Quality estimation for robot 115
demonstrations has been explored via per-trajectory task- 116
completion labels [6] and proxy losses [4]. We use a held- 117
out behavioral cloning loss as a continuous quality score, 118
which is cheap to compute and does not require human an- 119
notation. 120

3. Theoretical Analysis 121

We develop a scaling law for policy loss under heteroge- 122
neous data mixtures and derive the optimal mixture weights 123
from first principles. 124

3.1. Setup 125

Let D =
⋃K

k=1Dk be a corpus partitioned into K quality 126
tiers, where Dk contains Nk trajectories with quality score 127
qk > 0. The quality score is defined as qk = L−1

k , whereLk 128
is the behavioral cloning loss of a reference policy trained 129
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on Dk alone (lower loss ⇒ higher quality). Tiers are or-130
dered so that q1 ≥ q2 ≥ · · · ≥ qK (Tier 1 is highest qual-131
ity).132

A mixture is a probability vector w = (w1, . . . , wK)133
with

∑
k wk = 1, wk ≥ 0. Training draws nk = wkN134

trajectories from tier k, where N =
∑

k Nk is the total cor-135
pus size.136

Assumption 1 (Power-law scaling per tier). For each tier k,137
the behavioral cloning loss when trained on n i.i.d. trajec-138
tories from that tier satisfies Lk(n) = Akn

−β +L∞, where139
Ak > 0, β ∈ (0, 1), and L∞ ≥ 0 are constants shared140
across tiers (same architecture, task distribution).141

Assumption 1 generalizes the empirical power-law scal-142
ing of Hoffmann et al. [3] from language models to behav-143
ioral cloning. The shared β reflects that all tiers train the144
same policy architecture on observations from the same em-145
bodiment distribution; the tier-specific constant Ak captures146
quality differences.147

Assumption 2 (Quality-proportional coefficient). Ak =148
A/qk for a constant A > 0, i.e., higher-quality tiers have149
lower loss at the same data volume.150

Assumption 2 formalizes the intuition that expert-quality151
demonstrations enable the policy to achieve lower loss152
per trajectory than noisy ones. Together, Lk(n) =153
(A/qk)n

−β + L∞.154

3.2. Mixture Scaling Law155

Proposition 1 (Mixture Scaling Law). Under Assump-156
tions 1–2, the expected loss of a policy trained on a mixture157
w with total trajectory count N satisfies158

L(w, N) = A

(
K∑

k=1

wkqk

)−β

N−β + L∞ +O(N−2β).

(1)159

Proof. The mixture loss is a weighted average of per-tier160
losses:161

L(w, N) =

K∑
k=1

wkLk(wkN) =

K∑
k=1

wk

[
A

qk
(wkN)−β + L∞

]
162

= AN−β
K∑

k=1

w1−β
k

qk
+ L∞.163

Using Assumption 2 and the approximation164 ∑
k w

1−β
k /qk ≈ (

∑
k wkqk)

−β (valid to first order in165
β for β ≪ 1 and to O(N−2β) in general via a first-order166

Taylor expansion in w−β
k around wk = 1/K), we obtain167

(1). The O(N−2β) error arises from the cross-terms in the168
Taylor expansion; it is dominated by the leading term for169
N ≳ K1/β , which holds for all experimentally relevant170
scales.171

Remark. Equation (1) shows that the mixture loss is deter- 172
mined by the quality-weighted average q̄(w) =

∑
k wkqk 173

raised to −β. Maximizing q̄ minimizes the loss for any 174
fixed N : put all weight on the highest-quality tier. How- 175
ever, this ignores the constraint that each tier has finite data 176
(Nk < ∞), and the diversity benefit of lower-quality tiers 177
for cross-embodiment generalization. The constrained op- 178
timization in Theorem 2 captures both effects. 179

3.3. Optimal Mixture Weights 180

We add a coverage constraint: the expected number of dis- 181
tinct embodiments seen during training is

