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ABSTRACT

Data mixing—determining the ratios of data from different domains—is a first-order
concern for training language models (LMs), but existing mixing methods have
poorly understood design choices and assume that the set of domains remain fixed
throughout development. We present OLMIX, a framework that addresses two
challenges encountered during LM development. First, the configuration space for
developing a mixing method is not well understood—design choices across existing
methods lack justification or consensus and overlook practical issues like data
constraints. We conduct a comprehensive empirical study of this space, identifying
which design choices lead to a strong mixing method. Second, the domain set evolves
throughout LM development as datasets are revised and expanded—a problem
setting largely unaddressed by existing works. We study how to efficiently recompute
the mixture after the domain set is updated, given an existing mix from before the
update. We introduce mixture reuse, a mechanism that reuses existing relative ratios
and recomputes ratios only for domains affected by an update. Over a sequence of five
domain-set updates mirroring real-world LM development, mixture reuse matches
the performance of fully recomputing the mix after each update with 74% less
compute and improves over training without mixing by 11.6% on downstream tasks.

1 INTRODUCTION

Modern language models (LMs) are trained on datasets composed of many domains, such as web text,
code, and PDFs. The composition of these domains is crucial for strong downstream performance, mak-
ing data mixing a first-order component of LM development (Grattafiori et al., 2024; Qwen et al., 2024;
Olmo et al., 2025). However, naively searching for a good mix is computationally inefficient, requiring
many training runs—possibly thousands of GPU hours—to assess performance. This has resulted in a
growing literature on data mixing methods that aim to find strong mixtures systematically with less com-
pute (Xie et al., 2023; Fan et al., 2024; Chen et al., 2025a), inter alia. Many mixing methods that achieve
promising results follow a common offline schema (Liu et al., 2025b;a; Ye et al., 2025): 1. train a set of
smaller proxy models on different mixtures (a “swarm”), 2. fit a regression model on this swarm to pre-
dict performance from mixture weights, and 3. select a final mix that optimizes predicted performance.

P1: The mixing configuration problem (§3). At the start of LM development, we must configure
a mixing method on an initial set of domains. However, the configuration space of existing methods
is poorly understood; design choices are often unjustified, contradict across methods, or fail to address
practical issues like data constraints. As a result, practitioners have conflicting or little guidance on
which choices lead to a strong mixing method.

In this paper, we identify two challenges in applying data mixing methods both at the start of and
throughout LM development (Figure 1). We present our framework OLMIX, which we describe
alongside these motivating problems:

The first component of OLMIX addresses P1 through a comprehensive empirical study of mixing
configurations within the offline schema. Specifically, we resolve conflicting guidance in prior work
by answering the following research questions:

RQ1 What is the smallest proxy model size that generalizes to larger target models?
RQ2 What is the minimum number of proxy runs (swarm size) needed to learn an effective mix

for a given domain set?
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Figure 1: Two problems with data mixing encountered during LM development: (1) How to best
configure your mixing method? (2) How to efficiently mix under evolving domain sets?

RQ3 Is there an optimal family of regression models for predicting mix performance?

We further address an unexplored but practical setting:

RQ4 How can we perform data mixing under finite data constraints?

These findings inform our base mixing method, OLMIXBASE (Alg. 1), which we use to address P2.

P2: The evolving domain problem (§4). Existing mixing literature assumes a fixed domain
set (Albalak et al., 2024), but real-world LM development is iterative. For example, the datasets
used throughout OLMo 1–3 (Olmo et al., 2025) and SmolLM 1–3 (Bakouch et al., 2025) undergo
various changes: datasets are repeatedly added, removed, revised, and partitioned (Wettig et al., 2025).
As a result, mixtures must be recomputed as the domain set evolves. However, fully recomputing
from scratch (e.g., using OLMIXBASE) after each domain update becomes increasingly expensive
as practitioners make more updates to their datasets. Instead, we may be able to leverage information
from historical mixtures, motivating a new problem:

RQ5 Is there an efficient strategy for recomputing the data mix after a domain update?

The second component of OLMIX introduces mixture reuse, a recomputation strategy that reuses past
mixing ratios to propose strong mixes while remaining computationally efficient over the course of LM
development. Mixture reuse freezes the relative weights of unchanged domains while recomputing the
domains that have evolved. We theoretically analyze when mixture reuse matches full recomputation,
showing that the performance gap depends on 1) how much optimal weights shift after domains are
updated and 2) a coupling effect between domains (i.e., whether domains impact the same downstream
tasks). Finally, we evaluate mixture reuse in an end-to-end case study that mirrors real-world LM data
development, where the domain set evolves through a sequence of 5 updates culminating in 64 domains.
When training 1B-parameter models on 100B tokens, mixture reuse improves over the natural distribu-
tion by 11.6% and captures 95% of full recomputation’s gains while requiring 74% fewer proxy runs.

2 RELATED WORK

We provide an extended related work in Appendix A. A vast body of mixing methods follows the
offline schema (Liu et al., 2025a; Ye et al., 2025; Ge et al., 2025b; Kang et al., 2025; Diao et al., 2025;
Que et al., 2024; Wettig et al., 2025; Belenki et al., 2025; Held et al., 2025). Other mixing approaches
dynamically explore mixtures during a proxy run (Fan et al., 2024; Xie et al., 2023), and online mixing
methods (Chen et al., 2023; 2025a; Jiang et al., 2024; Albalak et al., 2023) dynamically adjust mixtures
during final training. Given the prevalence of the offline schema, our work studies its key design choices.

Real-world LM development involves iterative refinement of training data. Works like DCLM (Li et al.,
2024), Dolma Soldaini et al. (2024), and FineWeb (Penedo et al., 2024) document domain updates.
Projects like OLMo 1–3 (Olmo et al., 2025) and SmolLM 1–3 (Bakouch et al., 2025) showcase how
training data evolves over time through these updates. Motivated by these works, OLMIX views data
mixing as an ongoing process throughout LM development.

3 THE MIXING CONFIGURATION PROBLEM

We present the first component of OLMIX: a comprehensive empirical study of the configuration space
of mixing methods. In §3.1, we formalize the data mixing problem and describe the offline mixing
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schema. Then, we present our empirical study of key design choices and our findings (§3.2). These
findings inform OLMIXBASE (§3.3), the mixing method we used throughout development.

3.1 BACKGROUND

3.1.1 THE DATA MIXING PROBLEM

Our goal is to determine ratios over training data domains that result in strong downstream performance.

Domain set and mixes. Let D={D1,D2,...,Dm} be a set of m domains, where each domain Di has
a training dataset of size Ni tokens. A domain is a group of data, ranging from coarse-grained sources
(defined by data provenance) to fine-grained topics (semantically coherent partitions of a source) (Wet-
tig et al., 2025). We specify a data mixture via a probability vector p∈△m−1, such that training an
LM with R total tokens according to p uses a dataset with pi ·R tokens from Di for each domain i.

Model and evaluation. We train a target LM of S parameters for R tokens on p, denoted as
LM(S,R, p). We then evaluate this model on a suite of n downstream tasks. We measure the
performance fi(LM(S,R,p)) on each task i in terms of bits-per-byte (BPB), the negative log likelihood
of the correct answer normalized by answer length in UTF-8 bytes. Heineman et al. (2025) showed
that BPB can be used for decision-making at small model scales and Huang et al. (2024) showed that
BPB sets correlate with downstream performance across capabilities and model families.

Goal. Given a domain set D and target training configuration of S parameters and R tokens, we aim
to find a mixture p⋆ that minimizes the average BPB across all downstream tasks—that is, minimizing
1
n

∑n
i=1fi(LM(S,R,p)).

3.1.2 THE OFFLINE MIXING SCHEMA

Many existing methods follow an offline mixing schema; these methods are also described as “function
fitting-based offline methods” in Liu et al. (2025b)’s survey. We describe the three steps of this schema.

Step 1: Swarm construction. We sample the space of possible mixes by training a “swarm” ofK small
proxy models of size Ssmall on Rsmall tokens, each with different mixture weights, p1,p2,...,pK ∈△m−1

sampled from some distribution P . We evaluate each proxy model on the downstream task suite to
obtain yij :=fi(LM(Ssmall,Rsmall,p

j)), the performance of the jth proxy model on the ith task, for all
tasks over the entire swarm. Altogether, this creates a dataset {(pj ,{yij}ni=1)}Kj=1 of mixture weights
paired with their performance across all tasks.

Step 2: Regression model. We fit regression models using the above dataset to capture the relationship
between the mixture weights and downstream performance. We learn a function f̂ ∈ F , where
f̂(p)≈ 1

n

∑n
i=1fi(LM(Ssmall,Rsmall,p)). This enables us to predict the average downstream BPB of

a proxy model trained on any candidate mix p.

Step 3: Mixture optimization. We propose a mix by solving an optimization problem that uses
the regression model f̂ as a surrogate for true performance. We solve minimize

p∈S
f̂(p), where S⊆△m

denotes the feasible set, which may be the full probability simplex or a restricted subset.

3.2 STUDY: CONFIGURING A MIXING METHOD

Key design choices in the offline mixing schema are not well understood in existing literature. We
conduct a comprehensive study on each design choice and use our findings to develop OLMIXBASE
(Algorithm 1). We present selected findings, with full findings in Appendix B.

3.2.1 EXPERIMENTAL SETUP

Data. We use DCLM (Li et al., 2024) partitioned into 24 topic-based domains using WebOrga-
nizer (Wettig et al., 2025). In Appendix C, we also provide results for mixing over data sources.

Model. We train 1B parameter decoder-only transformer models using Olmo 2 architecture (OLMo
et al., 2024) to 100B tokens (5x Chinchilla). We use a batch size of 512, sequence length of 4096,
and max learning rate of 0.0018. See Appendix G for more details.
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Figure 2: Left: Correlation in performances between proxy models and 1B target models fixing
mixture p. Proxy models with over 15M parameters achieve strong rank correlation (§3.2.2). Right:
Error vs. Swarm Size. Curves collapse across different m, indicating O(m) runs are needed (§3.2.3).

Evaluation. We measure the BPB (bits-per-byte) over gold responses on 52 downstream tasks
spanning math, code, and commonsense QA. For QA tasks, the gold continuation is the answer text;
for math and code tasks the gold continuation is a human-written response. We treat subtasks (e.g.
MMLU or coding language subsets) as standalone tasks when taking an macro-average of BPB scores.
See Table 10 for the entire list of tasks.

3.2.2 RQ1: PROXY MODEL SIZE

What is the smallest proxy model size (the number of parameters, Ssmall) such that decision-
making generalizes to larger target models? Proxy models must provide reliable signal that transfers
to the target model’s scale while ideally being small so that computational costs are low. Existing
methods use sizes ranging from 1M to 400M parameters, making it unclear what size is sufficient.

We train proxy models of varying sizes (1M, 15M, 30M, 60M) with 5x Chinchilla multiplier paired
with 1B target models on the same mixtures and measure rank correlation of their downstream
performance. High correlation indicates that rankings at the proxy scale predict rankings at the target
scale, ensuring reliability of proxy swarm decisions.

Figure 2 (left) shows that proxy models with>15M parameters achieve strong rank correlation (ρ>89).
Notably, while RegMix (Liu et al., 2025a) recommends using a 1M proxy configuration, our results
show 1M models achieve onlyρ=73, suggesting that they are unreliable for guiding mixture decisions.1

3.2.3 RQ2: SWARM SIZE

How many proxy runs K do we need to learn a good mix on m domains? The swarm size directly
controls the cost-performance tradeoff: more runs increase computational cost but improve mix quality.
Existing methods use fixed swarm sizes ranging from 20 to over 500 proxies, and few relate these
choices to the number of domains m.

For a fixed number of domains m, we run a sweep over swarm sizes K=c(m+1) for linear multiples
c=1,2,3,4,5. We perform this sweep for m=6,12,18,24 domains and 3 seeds. For each m, we define
error as the difference between the BPB of a proposed mix and the best BPB achieved achieved by
any mix found in the corresponding sweep for that m. We evaluate on 30M proxy models and verify
that the same trends hold when evaluating at the 1B scale (Figure 8 in Appendix C).

Figure 2 (right) shows that sample complexity is linear in m: the error curves across m collapse
when plotted against the linear multiple c. This reveals that O(m) runs are sufficient for strong
performance—a finding that contradicts prior assumptions of quadratic scaling (Ye et al., 2025; Ge
et al., 2025b) and provides practitioners with a concrete prescription for allocating compute.

1Investigating the public RegMix code, we found their 1M implementation is closer to 15M, which our results
suggest is a good proxy size.
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Figure 3: Left: Fit versus Swarm Size across Regression Models. Different models require different
amounts of data, and the log-linear model achieves the best fit (§3.2.4). Right: Proposed Mixture
Weights versus Repetition Factor. Capping repetition (k) leads to different proposed mixes (§3.2.5).

3.2.4 RQ3: REGRESSION MODEL FAMILY

Is there an optimal family of regression models (F) for predicting mix performance? The
regression model is central: proposed mixes are optimized directly using its predictions. Each existing
method proposes a different model and reports strong fit, making it unclear which to adopt.

We compare five regression families: LightGBM (Liu et al., 2025a), Gaussian Process (Chen et al.,
2025b), BiMix (Ge et al., 2025b), AutoScale (Kang et al., 2025), and log-linear (Ye et al., 2025). We mea-
sure the regression fit across regression models and swarm sizes K=25,50,75,100,125 over 3 seeds.

We discover that swarm size is a key confounding factor: different models excel at different swarm
sizes (Figure 3 left), potentially explaining the lack of consensus. Notably, log-linear models (Ye et al.,
2025) achieve the best regression fit overall across swarm sizes. We verify this choice via downstream
evaluation (training 1B models) at K = 125, where the log-linear model’s proposed mixes again
achieves the best performance (Figure 9 in Appendix C).

3.2.5 RQ4: DATA-CONSTRAINED SETTINGS

How do we mix under finite data constraints? In practice, LM training is often data-constrained:
the target model’s requested training tokens R exceed the available data. In this regime, some mixtures
cause excessive sample repetition, degrading performance (Muennighoff et al., 2025). For example,
a mixture that proposes 40% code even when code comprises only 5% of the available data would
oversample code 8 times. Existing mixing methods assume compute-constrained settings with
effectively infinite data and provide no way to control repetition.

How might we adapt the offline mixing schema to a data-constrained setting? We study the effects of
enforcing repetition constraints in the mixing objective (minimizing BPB); that is, recasting the third
step of the offline schema as a constrained optimization problem with an additional term pj≤kNj/R,
for j∈ [m]. k is the repetition factor, the max allowable repetitions for any document.

Figure 3 (right) shows how the proposed mix is impacted smoothly by repetition constraints during
mix optimization. As k increases, high-utility domains rapidly increase while low-utility domains
decrease, showing that repetition constraints significantly impact proposed mixes. This suggests data
mixes should be optimized in accordance with a target training budget.

3.3 CONFIGURING OLMIXBASE

Our results in §3.2 let us define OLMIXBASE, a concrete configuration of the offline mixing schema
(Table 2; Algorithm 1). Selected configurations resulting from our findings are highlighted in blue.
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Algorithm 1 OLMIXBASE

1: Input: Domains D={D1,...,Dm}, swarm size K=O(m), repetition factor k, requested tokens R.
2: Sample mixes p1,...,pK∼P on D.
3: Train proxy models Ssmall>15M parameters on these mixes, and evaluate on downstream tasks to

get a dataset of mixes and performance, {(pj ,{yij}ni=1}Kj=1, where yij=fi(LM(Ssmall,Rsmall,p
j)).

4: for i∈ [n] do
5: Use {(pj ,yij)}Kj=1 to fit the log-linear model f̂i(p)=ci+exp(A⊤

i p), where ci∈R+, Ai∈Rm.
6: end for
7: Solve the optimization problem:

minimizep∈△m−1

1

n

n∑
i=1

f̂i(p) subject to pj≤
kNj

R
∀j∈ [m] (1)

8: Return p⋆, the solution to (1).

4 THE EVOLVING DOMAIN PROBLEM

OLMIXBASE assumes a fixed domain set D. Here, we study the evolving domain problem encountered
throughout LM development. We first define the problem setting (§4.1). Then, we present our method,
FULLMIXTUREREUSE (§4.2), and theoretical analysis of it (§4.3). We introduce PARTIALMIXTUR-
EREUSE as a coupling-aware extension (§4.4), and we evaluate these methods empirically in §5.

4.1 PROBLEM SETUP

During LM development, the domain set evolves from D to an updated set D′={D′
1,...,D

′
m′} of size

m′, where each domain D′
i now has N ′

i tokens. We use q∈△m′−1 to express data mixtures over D′. In
practice, domain updates are typically localized, affecting only a subset of domains while leaving others
unchanged. To capture this structure, we partition the domain sets as D=[D1,D2] and D′=[D1,D′

2],
where D1 is the unaffected domain set, and D2 is the affected domain set that is transformed into D′

2.

In studying the data development practices in long-run LM development projects like OLMo
1–3 (Olmo et al., 2025) and SmolLM 1–3 (Bakouch et al., 2025), we identified four patterns of domain
updates, which we call domain update operators, that describe how D2 transforms into D′

2:

• Add: D2=∅ and D′
2 contains the newly added domains. This occurs when new datasets are created.

• Remove: D2 contains one or more domains andD′
2=∅. This can occur, for instance, when domains

are discarded due to low utility.
• Partition: D2 consists of one domain that is split into multiple subdomains in D′

2 such that
D2 =

⋃
D′

i∈D′
2
D′

i. Partitioning is commonly used to obtain finer-grained mixtures, which can
improve performance (Wettig et al., 2025; Diao et al., 2025; Ge et al., 2025a).

• Revise: D2 is one domain that is modified to produce the domain inD′
2. This occurs when contents

of the dataset are modified, such as samples being rewritten (Team et al., 2025; Maini et al., 2024).

Problem We have an existing mixture p̃∈△m−1 over the current domain set D proposed through
a procedure like OLMIXBASE. But now, the domain set has evolved from D to D′, and our goal is
to compute an updated optimal q⋆∈△m′−1 on D′:

minimizeq∈△m′−1

1

n

n∑
i=1

fi(LM(S,R,q)) s.t. qj≤
kN ′

j

R
∀j∈ [m′] (2)

4.2 MIXTURE REUSE

Our goal is to leverage the existing mixture p̃ to efficiently compute a strong mixture on an updated
domain set D′ without full recomputation over all m′ domains. Our core idea is to freeze the relative
ratios among the unaffected domains according to p̃, aggregate them into a single virtual domain, and
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only recompute its total weight along with the weights of the affected domains D′
2. This reduces the

dimensionality of the optimization from m′ to 1+|D′
2|.

For example, suppose D contains m=3 domains with mixture p̃=[0.25,0.25,0.5], and D′ is formed
by adding one new domain. Instead of learning a 4-dimensional mixture, we learn a 2-dimensional
mixture over the virtual domain and the new domain. If that mixture is [0.4,0.6], we can unravel it
to induce the mixture over the m′=4 domains:

q=0.4·[0.25,0.25,0.5]∪ [0.6] = [0.1,0.1,0.2,0.6].

4.2.1 FORMALIZING THE MIXTURE REUSE PROBLEM

We formalize our reuse mechanism by presenting the mixture reuse problem.

First, we introduce notation to handle domains we will reuse versus recompute. Define Dfix :=D1

as the unaffected domains whose relative ratios we will keep fixed from p̃, and Dcomp :=D′
2 as the

affected domains whose ratios we recompute. We remap these variables because, as seen later in §4.4,
we may choose to recompute unaffected domains.

We partition any mix q on D′ as q= [ρqDfix ,(1−ρ)qDcomp ], where ρ∈ [0,1] is the total weight on the
unaffected domains, and qDfix ∈△|Dfix|−1 and qDcomp ∈△|Dcomp|−1 are the relative mixes within each
domain subset. Similarly, we define p̃Dfix ∈△|Dfix|−1 as the normalized ratios from p̃ restricted to Dfix.

With this notation, the mixture reuse problem is the following approximation of (2):

minimizeq∈△m′−1

1

n

n∑
i=1

fi(LM(S,R,q)) s.t. qj≤
kN ′

j

R
∀j∈ [m′], qDfix = p̃Dfix (3)

The new constraint qDfix = p̃Dfix enforces that the relative ratios among Dfix are the same as in p̃.
The mixture reuse problem hence presents a tradeoff, which we analyze in §4.3: it has reduced
dimensionality due to the constraint but is an approximation of the original problem.

4.2.2 FULLMIXTUREREUSE

We now describe FULLMIXTUREREUSE, our approach for solving the mixture reuse problem (3)
using OLMIXBASE. To handle the constraint qDfix = p̃Dfix , we perform a change of variables. We
aggregate all domains in Dfix into a single virtual domain and define r=[ρ,(1−ρ)qDcomp ]∈△|Dcomp|,
where ρ is the weight on the whole of Dfix and the remaining entries correspond to Dcomp. Any r, given
p̃Dfix , can be expanded into a mixture q over D′ that satisfies the constraint. This transforms the mixture
reuse problem into standard mixing over 1 + |Dcomp| domains. We can now apply OLMIXBASE
(Algorithm 1) over r, which requires only O(|Dcomp|) proxy runs instead of O(m′):

Step 1: Swarm construction. We sample K mixture weights r1,...,rK ∈△|Dcomp| For each rj , we
expand it into qj , train a proxy model using qj , and evaluate to obtain performance {yij}ni=1.

Step 2: Regression model. As in OLMIXBASE, for each task i∈ [n] we fit a log-linear regression
model: ĝi(r)=di+exp(B⊤

i r), where di∈R+,Bi∈R|Dcomp|.

Step 3: Mixture optimization. Solve:

minimizer∈△|Dcomp|
1

n

n∑
i=1

ĝi(r) s.t. ρ≤ min
j∈Dfix

{
kN ′

j

Rp̃j

}
, rj≤

kN ′
j

R
∀j∈Dcomp (4)

Denote the solution r⋆(p̃Dfix) and expand it to be q⋆(p̃Dfix) on D′. The full approach is in Algorithm 2.

4.3 THEORETICAL ANALYSIS

FULLMIXTUREREUSE reduces costs by reusing existing ratios, but when does it match versus degrade
compared to full recomputation? We theoretically analyze this, finding that performance depends
on (1) how much the optimal mix changes due to the domain update, and (2) a coupling effect between
Dfix and Dcomp. Importantly, we empirically validate our theory in Appendix F: we measure the terms
in our bounds and show they tightly track actual performance gaps across settings.
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Assumptions. We make the following assumptions.

1. Log linear model holds: For each task i ∈ [n], the performance can be expressed as
fi(LM(S,R,q))=ci+exp(A⊤

i q) for some ci∈R+,Ai∈Rm′
.

2. OLMIXBASE minimizes (2), and FULLMIXTUREREUSE minimizes (3).

Definitions. Define performance of q as F (q) := 1
n

∑n
i=1fi(LM(S,R,q)). q⋆ is the optimal solution

to (2), and q⋆(p̃Dfix) is the solution to (3). We study the performance gap of FULLMIXTUREREUSE,
F (q⋆(p̃Dfix))-F (q⋆).

Let q⋆Dfix
be the optimal mix on Dfix after the update, so that q⋆=[ρ⋆q⋆Dfix

,(1−ρ⋆)q⋆Dcomp
]. κ(Dfix,Dcomp)

is a coupling term (defined in Appendix E) that captures task influence of Dfix versus Dcomp.

4.3.1 PERFORMANCE CHARACTERIZATION

Our first result characterizes the performance gap in terms of p̃Dfix . See Appendix E.2 for the proof.
Theorem 4.1 (Performance gap bound). There exists C1>0 such that the performance gap satisfies

F (q⋆(p̃Dfix))−F (q⋆)≤C1κ(Dfix,Dcomp)∥p̃Dfix−q⋆Dfix
∥

The performance gap is controlled by two factors:

• ∥p̃Dfix−q⋆Dfix
∥ (“reuse gap”): how close the mix we reuse is to the optimal mix after the update.

• κ(Dfix,Dcomp): this coupling term is large when Dfix and Dcomp impact the same downstream tasks.
It controls the rate at which performance depends on the reuse gap.

When both terms are small, FULLMIXTUREREUSE matches full recomputation. Our empirical
validation (Appendix F.2, Figure 15) confirms that the reuse gap correlates with the performance gap.

4.3.2 REUSE GAP

Theorem 4.1 shows the performance gap is governed by the reuse gap, but when is the reuse gap small?
We analyze the case where p̃ is optimal before the update and domains are added. Proofs and results
on other operators are in Appendix E.3.
Theorem 4.2. Define p̃ as the solution to (2) on D and suppose that new domains are added. There
exists a finite C2>0 such that the reuse gap is bounded by

∥p̃Dfix−q⋆Dfix
∥≤C2κ(Dfix,Dcomp)(1−ρ⋆)

The reuse gap is controlled by two factors:

1. κ(Dfix,Dcomp): the coupling term, also in Theorem 4.1.
2. 1−ρ⋆: This term captures how much newly added domains move the optimum, since 1 is effectively

ρ induced by p̃ before domains are added. This term can be small when: 1) the added domains are low
utility, or 2) the added domains are small, which constrains their max weight in mixture optimization.

Our empirical validation (Appendix F.2, Figures 16, 18) shows that the success of FULLMIXTUR-
EREUSE when adding domains correlates with small 1−ρ⋆ and low coupling.

4.4 PARTIALMIXTUREREUSE

Our analysis (§4.3) characterizes when FULLMIXTUREREUSE maintains strong performance
while reducing cost. PARTIALMIXTUREREUSE provides a flexible middle ground between
FULLMIXTUREREUSE and full recomputation by strategically selecting which unaffected domains
to reuse. This is especially effective when coupling between reused and recomputed domains is high.

Method Let Dpartial⊂D1 be a subset of unaffected domains we to reuse. We redefine the domains we
reuse versus recompute as Dfix :=Dpartial and Dcomp :=(D1\Dpartial)∪D′

2, and then apply FULLMIX-
TUREREUSE (Algorithm 2) with this new partition. The mixing problem has dimension 1+ |D′

2|+
|D1\Dpartial|, interpolating between FULLMIXTUREREUSE’s 1+|D′

2| and full recomputation’s m′.
Since swarm cost scales linearly with dimension (RQ2), this directly interpolates computational cost.
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Interpretation and Empirical Validation Carefully choosing Dpartial can reduce the coupling
κ(Dfix,Dcomp) from Theorem 4.1. An intuitive example: when adding code data to web topics, the web
source’s software development topic should be recomputed alongside it since both strongly influence
code evaluation tasks. Figures 17- 19 (Appendix F.2) confirms that this reduces coupling and improves
performance compared to reusing all web topics.

5 EXPERIMENTAL RESULTS

We evaluate mixture reuse across a sequence of five domain updates mirroring real-world LM
development. Our results show that these methods maintain strong performance while substantially
reducing computational costs compared to full recomputation. See Appendix G for full details.

5.1 SETUP

Domain Updates We simulate a real-world LM development workflow that undergoes 5 updates
(Table 1, Table 9). The final domain set contains 64 domains (token counts in Table 8).

Table 1: Simulated domain updates for §5 experiments.

Operation Dataset(s) ∆m

Initial WebOrganizer over Common Crawl 24
Add New code dataset +15
Add Six PDF and math datasets +6
Revise Filter low quality PDF documents 0
Remove Low quality math dataset −1
Partition WebOrganizer over PDF dataset +20

Methods compared. We consider:

• Natural: mix proportional to domain sizes.
• Full recomputation: apply OLMIXBASE after each update (high performance, high cost).
• Swarm reuse: naively reuse all compatible proxy runs and apply OLMIXBASE (see Alg. 3).
• FULLMIXTUREREUSE (our method): reuse ratios for unaffected domains, recompute affected ones.
• PARTIALMIXTUREREUSE (our method): selectively reuse domains to reduce coupling, such as

between software development subset of the web and code data (see Appendix F.2).

Experimental protocol. For full recomputation, we use swarm sizeK≈c(m+1) and vary c∈{1,2,3}
to showcase different compute regimes. For swarm reuse and mixture reuse, we set swarm sizes to
roughly match that of full recomputation with c=1. We report results over 3 random seeds of swarms
with k=4, R=1T , and in Appendix G.2 we use R=6T (i.e., a more data-constrained setting).
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Total number of proxy runs throughout LM development
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Figure 4: Performance improvement versus cost under evolving domains. Mixture reuse achieves
>95% of the improvement of full recomputation while using >69% fewer proxy runs (§5.2).
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Figure 5: Proposed mixes for different mixing strategies. The mixes produced by full recomputation
and PARTIALMIXTUREREUSE are similar to each other, confirming the performance results in Figure 4.
Domains shown have the greatest difference in weights between full recomputation and natural.