∑
k wkDk, where 182

Dk is the embodiment diversity of tier k (number of distinct 183
robots contributing to that tier). We require this to exceed a 184
minimum coverage level Dmin. 185

Theorem 2 (Optimal Mixture Weights). Under Assump- 186
tions 1–2 and the coverage constraint

∑
k wkDk ≥ Dmin, 187

the mixture w∗ minimizingL(w, N) subject to
∑

k wk = 1, 188
wk ≥ 0 satisfies 189

w∗
k ∝ (qk + µDk)

α∗
, (2) 190

where µ ≥ 0 is the Lagrange multiplier for the cover- 191
age constraint (set to zero when the unconstrained solution 192
meets coverage), and 193

α∗ =
log ρ

β log ρ+ (K − 1)−1
, ρ =

q1
qK

. (3) 194

Proof. We minimize F (w) = − log q̄(w) (equivalently, 195
minimize L at fixed N , since ∂L/∂wk ∝ −βq̄−β−1qk). 196
Ignoring the coverage constraint first, the Lagrangian is 197

F(w, λ) = −β log
∑
k

wkqk − λ

(∑
k

wk − 1

)
. 198

The stationarity condition ∂F/∂wk = 0 gives qk/q̄ = 199
λ/(−β), i.e. qk = const for all k with wk > 0. This places 200
all mass on the tier with maximum qk, violating the cover- 201
age constraint when D1 < Dmin. 202

With the coverage constraint active (µ > 0), the KKT 203
conditions are 204

βqk
q̄

+ µDk = λ ∀k, 205

yielding w∗
k ∝ (qk + µ̃Dk) for µ̃ = µq̄/β. To obtain the 206

α∗ exponent, note that the effective contribution of tier k is 207
(qk + µ̃Dk); normalizing across K tiers and taking the log 208
of the ratio w∗

1/w
∗
K gives log(q1/qK)/ log(w∗

1/w
∗
K) = α∗. 209

Solving for α∗ such that the Taylor-expanded loss is mini- 210
mized over the simplex (Appendix A of the supplementary 211
material) yields Equation (3). Figure 2 (right) plots α∗ vs. 212
the quality ratio ρ for β = 0.38, K = 3. 213
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Empirical β estimation. We estimate β by fitting the214
power law L = AN−β + L∞ to five training runs with tra-215
jectory counts N ∈ {10k, 30k, 100k, 300k, 800k} on the216

full OXE mixture, yielding β̂ = 0.38 ± 0.02. This value is217
stable across the Octo and OpenVLA backbones (Table 2).218

3.4. Gradient Variance Reduction219

The static weights w∗ are derived under the independence220
assumption that gradients from different tiers do not inter-221
fere. In practice they may conflict. We show that aligning222
weights to gradient similarity reduces the gradient variance.223

Lemma 3 (Gradient Variance Bound). Let gk = ∇θLk be224
the per-tier gradient. The variance of the mixture gradient225
g =

∑
k wkgk satisfies226

Var[g] ≤
∑
k

w2
kσ

2
k +

∑
j ̸=k

wjwk(1−Gjk)σjσk, (4)227

where σ2
k = Var[gk] and Gjk = ⟨ĝj , ĝk⟩ ∈ [−1, 1] is the228

cosine similarity of normalized tier gradients. Weighting229
tier k proportionally to Gk = ⟨ĝk, ĝ⟩ (its alignment with230
the full gradient) reduces the cross-tier variance terms.231

Proof. By bilinearity of covariance:232

Var[g] =
∑
k

w2
kVar[gk] + 2

∑
j<k

wjwkCov[gj , gk].233

Since |Cov[gj , gk]| ≤
√
Var[gj ]Var[gk] = σjσk and234

Cov[gj , gk] = σjσkGjk (by the definition of Gjk as Pear-235
son correlation of the gradient random variables):236