5.2 RESULTS

FULLMIXTUREREUSE roughly matches full recomputation at substantially lower cost. Figure 4
shows relative improvement in downstream performance (average BPB) over the natural distribution
versus the total number of proxy runs across all 5 updates. FULLMIXTUREREUSE achieves 95% of
full recomputation’s (c=3) performance improvement (+11.6% versus +12.2%) while using 74% fewer
total proxy runs (216 versus 832).

PARTIALMIXTUREREUSE closes the remaining gap. By selectively recomputing some unaffected
domains, PARTIALMIXTUREREUSE achieves 98% of full recomputation’s performance (+12.0%)
with 272 total runs—still 67% fewer than full recomputation.

Mixture reuse outperforms swarm reuse. Swarm reuse achieves +11.4% with 268 runs, under-
performing FULLMIXTUREREUSE (+11.6% with 216 runs) despite using more runs. This is likely
because (1) representing old swarms on updated domain sets over-explores biased subspaces, and
(2) swarms cannot be reused when domains are removed or revised.

At matched proxy run budgets, mixture reuse outperforms alternatives. At a budget of 216-272
proxy runs, FULLMIXTUREREUSE and PARTIALMIXTUREREUSE achieve +11.6% and +12.0%
improvement over the natural distribution, respectively. At this same budget, swarm reuse achieves
+11.4% and full recomputation achieves +10.8% (c=1). Mixture reuse is not only more efficient than
full recomputation but also produces better mixes at the same cost.

Our best mixture is 3.05× more data-efficient than the natural distribution. Beyond final
performance, we measure data efficiency: how many training steps does our best learned mixture
need to match the natural distribution’s final performance? Figure 21 in Appendix G.2 shows that
PARTIALMIXTUREREUSE reaches the natural distribution’s final BPB in approximately 20,000 steps
versus 61,000 steps—a 3.05× speedup.

Qualitative analysis of learned mixtures. Figure 5 shows the final proposed mixes. Full
recomputation and PARTIALMIXTUREREUSE produce similar allocations, while natural distribution
differs substantially. This aligns with our findings on target model downstream performance.

6 DISCUSSION

We presented OLMIX, addressing two key challenges in data mixing for language models: configuring
effective mixing methods and efficiently updating mixtures as domain sets evolve. We conduct a
large empirical study of design choices and introduce mixture reuse. In future work, we aim to extend
these ideas to online mixing and encourage co-design of mixing methods with other LM development
workflows, emphasizing not effective mixing methods but how they are derived.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a paper at DATA-FM workshop @ ICLR 2026

REFERENCES

Alon Albalak, Liangming Pan, Colin Raffel, and William Yang Wang. Efficient online data mixing
for language model pre-training, 2023. URL https://arxiv.org/abs/2312.02406.

Alon Albalak, Yanai Elazar, Sang Michael Xie, Shayne Longpre, Nathan Lambert, Xinyi Wang, Niklas
Muennighoff, Bairu Hou, Liangming Pan, Haewon Jeong, Colin Raffel, Shiyu Chang, Tatsunori
Hashimoto, and William Yang Wang. A survey on data selection for language models, 2024. URL
https://arxiv.org/abs/2402.16827.

Loubna Ben Allal, Anton Lozhkov, and Elie Bakouch. Smollm - blazingly fast and remarkably
powerful, 07 2024.

Loubna Ben Allal, Anton Lozhkov, Elie Bakouch, Gabriel Martı́n Blázquez, Guilherme Penedo, Lewis
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A EXTENDED RELATED WORK

Mixing Methods. The offline mixing schema, also described as Function Fitting-based Methods in Liu
et al. (2025b) has been extensively used in existing mixing methods. In Table 2, we provide an overview
of several offline mixing methods and how they address the key design choices we study; however,
there is significant variation. Some methods use explicit parametric regression models (Que et al.,
2024), while others use nonparametric approaches like LightGBM and Gaussian Processes (Liu et al.,
2025a; Chen et al., 2025b). Some methods explicitly model the role of proxy model size or training
budget (Ge et al., 2025b; Ye et al., 2025; Kang et al., 2025) while others assume direct generalization
from proxy models to target models (Held et al., 2025). There are also several methods that build on
top of RegMix, exploring how it can be augmented with better domains (Wettig et al., 2025), iterative
swarms (Diao et al., 2025), or more features (Belenki et al., 2025). Our work examines key design
choices for the offline schema that underlies all these methods.

Aside from the offline schema, DoReMi (Xie et al., 2023) and DoGE (Fan et al., 2024) produce a set of
mixture weights by using one or two proxy runs that dynamically explore the mixture weight space; this
is in contrast to using many proxy runs with static mixes. While these approaches have proven effective
in some settings, previous analysis (Chen et al., 2025a) has suggested some suboptimality in how the dy-
namic update rules are constructed, and the offline schema is generally considered simpler to implement.

Online mixing methods (Chen et al., 2023; Jiang et al., 2024; Albalak et al., 2023) adjust the mixture
weights throughout the final training run. Rather than exploring the mixture space and learning from
it offline, these methods implicitly do this on the fly during training. Note that our notion of dynamics,
which is over the domain set and during LM development (i.e., before the final training run), is different
from the dynamic aspect of online mixing methods.

Existing mixture literature largely assumes fixed domain sets. The recent work Chameleon (Xie
et al., 2025) addresses adaptability to domain changes by computing domain weights from learned
embeddings using kernel ridge leverage scores, which allows direct transfer to new data without proxy
retraining. However, Chameleon focuses on adding new domains and computes weights directly from
domain embeddings without the swarm-based regression approach of offline methods. In contrast,
our mixture reuse approach explicitly handles various domain update operations (additions, removals,
revisions, and partitions) and is designed to work within the offline mixing schema. Moreover, our
approach provides theoretical and empirical analysis of when and why existing mixes can be reused.

Data-constrained settings. Several works have addressed training language models under data
constraints. UniMax (Chung et al., 2023) proposes an allocation algorithm for multilingual pretraining
that distributes a fixed token budget to maximize uniform coverage across languages while capping
repetitions to avoid overfitting on low-resource languages. However, their allocation procedure is not
integrated with data mixing methods and focuses specifically on the multilingual setting. Muennighoff
et al. (2025) empirically study scaling laws when data is limited and must be repeated, finding that
up to 4 epochs of repetition yields negligible degradation and proposing modified scaling laws that
account for diminishing returns of repeated tokens. While these works address data constraints through
allocation procedures and scaling laws, our work integrates repetition constraints directly into data
mixing, enabling principled allocation of limited data budgets while producing a mix that yields strong
downstream performance.

LM Data Development. Real-world LM development involves iterative refinement of training data.
Works like DCLM (Li et al., 2024), Dolma (Soldaini et al., 2024), and FineWeb (Penedo et al., 2024)
extensively document the curation processes involved in creating high-quality pretraining corpora,
including quality filtering, deduplication strategies, and careful domain selection. Continuous projects
like OLMo 1-3 (Groeneveld et al., 2024; OLMo et al., 2024; Olmo et al., 2025) and SmolLM 1-3 (Allal
et al., 2024; 2025; Bakouch et al., 2025) showcase how training data evolves over time through these
updates. For instance, the OLMo series documents changes in domain composition, filtering strategies,
and data sources across model versions, while SmolLM similarly shows iterative improvements to the
training mixture. These projects illustrate that domain sets are not static but undergo frequent revisions
including dataset additions (e.g., new web crawls), removals (e.g., deprecated sources), quality
improvements (e.g., enhanced filtering), and domain partitioning (e.g., splitting broad categories into
specialized subdomains). Motivated by these works, OLMIX views data mixing as an ongoing process
throughout LM development, providing both systematic methods for initial mixture configuration
and efficient strategies for maintaining strong mixtures as domain sets evolve.
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Table 2: Design choices across offline mixing methods. For each design choice and mixing method,
we identify the method’s configuration. We shade cells in pink if we found empirical justification
for their configuration. In the final column, we present the configuration for OLMIXBASE.

Design Choice RegMix (Liu
et al., 2025a)

DML (Ye
et al., 2025)

AutoScale (Kang
et al., 2025)

BiMix (Ge
et al., 2025b)

ADMIRE-
BayesOpt (Chen
et al., 2025b)

CLIMB (Diao
et al., 2025)

OLMIXBASE
(Algorithm 1)

Swarm Construction

Proxy model size 1M 70, 160,
305, 410M Target 280M 1M, 60M 350M 30M

Swarm size (vs m
domains) 512 (m=17) 20 (m=7) 2m+1 4 101 (m=17) 112 (m=21) 3(m+1)

Swarm distribution Dirichlet with
natural prior

Exponential
grid

Exponential
grid

Entropy-
weighted Dynamic Dirichlet with

natural prior

Dirichlet with
natural prior
(sparse for

topics, dense
for sources)

Regression Model
Regression model
family LightGBM Log-Linear Power Law Power Law Gaussian

Process LightGBM Log-Linear

Regression
granularity Aggregated Aggregated Per-Task Per-Task Aggregated Aggregated Per-Task

Mixture Optimization
Data repetition
constraints No No No No No No Yes

Optimization
solver Search Search Gradient

Descent Exact Solver Search Search Exact Solver
with KL reg.

B ADDITIONAL DESIGN CHOICES

In addition to RQ1-4 in §3.2, we identify several other design choices in the offline mixing schema.
We empirically study each design choice and report our findings.

We conduct an empirical study where we explore each OLMIX design choice and present our procedure
on how to decide on each of them. Appendix C provides the exact experimental setup for each research
question.

B.1 RQ6: SWARM DISTRIBUTION

How should we specify the distribution P to sample the mixes for the swarm runs?

We study the distribution P from which swarm mixtures should be sampled. The distribution
determines how effectively the swarm explores the mixture space. However, existing works rarely
study the impact of the swarm distribution, with only CLIMB (Diao et al., 2025) comparing a Dirichlet
versus a random uniform distribution.

We investigate two aspects of the swarm distribution. To evaluate each aspect, we measure the average
BPB of 1B target models trained on proposed mixes. As an intermediate metric, we also report the re-
gression fit (Pearson correlation between predicted and true per-task BPB) on a held-out set of mixtures.

• Should each proxy run include samples from all domains (dense), or should some runs focus on
subsets of domains (sparse)? Sparse distributions enable discovering that certain domains should
be excluded, while dense distributions ensure all domains are represented in all proxy runs. We
generate sparse and dense swarms at the topic level (on DCLM topics) and source level to capture
both fine and coarse-grained domains.

• Does centering the swarm around a promising mixture region improve results? We test three
Dirichlet priors: 1) the natural distribution based on domain token counts, 2) a strong prior, and
3) a weak prior (see Appendix C for exact constructions).

Figure 6 shows that sparse swarms outperform dense at the topic level and vice versa at the source
level—both for downstream BPB (left) and regression fit (right). Neither is universally better; the
choice depends on the domain set. One hypothesis is that the best topic-level mixes exclude certain
low-signal topics (e.g., adult content in DCLM), while the best source-level mixes utilize all sources.
This aligns with how these domains were constructed: DCLM was partitioned into topics that are
potentially uninformative, while sources are intentionally curated. We find that the choice of swarm
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Figure 6: Performance (left) and regression fit (right) of dense versus sparse swarm distributions.
While sparse swarms perform better at the topic level, dense swarms perform better at the source level,
suggesting that this design choice is data-dependent.

Table 3: Natural and strong priors achieve roughly comparable downstream performance, but the weak
prior does considerably worse, suggesting that this design choice is fairly robust and that the natural
distribution is a reasonable configuration.

Dirichlet Prior Avg Downstream Task BPB ↓ Regression Fit ↑
Natural 0.765 0.748
Strong 0.763 0.835
Weak 0.797 0.661

distribution depends on the domain set; we recommend using sparse distributions for topic-level
mixing and dense distributions for source-level mixing.

Table 3 shows that centering on the natural distribution and strong prior results in roughly similar
downstream performance, but using the weak prior significantly degrades performance. We
recommend that practitioners center the swarm around strong priors when available, but if
prior knowledge is uncertain, the natural distribution remains a reasonable fallback.

B.2 RQ7: REGRESSION GRANULARITY

At what granularity should we fit the regression models in order to construct f̂(p)?

We study the granularity at which to fit regression models: one model per task, one model per task
family (e.g., math, code, and QA), or one model for the entire average BPB. This involves a tradeoff
between expressivity and noise. Per-task and per-family regression models can capture distinct
relationships between mixtures and various capabilities, increasing expressivity of the overall function
approximating average BPB, f̂(p). However, they are fit to noisier individual measurements, while
modeling only average BPB may involve less noisy targets.

We compare three approaches. In the per-task approach, we fit individual functions f̂i(p) using
{(pj ,yij)}Kj=1 for each task i∈ [n], and then minimize 1

n

∑n
i=1f̂i(p). In the per-family approach, we

group tasks into three families F1,F2,F3: math, code, and QA. We fit one model f̄i(p) to each family’s
average BPB using {(pj , 1

|Fi|
∑

k∈Fi
ykj)}Kj=1 for i=1,2,3, and then minimize

∑3
i=1

|Fi|
n f̄i(p). In the

aggregated approach, we fit a single function f̂avg(p) directly to the average BPB across tasks using
{(pj , 1n

∑n
i=1yij)}Kj=1 and minimize f̂avg(p). We evaluate downstream performance (average BPB

of 1B target models) and regression fit (Pearson correlation on held-out mixtures).

Table 4 shows that per-task yields the best downstream performance and regression fit. Regression
fit degrades monotonically as granularity decreases, consistent with reduced expressivity. While
per-family has better regression fit than aggregated, their downstream performance is comparable; this
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Table 4: Performance and regression fit across regression granularities. As granularity of the regression
target increases, the regression fit improves, and the downstream performance also trends towards
improvement.

Method Avg Downstream Task BPB ↓ Regression Fit ↑
Per-Task 0.765 0.983
Per-Family 0.777 0.958
Aggregated 0.774 0.866

is likely due to noise in transferring from proxy to target models, since the performance on 30M models
(Figure 13) exhibits trends that are consistent with the regression fit. Nevertheless, per-task provides
clear benefits on both metrics. We recommend fitting separate regression functions per task.

B.3 RQ8: OPTIMIZATION SOLVER

How do we solve the mixture optimization problem?

We study how to solve for the mixture that minimizes the average predicted BPB f̂(p). Under log-linear
regression, f̂(p) is convex, enabling exact solvers. However, since regression functions imperfectly
predict true performance (Figure 9 left), it is unclear whether exact optimization of the surrogate
objective yields the mix with the best downstream performance or if incorporating some regularization
may be better.

We consider three solving strategies. The exact solver uses CVXPY to compute the global optimal mix.
The search-based solver, used in RegMix (Liu et al., 2025a), samples candidate mixes from a Dirichlet
distribution with a natural prior (i.e., a mix proportional to the domain sizes). The exact solver with
KL regularization modifies the objective to minimizep∈△m−1 f̂(p) + λDKL(p||p0), where λ > 0
controls the strength of regularization towards the natural distribution p0; we consider λ∈{0.01,0.05}.
We measure the average BPB of 1B target models trained on the proposed mixes. We also examine
the optimal objective value, the predicted average BPB at the proxy model scale, as a sanity check
that the exact solver should obtain the lowest predicted BPB.

Figure 7 (left) shows that the exact solver with λ=0.05 achieves the best performance. In contrast,
the right panel confirms that the exact solver obtains the lowest predicted BPB, while adding a KL
penalty degrades it. Taken together, these results indicate that although the average predicted BPB is
optimized most effectively by the exact solver, noise from regression fitting and proxy-to-target model
transfer makes moderate regularization beneficial. The search baseline achieves poor performance,
consistent with it being a heuristic. We recommend using an exact solver with a KL regularization
of 0.05 to solve the mixture optimization problem. See Appendix C.7, Figure 14 for additional
source-level results.

C OFFLINE SCHEMA STUDY DETAILS

All experiments for the design choice study, unless specified, use the same configuration as
OLMIXBASE. For mixing over the DCLM topics, we constructed a sparse swarm of size K =128.
We also mix at the source level over DCLM, Stack-Edu, ArXiv, FineMath 3+, olmOCR Science PDFs,
Wikipedia, and Pes2o (see Table 8). For the sources, we constructed a dense swarm of size K=64.
We use log-linear regression per task, an exact solver with λ=0.05, and enforced repetition constraints
in the optimization problem with R= 6T and k=4.

C.1 RQ1: PROXY MODEL SIZE DETAILS

Details Table 5 contains details about the architectures of the 1M, 15M, 30M, and 60M proxy models
we train.
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Figure 7: Downstream performance (left) and 30M predicted performance (right) across optimization
solvers. The predicted performances of various solvers confirms that the exact solver minimizes the
predicted BPB, as expected, followed by KL penalties of 0.01 and 0.05. However, the exact solver
does not obtain the best downstream performance, and instead some KL regularization helps.

Table 5: Proxy Model Architecture Configurations.

Parameter 1M 15M 30M 60M
Vocab size 100,352 100,352 100,352 100,352
n layers 4 8 4 8
n heads 4 4 8 8
d model 16 128 256 384
head dim 4 32 32 48

C.2 RQ2: SWARM SIZE DETAILS

Additional results In Figure 8, we varyK=c(m+1) for c=1,2,3,4 andm=6,24 and study its effect
on downstream BPB of 1B models. Despite having fewerm, the error curves when scaled according to c
collapse together, suggesting that theO(m) sample complexity holds at both 30M and 1B model scales.

Details For the results in Figure 2 and Figure 8, we constructed proposed mixes using a search-based
solver rather than an exact solver. We also did not enforce repetition constraints and had originally
included 5 additional metrics in our evaluation suite: Qasper Yes/No, Sciriff Yes/No, LabBench
DBQA, LabBench ProtocolQA, and MedQA EN.

For m=24, we used all WebOrganizer DCLM topics. For m<24, we selected the m largest domains.
In particular, for m=18, we used: Art and Design, Crime and Law, Education and Jobs, Electronics
and Hardware, Entertainment, Finance and Business, Games, Health, Literature, Politics, Religion,
Science Math and Technology, Social Life, Software, Software Development, Sports and Fitness,
Transportation, Travel and Tourism. For m = 12, we used: Crime and Law, Education and Jobs,
Entertainment, Finance and Business, Games, Health, Literature, Politics, Religion, Science Math
and Technology, Software, and Software Development. For m=6, we used: Entertainment, Finance
and Business, Games, Health, Politics, and Science Math and Technology.

C.3 RQ6: SWARM DISTRIBUTION DETAILS

Details To construct the sparse and dense swarms, we first generated mixes sampled from a Dirichlet
distribution. For the dense swarm, we discarded any mixes that have domains with 0 weight, and for
the sparse swarm, we enforced that if the weight of a domain is less than 0.05, then it is clipped to
0 and the entire mixture is normalized afterwards.

For the centering experiments, we compared a swarm with a natural Dirichlet prior to a strong and
weak prior. The strong prior was the proposed mix obtained using the natural swarm. The weak prior
was a mix that aimed to maximize BPB using the the natural swarm using a simulation-based solver.
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Figure 8: Error on 1B models versus swarm size. Similar to Figure 2 (right), we see that the error curves
collapse across bothm, supporting our finding thatK needsO(m) runs to obtain strong downstream per-
formance. Results are averaged across 3 random seeds, and the intervals indicate min and max results.

Search

Natu
ral

LightG
BM

Auto
scale GP

BiM
ix

Log-Linear
0.75

0.80

0.85

0.90

0.95

1.00

 A
ve

ra
ge

 D
ow

ns
tr

ea
m

 T
as

k B
PB 1.002

0.823 0.813
0.798 0.792

0.768 0.765

LightG
BM

Auto
scale GP

BiM
ix

Log-Linear
0.4

0.5

0.6

0.7

0.8

Re
gr

es
si

on
 Fi

t 

0.564

0.724
0.772

0.732

0.805

Figure 9: Performance (left) and regression fit (right) across regression model families when mixing
on DCLM topics. For both metrics, the log-linear regression model outperforms other approaches.

Regardless of the choice of Dirichlet prior, we used the natural distribution in the KL regularization
term of the objective for fair comparison.

For both sets of experiments, we constructed a held-out test set containing of 30 samples, where 15
were from a Dirichlet distribution centered around the sparse swarm’s optimal mix and 15 were from
a Dirichlet distribution centered around the dense swarm’s optimal mix. This measures regression
fit in high-performance regions of the mixture space, which matters in the mixture optimization step.

C.4 RQ3: REGRESSION MODEL FAMILY DETAILS

Additional results Figures 9 and 10 compare the downstream performance and regression fit
(measured on three random train-test splits of the swarm, each with 10 test mixes) across several
regression model families for two settings: DCLM topics, and at the source level. In both settings
and across both metrics, we see that the log-linear regression model outperforms other approaches.

In Figures 11 and 12, we plot the relationship between swarm size, number of domains, and regression
fit across all regression model families. These figures reveal that different regression model families
have different sample complexity and regimes in which they do well. This offers a potential explanation
for why existing methods lack consensus.

Details We describe how we adapt the regression models from BiMix (Ge et al., 2025b), Au-
toscale (Kang et al., 2025), and Data Mixing Laws (Ye et al., 2025) to our setting where performance
is measured on a set of downstream tasks.
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Figure 10: Performance (left) and regression fit (right) across regression model families when mixing
across sources. For both metrics, the log-linear regression model outperforms other approaches again.
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Figure 11: Regression fit versus swarm size and number of domains across regression models when
mixing on DCLM topics. Across m=6,12,18,24 domains, each regression model requires different
swarm sizes to obtain good regression fit. Results are averaged over 3 random seeds.

• BiMix: The BiMix mixing law models the validation loss on domain i as a function of the mixture
ratio on domain i and the number of training steps s:

f̂i(p,s)=
Ai

pαi
i

(
Bi

sβi
+Ci

)
∀i∈ [m] (5)

Since we do not model the number of steps and instead directly transfer the proposed mix from the
proxy scale to the target scale, this mixing law simplifies to f̂i(p)=Aip

−αi
i , where the constants

are absorbed into Ai. To extend this mixing law to downstream tasks rather than validation loss on
training domains, we assume that task BPB can be modeled as a weighted average of training domain-
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Figure 12: Regression fit versus swarm size and number of domains across regression models when
mixing across sources. Across m=6,12,18,24 domains, each regression model requires different
swarm sizes to obtain good regression fit. Results are averaged over 3 random seeds.

specific mixing laws. Therefore, for each downstream task i, the BiMix mixing law for our setting is:

f̂i(p)=

m∑
j=1

Aijp
−αij

j (6)

• AutoScale: The AutoScale mixing law models validation loss on a held-out dataset i as a function
of the mixture and the number of tokens R:

f̂(p,R)=

m∑
j=1

(
(N j

0+pjR)−γj+lj

)
, (7)

where N j
0 is the “effective” number of tokens of all other domains excluding j. The original paper

fits separate parameters for each domain using perturbed runs; we instead fit all parameters jointly
using our larger swarm. We make two modifications. First, we replace the per-domain constants
lj with a single constant term ci corresponding to a given task i. Second, instead of directly learning
N j

0 , which can be quite large given the order of magnitude ofR, we rewriteN j
0+pjR asR(Aij+pj)

and learn Aij . Therefore, for each downstream task i, the AutoScale mixing law for our setting is:

f̂i(p)=ci+

m∑
j=1

(R(Aij+pj))
−αij (8)

• Data Mixing Laws: The mixing law models the validation loss on domain i as:

f̂i(p)=ci+kiexp

( m∑
j=1

tijpj

)
(9)

The paper also extends this to out-of-domain validation sets by expressing them as a linear
combination of training domains, namely f̂(p)=

∑m
i=1si

(
ci+kiexp

(∑m
j=1tijpj

))
. We use the

first, simpler form (9) directly for downstream tasks, treating each task’s performance as a function of
the mixture on training domains. Moreover, we observe that ki can be absorbed into the linear term;
rewriting (9) as ci+exp(

∑m
j=1tijpj+logki) shows that ki acts as an intercept term. Since p sums

up to 1, this intercept is redundant and can be dropped. Therefore, our final log-linear mixing law is

f̂i(p)=ci+exp

( m∑
j=1

Aijpj

)
(10)

Next, we provide implementation details for each model:
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Table 6: Downstream performance of BiMix and AutoScale regression models on DCLM topics using
exact optimization, exact + KL regularization (λ= 0.05), and search. Based on these findings, we
use an exact solver with Autoscale and a search-based solver for BiMix for the rest of our study.

Method Exact (0.0) Exact + KL (0.05) Search
BiMix 0.776733 0.790188 0.768153
Autoscale 0.798084 0.804814 0.808775

Per-T
ask

Per-F
amily

Aggregated

1.68

1.70

1.72

1.74

 A
ve

ra
ge

 D
ow

ns
tr

ea
m

 T
as

k B
PB

1.702

1.722 1.725

Figure 13: 30M performance across regression granularities. The performance is monotonic in the
task granularity, matching with the regression fit findings from Table 4.

• Search: we select the swarm run that has the best average BPB and satisfies the data repetition
constraints.

• LightGBM: we use the hyperparameters from RegMix (Liu et al., 2025a). However, we did not
use an evaluation set for early stopping, since we noticed that RegMix used the same set of mixes
for early stopping and for reporting performance. We solve the optimization problem using search,
as is done in RegMix.

• Gaussian Process: we use scikit-learn’s GaussianProcessRegressor. We solve the optimization
problem using search, as is done in Chen et al. (2025b).

• BiMix: we use SciPy least squares to fit the regression models. We solve the optimization problem
using search, an exact solver, and exact solver with KL regularization (λ=0.05) in Table 6. Based
on the results, we decided to use a search-based solver when evaluating BiMix.

• AutoScale: we use SciPy least squares to fit the regression models. We solve the optimization
problem using search, an exact solver, and exact solver with KL regularization (λ=0.05)in Table 6.
Based on the results, we decide to use an exact solver when evaluating Autoscale.

• Log-linear: we use the fitting code from Ye et al. (2025). We solve the optimization problem using
CVXPY, while results for other solvers are discussed in Appendix B.3.

C.5 RQ7: REGRESSION GRANULARITY DETAILS

Additional results Figure 13 shows the performance of various regression granularities at the
30M scale. While the downstream BPB results at the 1B scale (Table 4) demonstrates that per-family
performs the worst, the 30M performance results are in line with the regression fits of each granularity;
per-task performs the best, followed by per-family and aggregated.

Details The task families we used are defined in Table 10: Math, Code, and QA. We constructed
a held-out test set containing of 45 samples, consisting of 15 samples from a Dirichlet distribution
centered around each regression granularity’s respective proposed mix. This measures regression
fit in high-performance regions of the mixture space, which matters in the mixture optimization step.
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Table 7: Performance and repetition constraint satisfaction. Using a constrained swarm with
unconstrained optimization does not satisfy a repetition constraint with k=4; the proposed mix repeats
samples of a domain 5 times. Between the unconstrained and constrained swarm with constrained
optimization (approaches 2 and 3), the latter approach achieves the best downstream performance.

Approach Satisfies rep constraint? (k=4) Average task BPB ↓
1) Constrained Swarm, Unconstrained Opt No (5) 0.774694
2) Unconstrained Swarm, Constrained Opt Yes (4) 0.764718
3) Constrained Swarm, Constrained Opt Yes (4) 0.785517
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Figure 14: Performance (left) and regression fit (right) across optimization solvers when mixing across
sources. The predicted performances of various solvers confirms that the exact solver minimizes the
predicted BPB, as expected, followed by KL penalties of 0.01 and 0.05. However, the exact solver
does not obtain the best downstream performance, and instead some KL regularization helps.

C.6 RQ4: DATA REPETITION CONSTRAINTS DETAILS

Additional results We study several ways of enforcing repetition constraints. 1) We use a constrained
swarm and unconstrained optimization: we construct a swarm where all of its mixes satisfy the
repetition constraint. Mixture optimization solves the unconstrained problem minimizep∈△m−1 f̂(p),
relying on the regression models to encode what mixes are feasible. 2) We consider an unconstrained
swarm and constrained optimization: we sample swarm mixes from P without restrictions, and we
add the repetition constraints to the mixture optimization problem. 3) We consider both a constrained
swarm and constrained optimization. We test with k=4, and for each approach we verify whether
the proposed mixture satisfies the repetition constraint.

Table 7 shows that approach 2, using an unconstrained swarm with constrained optimization results
in a proposed mix that satisfies the repetition constraints while maintaining performance. Approach
1) fails to satisfy the constraints, resulting in samples from one of the domains being repeated 5 times,
which is more than k=4. Approach 3) satisfies constraints, but yields worse downstream performance
than 2), likely because the constrained swarm provides less coverage of the mixture space.