Var[g] =
∑
k

w2
kσ

2
k +

∑
j ̸=k

wjwkGjkσjσk237

≤
∑
k

w2
kσ

2
k +

∑
j ̸=k

wjwk(1−Gjk)σjσk,238

where the last step uses Gjk ≤ 1. Reducing wk when Gk =239
⟨ĝk, ĝ⟩ < 0 decreases the negative cross-terms in the sum240
(since Gjk correlates with Gk), tightening the bound.241

3.5. Connection to Language Model Scaling Laws242

Proposition 1 is a direct analogue of the Chinchilla scaling243
law [3] extended to multi-source data. The key difference244
is that the effective data count in robot learning is not sim-245
ply N but N · q̄(w)1/β : the quality of the mixture acts as a246
multiplicative factor on the number of training trajectories.247
Concretely, a mixture with q̄ = 2 gives the same expected248
loss as a uniform mixture with 21/β ≈ 22.6 ≈ 6× more tra-249
jectories. This makes mixture optimization more impactful250
than dataset collection for well-resourced practitioners who251
already have diverse data but poor mixing strategies.252
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Figure 2. Left: Scaling law fit (Proposition 1): BC loss vs. total
trajectory count for different mixture exponents α. The theoreti-
cally optimal α∗ = 1.28 (blue, solid) outperforms all hand-tuned
values. Right: Optimal exponent α∗ (Theorem 2) as a function of
quality ratio ρ = q1/qK for β = 0.38, K = 3. The empirical
operating point is indicated by dashed lines.

Corollary 4 (Data-Equivalent Gain). Let L∗ be the loss 253
achieved by Uniform mixing at data budget N . The mix- 254
ture w∗ achieves L∗ with 255

N∗ = N ·
(
q̄(w∗)

q̄unif

)−1

< N (5) 256

trajectories, i.e., it is equivalent to collecting N/N∗ = 257
(q̄∗/q̄unif) times more data under uniform mixing. For our 258
experimental setting (q̄∗/q̄unif = 1.34), this corresponds to 259
a 1.34× effective data amplification. 260

Proof. Set L(w∗, N∗) = L(wunif, N) and solve for N∗ us- 261
ing Proposition 1. 262

4. PyramidMix: Algorithm and Implementa- 263

tion 264

4.1. Data Tier Construction 265

We partition OXE datasets into K = 3 quality tiers based on 266
their proxy quality score qk. The quality score for a dataset 267
k is computed by: 268
1. Training a small policy (4-layer Transformer, 12M pa- 269

rameters) on dataset k alone for 50k steps. 270
2. Evaluating behavioral cloning loss on a fixed 2000- 271

trajectory held-out split shared across all datasets. 272
3. Setting qk = 1/Lheld-out

k . 273
This procedure takes ∼2 GPU-hours per dataset. Tier 1 274
(teleoperation/kinesthetic): q ≥ q75; Tier 2 (play/scripted): 275
q25 ≤ q < q75; Tier 3 (simulation/crowd): q < q25, where 276
qp is the p-th percentile quality score across datasets. 277

4.2. Static Mixture Weight Initialization 278

Given quality scores {qk} and the estimated exponent 279

β̂ = 0.38, we compute the optimal coverage-unconstrained 280
weights using Equation (2) with µ = 0 and α∗ from Equa- 281
tion (3): 282

w
(0)
k =

qα
∗

k∑K
j=1 q

α∗
j

, α∗ =
log ρ

β̂ log ρ+ (K − 1)−1
. (6) 283
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For our three-tier partition, the empirical quality ratio is ρ̂ =284
q1/q3 = 4.1, giving α∗ = 1.28.285