Details To construct the constrained swarm, we used K=128 proxy runs. We set R=6T requested
tokens and a repetition factor of k=4. The constrained swarm is constructed via rejection sampling
from the Dirichlet prior. For constrained optimization, we specified the repetition constraint in CVXPY.

C.7 RQ8: OPTIMIZATION SOLVER DETAILS

Additional results Figure 14 shows the performance and predicted performance across optimization
solvers when mixing at the source level. Similar to Figure 7, we see that Exact + KL (0.05) outperforms
the other solvers in terms of downstream BPB. We also sanity check our optimizers by examining
predicted performance, confirming that the exact optimizer obtains the lowest predicted performance
while adding a KL term degrades performance.
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Details For the search approach, we used the adaptive search proposed in Wettig et al. (2025), which
proceeds in multiple rounds such that the best mix from the current round is used as a Dirichlet prior
to generate candidate mixes for the next round.

D ALGORITHM DETAILS

D.1 SOLVING THE CONDITIONAL MIXING PROBLEM

We explain how to solve (3), by using a change of variables that transforms it into a standard mixing
problem (without the explicit qDfix = p̃Dfix constraint) over a collapsed space. After this change of
variables, the constraint is absorbed into the variable and standard mixing methods like OLMIXBASE
can be applied in the collapsed space.

For any feasible q = [ρp̃Dfix , (1 − ρ)qDcomp ], let the corresponding mix in collapsed space be
r = [ρ,(1− ρ)qDcomp ] ∈ △|Dcomp|. r is defined over a virtual domain, containing all of Dfix, and the
domains in Dcomp. Formally, we index the elements of r by {v}∪Dcomp and define mapping functions
that convert between r and q.

• Collapse Ψ(q)=r: sum all weights on Dfix into the virtual domain weight rv=
∑

j∈Dfix
qj , and keep

weights on Dcomp the same, rj=qj for j∈Dcomp.
• Expand Φp̃Dfix

(r)=q: multiply the virtual domain weight by p̃Dfix , i.e., qj=rv ·p̃j for j∈Dfix, and
keep weights on Dcomp the same, qj=rj for j∈Dcomp.

Then, we can write the mixture reuse problem (3) in terms of r:

minimizer∈△|Dcomp|
1

n

n∑
i=1

gi(r) (11)

s.t. rv≤ min
j∈Dfix

{
kN ′

j

Rp̃j

}
rj≤

kN ′
j

R
∀j∈Dcomp

where gi(r) := fi(LM(S,R,Φp̃Dfix
(r))) is the performance of the mix Φp̃Dfix

(r) on task i, and the
repetition constraints have been rewritten in terms of r. This optimization problem looks similar
to (2)—determine the mix r that minimizes the average BPB, subject to some per-domain constraints.
Therefore, we can apply OLMIXBASE to obtain our FULLMIXTUREREUSE method, detailed in
Algorithm 2. The blue coloring indicates aspects of this algorithm that are different from OLMIXBASE,
showing that the key difference is simply two expansion steps, and otherwise handling everything
in collapsed space over r.

D.2 SWARM REUSE ALGORITHM

We present Algorithm 3, corresponding to the Swarm Reuse approach in §5, as another way to reuse
prior information from mixing. The blue coloring indicates aspects of this algorithm that are different
from OLMIXBASE.

E PROOFS FOR SECTION 4.3

We first provide definitions, assumptions, and notations.

E.1 DEFINITIONS AND NOTATION

Define performance of q as F (q) := 1
n

∑n
i=1fi(LM(S,R,q)). We also write F (q) as a bivariate version,

F (r,p1) := F (Φp1(r)).

Recall q⋆ is the optimal solution to (2) on D′, and q⋆(p̃Dfix) is solution returned by
FULLMIXTUREREUSE when reusing p̃Dfix (3). We define q⋆Dfix

as the optimal mix on Dfix

after the domain set update; that is, q⋆ = [ρ⋆q⋆Dfix
, (1 − ρ⋆)q⋆Dcomp

]. We can also write
q⋆(p̃Dfix)=[ρ⋆(p̃Dfix p̃Dfix ,(1−ρ⋆(p̃Dfix))q

⋆
Dcomp

(p̃Dfix)].
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Algorithm 2 FULLMIXTUREREUSE

1: Input: Domain set D′=Dfix∪Dcomp, existing mix p̃∈△m−1, swarm size K=O(m), repetition
factor k, requested tokens R.

2: Sample mixes r1,...,rK ∈△|Dcomp| and expand each collapsed mix rj into qj :=Φp̃Dfix
(rj).

3: Train proxy models on the expanded mixes and evaluate on downstream tasks to get a dataset
of mixes and performance, {(rj ,{yij}ni=1}Kj=1, where yij :=fi(LM(Ssmall,Rsmall,q

j)).
4: for i∈ [n] do
5: Use {(rj , yij)}Kj=1 to fit the log-linear model ĝi(r)=di + exp(B⊤

i r), where di ∈ R+ and
Bi∈R|Dcomp|.

6: end for
7: Solve the following optimization problem to get r⋆(p̃Dfix):

minimizer∈△|Dcomp|
1

n

n∑
i=1

ĝi(r) (12)

s.t. rv≤ min
j∈Dfix

{
kN ′

j

Rp̃j

}
, rj≤

kN ′
j

R
∀j∈Dcomp

8: Return q⋆(p̃Dfix) :=Φp̃Dfix
(r⋆(p̃Dfix)), the expanded form of r⋆(p̃Dfix).

We can also write p̃ in terms of Dfix and D\Dfix: any p can be expressed as p=[πpDfix ,(1−π)pD\Dfix ],
where π∈ [0,1] (similar to ρ).

The log-linear model is fi(q)=ci+
∑n

i=1exp(A
⊤
i q), where Aij intuitively captures a notion of how

much domain j impacts task i. We split each Ai into [Ai,fix,Ai,comp] corresponding to Dfix and Dcomp.
Define αfix,αcomp∈Rn where αi,fix=∥Ai,fix∥,αi,comp=∥Ai,comp∥.

Define the coupling term κ(Dfix,Dcomp)=κ(αfix,αcomp) as

κ(αfix,αcomp) :=∥(1+αfix+αcomp)⊙αfix∥, (14)

where ⊙ is the Hadamard product.

Define F̄ (·) to be the objective without the constant term of the log-linear regression model,
F (·)− 1

n

∑n
i=1ci.

Denote p1= p̃Dfix and p′1=q⋆Dfix
for simplicity. Let p2=qDcomp . Recall that r⋆(p1) is the solution to (3)

when qDfix is constrained to be p1. Any r can be written as r=[ρ,(1−ρ),p2], so we similarly define
ρ⋆(p1) and p⋆2(p1).

E.2 PROOF FOR THEOREM 4.1

Assumption E.1. We make the following assumptions:

1. The log-linear model accurately captures the relationship between the mixture ratios and target model
performance on each task; that is, fi(LM(S,R,q))=ci+exp(A⊤

i q) for some ci∈R+,Ai∈Rm′
.

2. For simplicity, applying OLMIXBASE (Algorithm 1) exactly solves (2). That is, we ignore (i)
proxy-to-target transfer error and (ii) estimation error in learning ci and Ai from the swarm.
However, extending the analysis to include these errors is straightforward by adding corresponding
approximation terms.

3. We assume that F (r,p1) is µ-strongly convex in r.

4. Let S(qDfix) be the feasible set of (11) defined by repetition constraints:

rv≤ min
j∈Dfix

{
kN ′

j

Rqj

}
,rj≤

kN ′
j

R
∀j∈D′

2,

together with the simplex constraints on r. We assume mutual feasibility of p̃Dfix and q⋆Dfix
: that

r⋆(p̃Dfix)∈S(q⋆Dfix
) and r⋆(q⋆Dfix

)∈S(p̃Dfix). This holds in the following two cases:
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Algorithm 3 Swarm Reuse Mixing

1: Input: Old domain set D, new domain set D′, old swarm {(pjold,{yold
ij }ni=1)}

Kold
j=1, new swarm size

Knew=O(|D′|), Dirichlet distribution P ′, repetition factor k, requested tokens R.
2: Sample new mixes p1new,...,p

Knew
new ∼P ′ on D′.

3: Train proxy models on new mixes and evaluate on downstream tasks to get new swarm data
{(pjnew,{ynew

ij }ni=1}
Knew
j=1 .

4: Map old swarm mixes to new domain set: for j∈ [Kold], compute p̃jold∈△m′−1 from pjold∈△m−1

where:
• If Add: D = [D1,∅] and D′ = [D1,D′

2]. Then p̃jold(D
′
i) = pjold(Di) for Di ∈ D1, and

p̃jold(D
′
i)=0 for D′

i∈D′
2.

• If Partition: D= [D1,{Dpar}] and D′ = [D1,{D1
par,...,D

ℓ
par}] where Dpar =

⋃ℓ
k=1D

k
par.

Then p̃jold(D
′
i)= pjold(Di) for Di ∈D1, and p̃jold(D

k
par)= pjold(Dpar) ·

N
Dk

par∑ℓ
k′=1

N
Dk′

par

for the

partitioned domains.
5: Construct combined swarm: S={(p̃jold,{yold

ij })}
Kold
j=1∪{(p

j
new,{ynew

ij })}Knew
j=1 .

6: for i∈ [n] do
7: Use combined swarm S to fit the log-linear model f̂i(p)=ci+exp(A⊤

i p), where ci∈R+ and
Ai∈R|D′|.

8: end for
9: Solve the optimization problem:

minimizep∈△|D′|−1

1

n

n∑
i=1

f̂i(p) (13)

subject to pj≤
kN ′

j

R
∀j∈|D′|

10: Return p⋆, the solution on new domain set D′.

• Both p̃Dfix and q⋆Dfix
have an active repetition constraint on at least one domain. Intuitively,

this means that among the unaffected domains, there exist some high-utility domains that are
data-constrained.

• r⋆v(p̃Dfix) ≤ minj∈Dfix{
kN ′

j

Rqj
} and r⋆v(p̃Dfix) ≤ minj∈Dfix{

kN ′
j

Rp̃j
}. Intuitively, the contents of the

virtual domain are sufficiently low utility such that the proposed mix does not “push against” the
tighter of the two rv constraints.

This assumption is reasonable in our setting: when the repetition constraint is active, a domain is
valuable enough that we would allocate more weight if we could. When it is slack, the domain does
not warrant allocating weight up to its availability limit. Our two cases simply rule out the marginal
situation where one mix is availability-limited while the other is not.

First, we show that the mixture reuse problem and the standard mixing problem are equivalent when
the existing mix on the unaffected domains is equal to the optimal mix on the unaffected domains
after the domain update. This is the “equality” condition of Theorem 4.1: when p̃Dfix = q⋆Dfix

, the
performance gap is 0.

Lemma E.2. The solution of (3), r⋆(p̃Dfix), is equivalent to the solution of (2),
q⋆ = [ρ⋆q⋆Dfix

, (1 − ρ⋆)q⋆D′
2
], when the existing mix satisfies p̃Dfix = q⋆Dfix

. In other words,
Φq⋆Dfix

(r⋆(q⋆Dfix
))=q⋆, and q⋆(q⋆Dfix

)=q⋆.

Proof. For (2), restricting the feasible set to the subspace qDfix = q⋆Dfix
does not change the optimal

value of this problem, since this subspace still contains the optimal solution to the original problem.
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Therefore, (2) is equivalent to:

minimizeq∈△m′−1

1

n

m∑
i=1

fi(LM(S,R,q))

s.t. qj≤
kN ′

j

R
∀j∈ [m′]

qDfix =q⋆Dfix

Comparing this formulation of (2) to (3), we can see that the problems are equivalent when
p̃Dfix =q⋆Dfix

.

Based on this result, we can write q⋆ = q⋆(q⋆Dfix
) = q⋆(p′1). Similarly, ρ⋆ = ρ⋆(p′1), r

⋆ = r⋆(p′1),
p⋆2 = p⋆2(p

′
1). Furthermore, the problem of bounding the performance gap now becomes one of

bounding F (q⋆(p̃Dfix))−F (q⋆(q⋆Dfix
) in terms of ∥q⋆(p̃Dfix)− q⋆Dfix∥. We can apply standard tools

from optimization and convexity over F (r,p1) to address this.

E.2.1 PERFORMANCE GAP LEMMAS

Lemma E.3 (FOC Inequality). Recall that r⋆(p1) = arg minr∈S(p1) F (r, p1) and
r⋆(p′1)=argminr∈S(p′

1)
F (r,p′1). Then,

⟨▽rF (r⋆(p1),p1)−▽rF (r⋆(p′1),p
′
1), r

⋆(p′1)−r⋆(p1)⟩≥0.

Proof. Since r⋆(p1) minimizes F (·,p1) over the convex set S(p1), we have the first-order condition

⟨▽rF (r⋆(p1),p1),r−r⋆(p1)⟩≥0 ∀r∈S(p1).

Using the mutual feasibility assumption, r⋆(p′1)∈S(p1), so plugging r=r⋆(p′1) yields

⟨▽rF (r⋆(p1),p1),r
⋆(p′1)−r⋆(p1)⟩≥0.

Similarly, since r⋆(p′1) minimizes F (·,p′1) over S(p′1) and r⋆(p1)∈S(p′1),

⟨▽rF (r⋆(p′1),p
′
1),r

⋆(p1)−r⋆(p′1)⟩≥0.

Adding the two inequalities completes the proof.

Lemma E.4 (Mean value bound for ▽rF along a segment). Fix r∈R|D′
2|+1 and consider the map

G(·) :=▽rF (r,·).

Assume G is continuously differentiable on the line segment

pt1 := tp′1+(1−t)p1, t∈ [0,1].

Then

∥▽rF (r,p′1)−▽rF (r,p1)∥≤ sup
t∈[0,1]

∥∥▽2
r,p1

F (r,pt1)
∥∥·∥p′1−p1∥.

Proof. Define the scalar function

h(t) :=G(pt1)∈R|D′
2|+1, t∈ [0,1].