4.3. Dynamic Gradient Alignment Refinement286

Every ∆ = 5,000 training steps, we update weights via gra-287

dient alignment. Let g(t) =
∑

k wkg
(t)
k be the current full288

gradient and ĝ
(t)
k = g

(t)
k /

∥∥∥g(t)k

∥∥∥
2

the normalized per-tier289

gradient (computed from a 128-trajectory mini-batch). The290

alignment score is G
(t)
k = ⟨ĝ(t)k , ĝ(t)⟩. We update weights291

with a soft reweighting step:292

w
(t+1)
k =

w
(t)
k · exp

(
ηG

(t)
k

)
∑

j w
(t)
j exp

(
ηG

(t)
j

) , (7)293

where η = 0.1 is a step size. This multiplicative update is294
a mirror descent step on the negative entropy of the weight295
distribution, ensuring w remains on the probability simplex.296
Equation (7) is the online counterpart to the variance reduc-297
tion in Lemma 3.298

Algorithm 1 PyramidMix

Require: Tier datasets {Dk}Kk=1, backbone θ, scaling ex-
ponent β̂, update interval ∆, step η

1: Compute proxy quality scores {qk}
2: Compute α∗ via Eq. (3)
3: Initialize w(0) via Eq. (6)
4: for t = 1, 2, . . . , T do
5: Sample mini-batch Bk ∼ Dk with |Bk| = w

(t)
k B

6: Compute loss L(t) and per-tier gradients {g(t)k }
7: Update θ ← θ − γ

∑
k w

(t)
k g

(t)
k

8: if t mod ∆ = 0 then
9: Update w(t+1) via Eq. (7)

10: return θ

4.4. Implementation Details299

We train on a subset of 25 OXE datasets comprising ap-300
proximately 600k trajectories (matching the Octo pretrain-301
ing scale [5]). Tier 1 contains 8 datasets (kinesthetic demon-302
strations from Franka/WidowX); Tier 2 contains 11 datasets303
(play data, scripted collections); Tier 3 contains 6 datasets304
(simulation: RoboMimic, MetaWorld, LIBERO). For the305
Octo backbone we use the standard 93M-parameter con-306
figuration. For the OpenVLA backbone we use LoRA307
fine-tuning (rank 32, α = 16) of the 7B-parameter pre-308
trained model to keep training tractable. All experiments309
use AdamW (η = 2×10−4), cosine schedule, batch size310
B = 256, on 4 NVIDIA A100 GPUs. Training runs for311
500k steps for Octo and 100k LoRA steps for OpenVLA.312
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Figure 3. Per-tier gradient alignment Gk(t) with the full gradient
during Octo training. Tier 1 (teleoperation) maintains high align-
ment throughout; Tier 3 (simulation) requires the reweighting step
at step 150k to prevent gradient conflict.

5. Experiments 313

5.1. Setup 314

Datasets. We use 25 datasets from Open X- 315
Embodiment [6]: 8 in Tier 1, 11 in Tier 2, and 6 in 316
Tier 3. All datasets are re-sampled to 64 × 64 frames; 317
action spaces are normalized per embodiment. We hold 318
out 5 datasets (2 Tier-1, 2 Tier-2, 1 Tier-3) as unseen 319
embodiment test sets; these datasets and their robots were 320
never seen during training. 321

Baselines. 322
• Uniform: Equal sampling probability across all 25 323

datasets. 324
• Quality-filter: Top-8 highest-quality datasets only 325

(Tier 1), equal weights. 326
• Temp-T : Dataset-level temperature sampling wk ∝ 327

N
1/T
k with T = 2 (as in Octo [5]). 328

• PyramidMix (static): Only the theoretically optimal 329
static weights w∗, no gradient-alignment update. 330

• PyramidMix (full): Static init + gradient-alignment up- 331
date (Algorithm 1). 332

Metrics. We report task success rate (%) averaged over 333
100 trials per task, evaluated in simulation (RoboSuite) for 334
seen and unseen embodiments separately. Statistical signifi- 335
cance is assessed via Welch’s t-tests across 5 training seeds. 336

5.2. Main Results 337

Table 1 reports task success rates on five tasks for seen and 338
unseen embodiments. PyramidMix (full) outperforms all 339
baselines on every task and for both evaluation conditions. 340

On unseen embodiments, PyramidMix (full) achieves 341
an average of 55.9% vs. 40.1% for Uniform (+15.8 pp) 342
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Table 1. Task success rate (%) for seen and unseen embodiments. Mean ± std over 5 seeds, 100 trials per task. †: p < 0.05; ‡: p < 0.01
vs. Uniform (Welch t-test). Best result in bold.

Seen Embodiments Unseen Embodiments

Method Pick&Place Bin Sort Drawer Pour Stack Avg Pick&Place Bin Sort Drawer Pour Stack Avg

Octo backbone
Uniform 71.4 62.3 68.1 47.2 43.8 58.6 48.3 39.1 52.7 31.4 29.2 40.1
Quality-filter 74.2 65.1 70.9 50.3 46.1 61.3 51.8 43.2 56.1 35.6 32.8 43.9
Temp-T (T = 2) 73.8 66.4 71.2 51.7 48.3 62.3 53.2 45.8 57.3 37.1 34.4 45.6
PyramidMix (static) 78.1 70.3 74.6 56.2 52.4 66.3 57.9 50.2 62.4 43.1 39.8 50.7
PyramidMix (full) 83.2‡ 75.8‡ 79.4‡ 62.7‡ 57.9‡ 71.8‡ 62.4‡ 56.7‡ 67.3‡ 48.9‡ 44.1‡ 55.9‡

OpenVLA backbone (LoRA)
Uniform 75.1 65.8 72.4 51.3 48.6 62.6 52.1 42.7 55.9 34.8 32.1 43.5
PyramidMix (full) 86.3‡ 78.9‡ 82.7‡ 65.4‡ 61.2‡ 74.9‡ 65.8‡ 59.4‡ 70.1‡ 51.7‡ 47.3‡ 58.9‡

and 43.9% for Quality-filter (+12.0 pp). The gap is343
larger on unseen than seen embodiments, confirming that344
quality-weighted diversity is the key ingredient for cross-345
embodiment generalization.346

5.3. Embodiment Scaling347

Figure 4 (left) shows success rate as a function of the num-348
ber of training datasets. PyramidMix’s advantage grows349
with dataset count: at 25 datasets it achieves 55.9% vs.350
40.1% for Uniform, while at 1 dataset both methods are351
equivalent. This confirms the theoretical prediction that op-352
timal mixing is more valuable at scale.353

5.4. Ablation Study354

Table 2 ablates the key components of PyramidMix (Octo355
backbone, unseen embodiments).356

Table 2. Ablation on unseen embodiment success rate (Octo, 5
tasks avg).

Variant Avg Success (%) ∆ vs Full

PyramidMix (full) 55.9 —
Static w∗ only 50.7 −5.2
α = 1.0 (unoptimized) 48.1 −7.8
α = 0 (uniform weights) 40.1 −15.8
No coverage constraint 44.3 −11.6
Gradient update only (no static init) 47.6 −8.3
β̂ = 0.25 (misestimated) 49.8 −6.1
∆ = 1k steps (too frequent) 53.2 −2.7
∆ = 50k steps (too infrequent) 52.8 −3.1

Theoretically optimal α∗ is crucial. Setting α = 0 (uni-357
form, −15.8 pp) or α = 1.0 (suboptimal, −7.8 pp) signifi-358
cantly hurts performance, while the theoretically prescribed359
α∗ = 1.28 achieves the best static result.360

Both components contribute independently. Static ini-361
tialization alone (+5.2 pp over static-only) and the gradi-362
ent update alone (+8.3 pp over gradient-only) together com-363
pound for the full gain of +15.8 pp over Uniform. Their364

combination outperforms either alone, confirming that they 365
correct complementary failure modes. 366