Since G is continuously differentiable on the segment, h is differentiable and

h′(t)=▽p1G(pt1)(p
′
1−p1),

where ▽p1G(pt1) denotes the Jacobian of G at pt1. By the fundamental theorem of calculus,

G(p′1)−G(p1)=h(1)−h(0)=

∫ 1

0

h′(t)dt=

∫ 1

0

▽p1G(pt1)(p
′
1−p1)dt.
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Taking norms and applying the triangle inequality,

∥G(p′1)−G(p1)∥≤
∫ 1

0

∥▽p1
G(pt1)(p

′
1−p1)∥dt

≤
∫ 1

0

∥▽p1G(pt1)∥∥p′1−p1∥dt

≤

(
sup

t∈[0,1]

∥▽p1
G(pt1)∥

)
·∥p′1−p1∥.

Substituting G(·)=▽rF (r,·) yields the equivalent mixed-derivative form.

Lemma E.5 (Behavior of r⋆(·) under changes in p1). Let ∆:=p′1−p1 and ∆r :=r⋆(p′1)−r⋆(p1).

Then

∥∆r∥ ≤ M

µ
∥∆∥,

where

M := sup
t∈[0,1]

∥∥▽2
r,p1

F
(
r⋆(p′1),p

t
1

)∥∥, pt1 := tp′1+(1−t)p1.

Proof. By µ-strong convexity of F (·,p1) in r, for r=r⋆(p1) and r′=r⋆(p′1),

F (r′,p1)≥F (r,p1)+⟨▽rF (r,p1),r
′−r⟩+µ

2
∥r′−r∥2,F (r,p1) ≥F (r′,p1)+⟨▽rF (r′,p1),r−r′⟩+µ

2
∥r−r′∥2.

Adding yields

µ∥∆r∥2≤⟨▽rF (r⋆(p′1),p1)−▽rF (r⋆(p1),p1),∆r⟩.
Next, we add and subtract ▽rF (r⋆(p′1),p

′
1):

µ∥∆r∥2≤⟨▽rF (r⋆(p′1),p1)−▽rF (r⋆(p′1),p
′
1),∆r⟩

+⟨▽rF (r⋆(p′1),p
′
1)−▽rF (r⋆(p1),p1),∆r⟩.

By Lemma E.3, the second inner product is less than 0. Thus

µ∥∆r∥2≤∥▽rF (r⋆(p′1),p1)−▽rF (r⋆(p′1),p
′
1)∥·∥∆r∥.

Finally, applying Lemma E.4, we have

µ∥∆r∥2≤ sup
t∈[0,1]

∥∥▽2
r,p1

F (r⋆(p′1),p
t
1)
∥∥·∥∆∥·∥∆r∥

We cancel ∥∆r∥ to complete the proof.

Lemma E.6 (Decomposing the performance gap). Define ∆ := p′1 − p1, ∆r := r⋆(p′1)− r⋆(p1).
Assume F (·,·) is convex in r and differentiable in both arguments. Then

F (r⋆(p1),p1)−F (r⋆(p′1),p
′
1)≤∥▽rF (r⋆(p1),p1)∥·∥∆r∥+∥∆∥· sup

t∈[0,1]

∥▽p1
F (r⋆(p′1),p

t
1)∥.

Proof. Add and subtract F (r⋆(p′1),p1):

F (r⋆(p1),p1)−F (r⋆(p′1),p
′
1)=

(
F (r⋆(p1),p1)−F (r⋆(p′1),p1)

)
+
(
F (r⋆(p′1),p1)−F (r⋆(p′1),p

′
1)
)
.

For the first difference, convexity of F (·,p1) implies

F (r⋆(p′1),p1)≥F (r⋆(p1),p1)+⟨▽rF (r⋆(p1),p1),r
⋆(p′1)−r⋆(p1)⟩,

so

F (r⋆(p1),p1)−F (r⋆(p′1),p1)≤⟨▽rF (r⋆(p1),p1),r
⋆(p1)−r⋆(p′1)⟩≤∥▽rF (r⋆(p1),p1)∥·∥∆r∥.

For the second difference, we apply the mean value theorem along pt1:

|F (r⋆(p′1),p1)−F (r⋆(p′1),p
′
1)|≤∥∆∥· sup

t∈[0,1]

∥▽p1
F (r⋆(p′1),p

t
1)∥.

Combining the two bounds completes our proof.
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E.2.2 GRADIENT LEMMAS

Lemma E.7. The gradient norm ∥▽rF (r⋆(p1),p1)∥ can be bounded by

▽rF (r⋆(p1),p1)≤ F̄ (q⋆(p1))
∥∥|A1p1|+αcomp

∥∥
Proof. First, we write r as [ρ,b2], where b2=(1−ρ)p2. Define si=A⊤

i,1ρp1+A⊤
i,2b2. We compute

the gradient of F (r,p1) with respect to ρ and b2:

▽ρF (r,p1)=
1

n

n∑
i=1

exp(si)A
⊤
i,1p1

▽b2F (r,p1)=
1

n

n∑
i=1

exp(si)Ai,2

We can consolidate this into a single expression if we define ai=
[
⟨Ai,1,p1⟩

Ai,2

]
∈R|D′

2|+1:

▽rF (r,p1)=
1

n

n∑
i=1

exp(si)ai

Let us write r⋆(p1) as [ρ⋆(p1),(1−ρ⋆(p1))p
⋆
2(p1)]. The expression for the gradient at r⋆(p1) is

▽rF (r⋆(p1),p1)=
1

n

n∑
i=1

exp(A⊤
i,1ρ

⋆(p1)p1+A⊤
i,2(1−ρ⋆(p1))p

⋆
2(p1))ai

We now bound the norm. First, applying the Cauchy-Schwarz inequality twice, we have:

∥▽rF (r⋆(p1),p1)∥≤
1

n

n∑
i=1

exp(A⊤
i,1ρ

⋆(p1)p1+A⊤
i,2(1−ρ⋆(p1))p

⋆
2(p1))∥ai∥

≤ 1

n

√√√√ n∑
i=1

exp(2(A⊤
i,1ρ

⋆(p1)p1+A⊤
i,2(1−ρ⋆(p1))p⋆2(p1)))

√√√√ n∑
i=1

∥ai∥2

≤ 1

n

n∑
i=1

exp(A⊤
i,1ρ

⋆(p1)p1+A⊤
i,2(1−ρ⋆(p1))p

⋆
2(p1))

√√√√ n∑
i=1

∥ai∥2

Observe that the first summation is equivalent to F̄ (q⋆(p1)). Then, to bound the remaining term√∑n
i=1∥ai∥2, we have √√√√ n∑

i=1

∥ai∥2=

√√√√ n∑
i=1

⟨Ai,1,p1⟩2+∥Ai,2∥2

≤

√√√√ n∑
i=1

(|⟨Ai,1,p1⟩|+∥Ai,2∥)2

=
∥∥|A1p1|+αcomp

∥∥
where |·| is an elementwise absolute value, and αcomp∈Rn is constructed where αi,2=∥Ai,2∥.

Therefore,

▽rF (r⋆(p1),p1)≤ F̄ (q⋆(p1))
∥∥|A1p1|+αcomp

∥∥
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Lemma E.8. The gradient norm ▽p1
F (r⋆(p′1),p

t
1) can be bounded by

∥▽p1F (r⋆(p′1),p
t
1)∥≤ F̄ (q⋆(p′1))

∥∥exp(αfix∥△∥)⊙αfix
∥∥

where ⊙ is the Hadamard product, and exp is elementwise.

Proof. Define si=A⊤
i,1ρp1+A⊤

i,2(1−ρ)p2. We compute the gradient of F (r,p1) with respect to p1:

▽p1
F (r,p1)=

1

n

n∑
i=1

exp(si)ρAi,1

Let us write r⋆(p′1) as [ρ⋆(p′1),(1−ρ⋆(p′1))p
⋆
2(p

′
1)]. Then, the gradient of F (r,p1) at r⋆(p′1),p

t
1 is

▽p1F (r⋆(p′1),p
t
1)=

1

n

n∑
i=1

exp(A⊤
i,1ρ

⋆(p′1)p
t
1+A⊤

i,2(1−ρ⋆(p′1))p
⋆
2(p

′
1))ρ

⋆(p′1)Ai,1

We now bound the norm of the gradient over t∈ [0,1]. First, we add and subtract p′1 to create an exp
term defined over p′1 and a difference term with pt1−p′1:

∥▽p1F (r⋆(p′1),p
t
1)∥≤

1

n

n∑
i=1

exp(A⊤
i,1ρ

⋆(p′1)(p
′
1+pt1−p′1)+A⊤

i,2(1−ρ⋆(p′1))p
⋆
2(p

′
1))ρ

⋆(p′1)∥Ai,1∥

≤ 1

n

n∑
i=1

exp(A⊤
i,1ρ

⋆(p′1)p
′
1+A⊤

i,2(1−ρ⋆(p′1))p
⋆
2(p

′
1))exp(A

⊤
i,1ρ

⋆(p′1)(p
t
1−p′1))∥Ai,1∥

Then, we apply Cauchy-Schwarz inequality to get
∥▽p1

F (r⋆(p′1),p
t
1)∥

≤ 1

n

√√√√ n∑
i=1

exp(2A⊤
i,1ρ

⋆(p′1)(p
t
1−p′1))∥Ai,1∥2

√√√√ n∑
i=1

exp(2(A⊤
i,1ρ

⋆(p′1)p
′
1+A⊤

i,2(1−ρ⋆(p′1))p
⋆
2(p

′
1)))

≤ 1

n

√√√√ n∑
i=1

exp(2A⊤
i,1ρ

⋆(p′1)(p
t
1−p′1))∥Ai,1∥2 ·

n∑
i=1

exp(A⊤
i,1ρ

⋆(p′1)p
′
1+A⊤

i,2(1−ρ⋆(p′1))p
⋆
2(p

′
1))

We observe that we can replace the second summation with F̄ (q⋆(p′1)), so we only need to further

simplify
√∑n

i=1exp(2A
⊤
i,1ρ

⋆(p′1)(p
t
1−p′1))∥Ai,1∥2. We observe that ∥pt1−p′1∥ is always bounded

by ∥∆∥, and use the fact that ρ⋆(p′1)≤1:√√√√ n∑
i=1

exp(2A⊤
i,1ρ

⋆(p′1)(p
t
1−p′1))∥Ai,1∥2≤

√√√√ n∑
i=1

exp(2∥Ai,1∥∥pt1−p′1∥)∥Ai,1∥2

≤

√√√√ n∑
i=1

exp(2∥Ai,1∥∥△∥)∥Ai,1∥2≤
∥∥exp(αfix∥△∥)⊙αfix

∥∥
Therefore,

∥▽p1F (r⋆(p′1),p
t
1)∥≤ F̄ (q⋆(p′1))

∥∥exp(αfix∥△∥)⊙αfix
∥∥

Lemma E.9. Let amax=maxi{∥Ai,1∥}, the largest norm of Ai,1 across all tasks. Define bmax∈Rn

where bi,max = max{|⟨Ai,1,p1⟩|, |⟨Ai,1,p
′
1⟩|} as the larger of the two dot products per task. The

gradient norm ∥▽2
r,p1

F (r⋆(p′1),p
t
1)∥ can be bounded by

∥▽2
r,p1

F (r⋆(p′1),p
t
1)∥≤exp(amax∥∆∥)·F̄ (q⋆(p′1))·

∥∥(1+bmax+αcomp)⊙αfix
∥∥

where ⊙ is the Hadamard product.

34



1836
1837
1838
1839
1840
1841
1842
1843
1844
1845
1846
1847
1848
1849
1850
1851
1852
1853
1854
1855
1856
1857
1858
1859
1860
1861
1862
1863
1864
1865
1866
1867
1868
1869
1870
1871
1872
1873
1874
1875
1876
1877
1878
1879
1880
1881
1882
1883
1884
1885
1886
1887
1888
1889

Under review as a paper at DATA-FM workshop @ ICLR 2026

Proof. We derive an expression for ▽2
r,p1

F (r,p1). We write r as [ρ,b2], where b2 := (1−ρ)p2, and
define si=A⊤

i,1ρp1+A⊤
i,2b2 to be the expression inside the exp. First, we have that ▽p1

F (r,p1) is

▽p1
F (r,p1)=

1

n

n∑
i=1

exp(si)ρAi,1.

Then, we can compute ▽ρ,p1
F (r,p1) and ▽b2,p1

F (r,p1):

▽ρ,p1
F (r,p1)=▽ρ

(
1

n

n∑
i=1

exp(si)ρAi,1

)
=

1

n

n∑
i=1

(ρexp(si)⟨Ai,1,p1⟩+exp(si))A
⊤
i,1

▽b2,p1
F (r,p1)=▽b2

(
1

n

n∑
i=1

exp(si)ρAi,1

)
=

1

n

n∑
i=1

ρexp(si)Ai,2A
⊤
i,1

We can consolidate these into

▽2
r,p1

F (r,p1)=
1

n

n∑
i=1

exp(si)(ρai+e1)A
⊤
i,1,

where ai =
[
⟨Ai,1,p1⟩

Ai,2

]
∈R|D′

2|+1 and e1 is the standard basis vector

1

0

.

.

.
0

∈R|D′
2|+1. Therefore, the

gradient ▽2
r,p1

F (r,p1) at r⋆(p′1),p
t
1 is

▽2
r,p1

F (r⋆(p′1),p
t
1)=

1

n

n∑
i=1

exp(A⊤
i,1ρ

⋆(p′1)p
t
1+A⊤

i,2(1−ρ⋆(p′1))p
⋆
2(p

′
1))(ρ

⋆(p′1)ai+e1)A
⊤
i,1

where ai is now
[
⟨Ai,1,p

t
1⟩

Ai,2

]
. Now, we would like to upper bound supt∈[0,1] ∥▽2

r,p1
F (r⋆(p′1),p

t
1)∥.