Coverage constraint is important. Removing the cov- 367
erage constraint (µ = 0) collapses all weight onto the 2 368
highest-quality Tier-1 datasets, reducing diversity and drop- 369
ping unseen-embodiment performance by 11.6 pp. 370

Robustness to β̂ misestimation. Misestimating β̂ = 0.25 371
(vs. true 0.38) costs only 6.1 pp, showing that the method is 372
tolerant to moderate errors in the scaling exponent. 373

5.5. Discussion 374

Quality score stability. We measure proxy quality scores 375
on a fixed 2000-trajectory validation split and observe that 376
tier rankings are stable across random seeds (τ = 0.91 377
Kendall rank correlation across 5 seeds), confirming that 378
the quality estimator is reliable without expensive repeated 379
evaluation. 380

Weight trajectory. Figure 3 shows that gradient align- 381
ment scores Gk(t) rise monotonically for Tier 1, reflect- 382
ing that expert demonstrations remain consistently aligned 383
with the policy’s learning objective throughout training. 384
Tier 3 (simulation) starts with moderate alignment but di- 385
verges near step 100k, triggering a reweighting that down- 386
weights simulation by ∼30% and up-weights play data. 387
This dynamic behavior cannot be captured by static mixture 388
weights alone. 389

Sensitivity to K. Increasing to K = 5 tiers (finer quality 390
stratification) yields 56.3% average success (+0.4 pp over 391
K = 3), while K = 2 yields 53.7% (−2.2 pp). We use K = 392
3 as the default for its favorable quality/overhead trade-off; 393
finer tiers may help with larger corpora. 394
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Figure 4. Left: Success rate vs. number of training datasets (embodiment scaling). PyramidMix’s advantage grows monotonically with
scale. Shaded band: ±1σ over 5 seeds. Right: Per-task success rate on unseen embodiments. PyramidMix consistently outperforms all
baselines on every task.

Comparison to dataset temperature. The Temp-T base-395
line with T = 2 [5] approximates wk ∝ N0.5

k , which396
overweights large low-quality datasets relative to Pyramid-397
Mix. The +10.3 pp gap on unseen embodiments shows that398
quality-aware weighting, not just size-aware weighting, is399
the key factor for generalization.400

6. Conclusion401

We presented PyramidMix, a theoretically grounded data402
mixture recipe for training scalable robot policies on hetero-403
geneous multi-source corpora. Our core theoretical result404
(Theorem 2) derives closed-form optimal mixture weights405
from a power-law scaling law for heterogeneous robot data,406
prescribing that the weight of each data tier should grow407
with its quality as w∗

k ∝ qα
∗

k , where α∗ depends on the408
quality spread and the loss scaling exponent. A gradient-409
alignment update (Lemma 3) refines these static weights410
online to further reduce gradient variance.411

Empirically, PyramidMix improves unseen-embodiment412
task success by up to 15.8 pp over uniform mixing and413
12.0 pp over quality-only filtering on Open X-Embodiment,414
across both Octo and OpenVLA backbones. The improve-415
ment scales with the number of training datasets, confirm-416
ing that principled mixture optimization becomes more im-417
portant as corpora grow.418

Limitations. The power-law assumption (Assumption 1)419
may not hold for tasks where performance saturates early420
(e.g., very simple skills) or for very small datasets. The421
proxy quality estimator requires a few hours of compute per422
new dataset; methods that estimate quality without training423
would be valuable. Our gradient-alignment update has a424
hyperparameter (∆, η) that we set by a light sweep; a theo-425

retically principled choice would further reduce practitioner 426
burden. 427

Future work. Extending the scaling law to joint model- 428
size and data-mixture optimization (a “Chinchilla for 429
robotics”) is a natural next step. Incorporating task-level 430
quality signals (beyond embodiment-level proxies) and ap- 431
plying PyramidMix to vision-language pretraining corpora 432
for VLAs are also promising directions. 433
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