Using Cauchy-Schwarz inequality, we have

∥▽2
r,p1

F (r⋆(p′1),p
t
1)∥≤

1

n

n∑
i=1

exp(A⊤
i,1ρ

⋆(p′1)p
t
1+A⊤

i,2(1−ρ⋆(p′1))p
⋆
2(p

′
1))∥(ρ⋆(p′1)ai+e1)A

⊤
i,1∥

≤ 1

n

√√√√ n∑
i=1

exp
(
2(A⊤

i,1ρ
⋆(p′1)p

t
1+A⊤

i,2(1−ρ⋆(p′1))p
⋆
2(p

′
1))
)√√√√ n∑

i=1

∥(ρ⋆(p′1)ai+e1)A⊤
i,1∥2 (15)

We simplify the first summation in (15) by adding and subtracting p′1 to pt1:

n∑
i=1

exp
(
2(A⊤

i,1ρ
⋆(p′1)p

t
1+A⊤

i,2(1−ρ⋆(p′1))p
⋆
2(p

′
1))
)

=

n∑
i=1

exp
(
2A⊤

i,1ρ
⋆(p′1)(p

′
1+pt1−p′1)+2A⊤

i,2(1−ρ⋆(p′1))p
⋆
2(p

′
1)
)

=

n∑
i=1

exp
(
2(A⊤

i,1ρ
⋆(p′1)p

′
1+A⊤

i,2(1−ρ⋆(p′1))p
⋆
2(p

′
1))+2A⊤

i,1ρ
⋆(p′1)(p

t
1−p′1)

)
≤max

i
{exp(2A⊤

i,1ρ
⋆(p′1)(p

t
1−p′1))}

( n∑
i=1

exp
(
A⊤

i,1ρ
⋆(p′1)p

′
1+A⊤

i,2(1−ρ⋆(p′1))p
⋆
2(p

′
1)
))2

We note that
∑n

i=1 exp
(
A⊤

i,1ρ
⋆(p′1)p

′
1 + A⊤

i,2(1 − ρ⋆(p′1))p
⋆
2(p

′
1)
)

is n · F̄ (q⋆(p′1)).
Moreover, using the fact that ρ⋆(p′1) ≤ 1 and ∥pt1 − p′1∥ ≤ ∥∆∥, we can bound

35



1890
1891
1892
1893
1894
1895
1896
1897
1898
1899
1900
1901
1902
1903
1904
1905
1906
1907
1908
1909
1910
1911
1912
1913
1914
1915
1916
1917
1918
1919
1920
1921
1922
1923
1924
1925
1926
1927
1928
1929
1930
1931
1932
1933
1934
1935
1936
1937
1938
1939
1940
1941
1942
1943

Under review as a paper at DATA-FM workshop @ ICLR 2026

maxi{exp(2A⊤
i,1ρ

⋆(p′1)(p
t
1−p′1))}≤maxi{exp(2∥Ai,1∥∥pt1−p′1∥)}≤ exp(2∥∆∥maxi{∥Ai,1∥}).

Let amax=maxi{∥Ai,1∥}, the largest norm of Ai,1 across all tasks. Therefore, we have:

1

n

√√√√ n∑
i=1

exp
(
2(A⊤

i,1ρ
⋆(p′1)p

t
1+A⊤

i,2(1−ρ⋆(p′1))p
⋆
2(p

′
1))
)
≤ 1

n

√
exp(2amax∥∆∥)·n2 ·F (q⋆(p′1))

2

=exp(amax∥∆∥)·F (q⋆(p′1))

Next, we simplify the second summation in (15),
∑n

i=1∥(ρ⋆(p′1)ai+e1)A
⊤
i,1∥2, using Cauchy-Schwarz

inequality, the definition of the norm, and the fact that ρ⋆(p′1)≤1:
n∑

i=1

∥(ρ⋆(p′1)ai+e1)A
⊤
i,1∥2≤

n∑
i=1

∥ρ⋆(p′1)ai+e1∥2∥Ai,1∥2

=

n∑
i=1

((1+ρ⋆(p′1)⟨Ai,1,p
t
1⟩)2+ρ⋆(p′1)

2∥Ai,2∥2)∥Ai,1∥2

≤
n∑

i=1

((1+ρ⋆(p′1)⟨Ai,1,p
t
1⟩)2+∥Ai,2∥2)∥Ai,1∥2

Note that ⟨Ai,1, pt1⟩ is bound by ⟨Ai,1, p′1⟩ and ⟨Ai,1, p1⟩. Therefore, it holds that
(1 + ρ⋆(p′1)⟨Ai,1, p

t
1⟩)2 ≤ (1 + max{|⟨Ai,1, p1⟩|, |⟨Ai,1, p

′
1⟩|})2. We denote bi,max =

max{|⟨Ai,1,p1⟩|,|⟨Ai,1,p
′
1⟩|} as the larger of the two dot products per task, and then we can write:√√√√ n∑

i=1

∥(ρ⋆(p′1)ai+e1)A⊤
i,1∥2≤

√√√√ n∑
i=1

((1+bi,max)2+∥Ai,2∥2)∥Ai,1∥2

≤

√√√√ n∑
i=1

(1+bi,max+∥Ai,2∥)2∥Ai,1∥2

=
∥∥(1+bmax+αcomp)⊙αfix

∥∥
where addition is elementwise, ⊙ is the Hadamard product, and αfix,αcomp∈Rn are constructed where
αi,1=∥Ai,1∥ andαi,2=∥Ai,2∥. Putting everything together, our gradient norm bound in (15) becomes

∥▽2
r,p1

F (r⋆(p′1),p
t
1)∥≤exp(amax∥∆∥)·F̄ (q⋆(p′1))·

∥∥(1+bmax+αcomp)⊙αfix
∥∥

E.2.3 THEOREM 4.1 (FORMAL)

Theorem E.10. Define amax=maxi{∥Ai,1∥}. The performance gap between using q⋆ and q⋆(p̃Dfix)
is bounded by:

F (q⋆(p̃Dfix))−F (q⋆)≤C∥p̃Dfix−q⋆Dfix
∥,

where

C= F̄ (q⋆)exp(amax∥p̃Dfix−q⋆Dfix
∥)
(
F̄ (q⋆(p̃Dfix))

µ
·∥αfix+αcomp∥·κ(αfix,αcomp)+∥αfix∥

)
Proof. Recall our simplified notation p1= p̃Dfix , p′1=q⋆Dfix

. Applying Lemma E.5 to Lemma E.6, we
can bound the performance gap to be linear in ∥p1−p′1∥:

F (r⋆(p1),p1)−F (r⋆(p′1),p
′
1)≤C∥∆∥

where C is a term that consists of three gradient norms:

C=
1

µ
sup

t∈[0,1]

(
∥▽2

r,p1
F (r⋆(p′1),p

t
1)∥
)
∥▽rF (r⋆(p1),p1)∥+ sup

t∈[0,1]

∥▽p1
F (r⋆(p′1),p

t
1)∥
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and pt1= tp′1+(1−t)p1. We can apply the gradient norm bounds from Lemmas E.7, E.8, E.9:

C≤ 1

µ
exp(amax∥∆∥)·F̄ (q⋆(p′1))·

∥∥(1+bmax+αcomp)⊙αfix
∥∥·F̄ (q⋆(p1))

∥∥|A1p1|+αcomp
∥∥

+F̄ (q⋆(p′1))
∥∥exp(αfix∥△∥)⊙αfix

∥∥
We simplify this bound a bit further. First, note that the elements of |A1p1| are
|⟨Ai,1,p1⟩|≤∥Ai,1∥∥p1∥≤∥Ai,1∥. Therefore, |A1p1|⪯αfix.

Second, note that bi,max=max{|⟨Ai,1,p1⟩|,|⟨Ai,1,p
′
1⟩|}≤∥Ai,1∥, so bmax⪯αfix as well.

Lastly,
∥∥exp(αfix∥△∥)⊙αfix

∥∥ can be bounded by exp(amax∥∆∥)·
∥∥αfix

∥∥.

Then, we can bound C as

C≤ F̄ (q⋆)exp(amax∥∆∥)
(
F̄ (q⋆(p̃Dfix))

µ
∥(1+αfix+αcomp)⊙αfix∥·∥αfix+αcomp∥+∥αfix∥

)
Replacing ∥(1+αfix+αcomp)⊙αfix∥ with κ(αfix,αcomp) completes our proof.

E.3 PROOF FOR THEOREM 4.2

When domains are being added and p̃ is the optimal mix on D, p̃ is equal to p̃Dfix is the solution to the
following optimization problem:

minimizep∈△m−1

1

n

m∑
i=1

fi(LM(S,R,p)) (16)

s.t. pj≤
kNj

R
∀j∈ [m]

Assumption E.11. We make the following assumptions beyond Assumption E.1.

1. We assume that F (r,p1) is µ1-strongly convex in p1.

2. mutual feasibility

3. Let S(r) be the feasible set of (2) defined by the repetition constraints on p1:

pj≤
kNj

Rρ
∀j∈Dfix

We assume mutual feasibility of p̃Dfix and q⋆Dfix
: that p̃Dfix ∈S(r⋆), and q⋆Dfix

∈S(r0), where
r0 = [1,0] corresponds to the mix before new domains are added. That is, we assume that
p̃j ≤ kNj

Rρ⋆ and q⋆j ≤ kNj

R for j ∈ Dfix, meaning that the existing mix cannot have active
repetition constraints.

First, we present a general lemma that allows us to bound any ∥p1−p′1∥.

Lemma E.12 (Argmin stability with mutual feasibility). Let S,S ′⊂△∥D1∥−1 be convex sets. Let h :
S→Rbe differentiable andµ1-strongly convex onS . Leth′ :S ′→Rbe a differentiable function. Define

p1=argmin
p1∈S

h(p1), p′1=arg min
p1∈S′

h′(p1)

We assume mutual feasibility; that is, p1∈S ′ and p′1∈S. Then,

∥p1−p′1∥≤
1

µ1
∥▽h(p′1)−▽h′(p′1)∥.
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Proof. Applying our mutual feasibility assumption, the first order condition at p1 for h and p′1 for
h yields

⟨▽h(p1),p′1−p1)≥0

⟨▽h′(p′1),p1−p′1)≥0

Adding these together and adding and subtracting ▽h(p′1), we have

⟨▽h(p1)−▽h′(p′1),p
′
1−p1⟩≥0

⇒⟨▽h(p1)−▽h(p′1)+▽h(p′1)−▽h′(p′1),p
′
1−p1⟩≥0

⇒⟨▽h(p1)−▽h(p′1),p1−p′1⟩≤⟨▽h(p′1)−▽h′(p′1),p
′
1−p1⟩

Next, due to µ1 strong convexity of h, we have

h(p1)≥h(p′1)+⟨▽h(p′1),p1−p′1⟩+
µ1

2
∥p1−p′1∥2

h(p′1)≥h(p1)+⟨▽h(p1),p′1−p1⟩+
µ1

2
∥p1−p′1∥2

Adding these together and applying the bound from the first order conditions, we get

µ∥p1−p′1∥2≤⟨▽h(p1)−▽h(p′1),p1−p′1⟩
≤⟨▽h(p′1)−▽h′(p′1),p

′
1−p1⟩

≤∥▽h(p′1)−▽h′(p′1)∥·∥p′1−p1∥

Dividing both sides by µ∥p′1−p1∥ completes our proof.

Lemma E.13 (When p̃Dfix = q⋆Dfix
for adding). Consider the adding update, where D2 = ∅ and

D′ = [D1D′
2] with D′

2 ̸= ∅. Let p̃ ∈ △m−1 be an optimal solution to the mixing problem on the
pre-update domain set D = D1 (equivalently, p̃D1

= p̃), and let q⋆ be the optimal solution to the
post-update mixing problem on D′. If ρ⋆=1, then

p̃Dfix =q⋆Dfix
.

Proof. Since D2=∅, the pre-update problem over D=D1 is equivalent to the post-update problem
restricted to mixtures that assign zero mass to all added domains:

minimizeq∈△m′−1

1

n

n∑
i=1

fi(LM(S,R,q))

s.t. qj≤
kN ′

j

R
∀j∈D1∪D′

2

qj=0 ∀j∈D′
2.

If ρ⋆=1, then q⋆j =0 for all j∈D′
2. This means that the additional constraints qj=0 on the post-update

problem do not change the optimal value, since the restricted feasible set still contains the optimal
solution of q⋆j =0. Therefore, if ρ⋆=1, the restricted problem above and the unrestricted post-update
problem have the same optimum, and their optimizers coincide on D1; in particular, q⋆D1

= p̃D1 .
Replacing D1 with Dfix completes our proof.

Lemma E.14. Assume mutual feasibility between p1 and p′1. Then, when the domain update involves
adding domains,

∥p1−p′1∥≤
2(1−ρ⋆)

µ1
∥ sup
t∈[0,1]

∥▽2
p1,rF (rt,p′1)∥ rt= tr0+(1−t)r⋆
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Proof. Define r0 = [1,0] where ρ0 = 1. Then, p1 = argminp1∈S(r0)F (r0,p1). We can write p′1
similarly as p′1=argminp1∈S(r⋆)F (r⋆,p1).

If we assume mutual feasibility and define h(p1) = F (r0,p1),h
′(p1) = F (r⋆,p1), then applying

Lemma E.12 gives us

∥p1−p′1∥≤
1

µ1
∥▽p1

F (r0,p
′
1)−F (r⋆,p′1)∥

Define rt= tr0+(1−t)r⋆, where t∈ [0,1]. By the fundamental theorem of calculus, it holds that

▽p1F (r0,p
′
1)−▽p1F (r⋆,p′1)=

∫ 1

0

▽2
p1,rF (rt,p′1)(r0−r⋆)dt

Therefore,

∥p1−p′1∥≤
1

µ1
∥r0−r⋆∥ sup

t∈[0,1]

∥▽2
p1,rF (rt,p′1)∥

Lastly, we bound ∥r0−r⋆∥:

∥r0−r⋆∥=∥[1,0]−[ρ⋆,(1−ρ⋆)q⋆D′
2
]∥=∥(1−ρ⋆)[1,−q⋆D′

2
]∥≤2(1−ρ⋆)

This completes our proof.

Lemma E.15. Define rt= tr0+(1−t)r⋆(p′1), where r0=[1,0]. The gradient norm ∥▽2
r,p1

F (rt,p′1)∥
can be bounded by

∥▽2
r,p1

F (rt,p′1)∥≤ F̄ (q⋆)exp(cmax(1−ρ⋆))∥(1+αfix+αcomp)⊙αfix∥

where cmax=maxi{∥Ai,1∥+∥Ai,2∥} and ⊙ is the Hadamard product.

Proof. First, we can write rt as

rt= t[1,0]+(1−t)[ρ⋆(p′1),(1−ρ⋆(p′1))p
⋆
2(p

′
1)]

=[t+(1−t)ρ⋆(p′1),(1−t)(1−ρ⋆(p′1))p
⋆
2(p

′
1)]

=[t+(1−t)ρ⋆(p′1),(1−(t+(1−t)ρ⋆(p′1)))p
⋆
2(p

′
1)]

Therefore, we can express rt=[ρt,(1−ρt)pt2] where ρt := t+(1−t)ρ⋆(p′1), and pt2=p⋆2(p
′
1).

Applying Lemma E.9, we can write the gradient as

▽2
r,p1

F (rt,p′1)=
1

n

n∑
i=1

exp(A⊤
i,1ρ

tp′1+A⊤
i,2(1−ρt)pt2)(ρ

tai+e1)A
⊤
i,1

where ai =
[
⟨Ai,1,p

′
1⟩

Ai,2

]
∈ R|D′

2|+1 and e1 is the standard basis vector

1

0

.

.

.
0

 ∈ R|D′
2|+1. Then, using

Cauchy-Schwarz inequality, the gradient norm can be bounded as

∥▽2
r,p1

F (rt,p′1)∥≤
1

n

n∑
i=1

exp(A⊤
i,1ρ

tp′1+A⊤
i,2(1−ρt)pt2)∥(ρtai+e1)A

⊤
i,1∥ (17)

≤ 1

n

√√√√ n∑
i=1

exp(2(A⊤
i,1ρ

tp′1+A⊤
i,2(1−ρt)pt2))

√√√√ n∑
i=1

∥(ρtai+e1)A⊤
i,1∥2
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We bound the first summation of (17) by adding and subtracting ρ⋆(p′1):

n∑
i=1

exp(2(A⊤
i,1ρ

tp′1+A⊤
i,2(1−ρt)pt2))

=

n∑
i=1

exp(2(A⊤
i,1(ρ

t+ρ⋆(p′1)−ρ⋆(p′1))p
′
1+A⊤

i,2((1−ρt)+(1−ρ⋆(p′1))−(1−ρ⋆(p′1)))p
t
2))

=

n∑
i=1

exp(2(A⊤
i,1ρ

⋆(p′1)p
′
1+A⊤

i,2(1−ρ⋆(p′1))p
t
2))exp(2(A

⊤
i,1(ρ

t−ρ⋆(p′1))p
′
1+A⊤

i,2(ρ
⋆(p′1)−ρt)p⋆2(p

′
1)))

=

n∑
i=1

exp(2(A⊤
i,1ρ

⋆(p′1)p
′
1+A⊤

i,2(1−ρ⋆(p′1))p
t
2))exp(2t(1−ρ⋆(p′1))(A

⊤
i,1p

′
1−A⊤

i,2p
⋆
2(p

′
1)))

We can then replace some terms in (17) with F̄ (r⋆(p′1),p
′
1)

1

n

√√√√ n∑
i=1

exp(2(A⊤
i,1ρ

tp′1+A⊤
i,2(1−ρt)pt2))

≤ 1

n

n∑
i=1

exp(A⊤
i,1ρ

⋆(p′1)p
′
1+A⊤

i,2(1−ρ⋆(p′1))p
t
2)·max

i
{exp(t(1−ρ⋆(p′1))(A

⊤
i,1p

′
1−A⊤

i,2p
⋆
2(p

′
1)))}

= F̄ (r⋆(p′1),p
′
1)max

i
{exp(t(1−ρ⋆(p′1))(A

⊤
i,1p

′
1−A⊤

i,2p
⋆
2(p

′
1)))}

We can bound A⊤
i,1p

′
1 − A⊤

i,2p
⋆
2(p

′
1) ≤ ∥Ai,1∥ + ∥Ai,2∥ using Cauchy-Schwarz. Let

cmax=maxi{∥Ai,1∥+∥Ai,2∥}. Using the fact that t∈ [0,1], the first part of (17) can be bounded by

1

n

√√√√ n∑
i=1

exp(2(A⊤
i,1ρ

tp′1+A⊤
i,2(1−ρt)pt2))≤ F̄ (r⋆(p′1),p

′
1)exp(cmax(1−ρ⋆(p′1)))

The second summation of (17) can be bounded in the exact same way as the second summation of (15)
in Lemma E.9. Therefore, we have that√√√√ n∑

i=1

∥(ρtai+e1)A⊤
i,1∥2≤∥(1+αfix+αcomp)⊙αfix∥

This completes our proof.

E.3.1 THEOREM 4.2 (FORMAL)

Theorem E.16. Define p̃ is the solution to (2) on D and suppose that new domains are added. Let
cmax=maxi{∥Ai,1∥+∥Ai,2∥}. Then, the difference between p̃Dfix and q⋆Dfix

is bounded by

∥p̃Dfix−q⋆Dfix
∥≤ 2F̄ (q⋆)exp(cmax(1−ρ⋆))

µ1
·κ(αfix,αcomp)·(1−ρ⋆)

Proof. Applying Lemma E.15 and Lemma E.14, we have

∥p1−p′1∥≤
2(1−ρ⋆)

µ1
F̄ (q⋆)exp(cmax(1−ρ⋆))∥(1+αfix+αcomp)⊙αfix∥

=
2F̄ (q⋆)exp(cmax(1−ρ⋆))

µ1
·κ(αfix,αcomp)·(1−ρ⋆)
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E.4 ADDITIONAL THEORETICAL RESULTS

E.4.1 REMOVING DOMAINS

Our results for are symmetric to the addition update, but we state the full derivation for completeness.

Lemma E.17 (When p̃Dfix = q⋆Dfix
for removing). Consider the removing update, where D2 ̸=∅ and

D′=D1 (equivalently, D′
2=∅). Let p̃∈△m−1 be an optimal solution to the mixing problem on the

pre-update domain set D = [D1,D2], and let q⋆ be the optimal solution to the post-update mixing
problem on D′=D1 (equivalently, q⋆D1

=q⋆). If π⋆=1, then

p̃Dfix =q⋆Dfix
.

Proof. Since D′
2=∅, the post-update problem over D′=D1 is equivalent to the pre-update problem

restricted to mixtures that assign zero mass to all removed domains:

minimizep∈△m−1

1

n

n∑
i=1

fi(LM(S,R,p))

s.t. pj≤
kNj

R
∀j∈D1∪D2

pj=0 ∀j∈D′
2.

If π⋆=1, then p̃j=0 for all j∈D2. This means that the additional constraints pj=0 on the pre-update
problem do not change the optimal value, since the restricted feasible set still contains the optimal
solution of p̃j=0. Therefore, if π⋆=1, the restricted problem above and the unrestricted pre-update
problem have the same optimum, and their optimizers coincide on D1; in particular, q⋆D1

= p̃D1
.

Replacing D1 with Dfix completes our proof.

E.4.2 PARTITIONING A DOMAIN

Lemma E.18 (When p̃Dfix =q⋆Dfix
for partitioning). Consider the partitioning update operator, where

D\D1={D} consists of a single domain and D′
2={D′

1,...,D
′
ℓ} are subdomains with D=

⋃ℓ
j=1D

′
j .

Define the natural distribution pnat∈△ℓ−1 by

[pnat]j=
N ′

j∑ℓ
t=1N

′
t

∀j∈ [ℓ].

If q⋆D′
2
=pnat, then

p̃Dfix =q⋆Dfix
.

Proof. Since D2={D} is a single domain, sampling (1−π)R tokens from D induces a distribution
over the subdomains {D′

1, ... ,D
′
ℓ} that is proportional to token counts, i.e., pnat. Therefore, the

pre-update optimization problem can be written as the post-update optimization problem restricted
to mixtures that preserve this conditional distribution within the partition:

minimizeq∈△m′−1

1

n

n∑
i=1

fi(LM(S,R,q))

s.t. qj≤
kN ′

j

R
∀j∈D1∪D′

2

qD′
2
=pnat,

If q⋆D′
2
= pnat, then q⋆ lies in the restricted feasible set above. The additional constraint qD′

2
= pnat

does not change the optimal value of the post-update problem, since the restricted feasible set still
contains the optimal solution. Therefore, the optimizer on the unrestricted post-update problem must
coincide with the optimizer of the restricted problem on the unaffected domains, implying q⋆D1

= p̃D1
.

Replacing D1 with Dfix completes our proof.
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E.4.3 REVISING A DOMAIN

Lemma E.19 (Exactness for revising). Consider the revising update operator, where D2={D} and
D′

2 = {D′} consists of a single domain whose contents are modified. Assume the log-linear model
holds both pre- and post-update:

F old(q)=
1

n

n∑
i=1

exp
(
(Ai,1)

⊤qDfix+(Aold
i,2 )

⊤qD2

)
, F new(q)=

1

n

n∑
i=1

exp
(
(Ai,1)

⊤qDfix+(Anew
i,2 )⊤qD2

)
,

where D=[D1,D2] and D′=[D1,D′
2] have the same dimensionality, and the repetition constraints

are unchanged.

Let p̃ be an optimal solution to the pre-update mixing problem with objective F old, and let q⋆ be an
optimal solution to the post-update mixing problem with objective F new. If Anew

i,2 =Aold
i,2 for all i∈ [n],

then p̃=q⋆, and in particular p̃Dfix =q⋆Dfix
.

Proof. If Anew
i,2 =Aold

i,2 for all i∈ [n], then F new(q)=F old(q) for all q. Since the feasible set (simplex
and repetition constraints) is unchanged under revising, the pre-update and post-update optimization
problems are identical. Therefore their optimizers coincide, so p̃=q⋆.

F EMPIRICAL VALIDATION OF THEOREMS 4.1 AND 4.2

We empirically study the performance gap of FULLMIXTUREREUSE and PARTIALMIXTUREREUSE,
where we measure the terms in Theorems 4.1 and 4.2 and see if they track how close mixture reuse’s
performance is to full recomputation.

F.1 SETUP

We consider two examples of an Add domain update:

• D1 =DCLM (Li et al., 2024) partitioned into 24 topic-based domains using WebOr-
ganizer (Wettig et al., 2025), D′

2 = Stack-Edu (Allal et al., 2025) partitioned into 15
programming languages.

• D1=DCLM partitioned into 24 topic-based domains using WebOrganizer,D′
2 = olmOCR Sci-

ence PDFs (Olmo et al., 2025) partitioned into 21 topic-based domains using WebOrganizer.

F.2 RESULTS

Performance is correlated with the reuse gap. Mixture reuse yields q⋆(p̃Dfix) from Algorithm 2
given reused ratios p̃Dfix . Full recomputation yields q⋆ from directly solving (2) for the optimal mix
on D′. Theorem 4.1 shows that the performance gap of mixture reuse, F (q⋆(p̃Dfix))−F (q⋆), where
F is the average downstream task BPB, is bounded in terms of the reuse gap, ∥p̃Dfix−q⋆Dfix

∥, where q⋆Dfix
is q⋆ restricted to Dfix and normalized. We validate that the reuse gap predicts the performance gap.

To do this, we construct different values of p̃Dfix with varying reuse gaps and measure the resulting
performance gaps. We first approximate q⋆Dfix

and F (q⋆) by running full recomputation on D′ using
OLMIXBASE and normalizing the resulting mix over Dfix. We then construct two p̃Dfix :

• Weak mix: to construct a p̃Dfix far from q⋆Dfix
, we run OLMIXBASE on D′ with a modified

objective that maximizes BPB and then normalize the resulting mix over Dfix.

• Intermediate mix: we average the weak mix with q⋆Dfix
.

Figure 15 confirms the findings of Theorem 4.1: as the reuse gap increases from intermediate to weak,
the performance gap increases across both settings.

The reuse gap is controlled by how much the domain update shifts the optimal mixture. When
adding domains, Theorem 4.2 shows that the reuse gap (and consequently the performance gap)
depends on how much total weight shifts to the affected domains. Specifically, the reuse gap depends
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Figure 15: Performance vs Reuse Gap. The optimality of p̃Dfix after the domain update is correlated
with the success of mixture reuse. This holds true for both settings we consider, where either Stack-Edu
or olmOCR Science PDF data is added to DCLM.
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Figure 16: Performance gap vs 1−ρ⋆ when adding Stack-Edu to DCLM (left) and olmOCR Science
PDFs to DCLM (right). Varying R changes ρ⋆, and we observe that 1−ρ⋆ propagates to both the reuse
gap and performance gap, validating Theorem 4.2.

on 1−ρ⋆, where ρ⋆ is the total weight on the reused domains D1 in the optimal mix q⋆. We validate
that 1−ρ⋆ predicts both the reuse gap and performance gap.

To do this, we construct settings with different ρ⋆ by varying the repetition constraint. A tight constraint
(small k or large R in (2)) forces the mix to stay close to the natural distribution, yielding ρ⋆≈1 when
D1 is much larger than the added domains. A relaxed constraint allows more weight to shift to new
domains, potentially yielding smaller ρ⋆. We test two settings: R=1T (relaxed) and R=6T (tight).
For each R, we 1) compute p̃Dfix by running OLMIXBASE on D; 2) apply FULLMIXTUREREUSE
on D′ using p̃Dfix ; and 3) use full recomputation (run OLMIXBASE on D′) to get an approximate ρ⋆,
the reuse gap, and the performance gap.

Figure 16 shows that larger 1−ρ⋆ correlates with both a larger reuse gap and a larger performance gap
across both settings, validating that the extent to which the domain update shifts the optimal mixture
directly impacts mixture reuse performance.

PARTIALMIXTUREREUSE reduces coupling and improves performance. Theorems 4.1 and 4.2
show that the coupling term κ controls the rate at which changes in optimality translate to the
performance gap. The coupling term is large when both reused domains Dfix and recomputed domains
Dcomp impact similar downstream tasks. We validate that reducing coupling—by adjusting Dfix vs
Dcomp via PARTIALMIXTUREREUSE—improves both the reuse gap and performance gap.
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Figure 17: Comparison of p̃Dfix (DCLM-only) versus q⋆Dfix
(DCLM+Stack-Edu) (top-7 domains

according to p̃Dfix . The only domain that significantly differs in mixture weight is software development,
suggesting that PARTIALMIXTUREREUSE can reduce coupling.
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Figure 18: Performance of PARTIALMIXTUREREUSE (recompute DCLM:software development)
for D1=DCLM, D′

2=Stack-Edu. Recomputing DCLM:software development along with Stack-Edu
reduces both the reuse gap and the performance gap.

To do this, we analyze a scenario where coupling is high: adding Stack-Edu to DCLM topics when
R=1T (from Figure 16 left). Figure 17 compares the reused ratios p̃Dfix against the optimal ratios q⋆Dfix
over DCLM topics. There is a stark difference in the weight on DCLM’s software development topic,
suggesting high coupling between software development and Stack-Edu. Based on this, we test whether
PARTIALMIXTUREREUSE with Dcomp=Stack-Edu∪{DCLM:software development} reduces cou-
pling and improves performance compared to FULLMIXTUREREUSE (which usesDcomp=Stack-Edu).

Figure 18 shows that recomputing DCLM:software development along with Stack-Edu reduces both the
reuse gap and performance gap, even though 1−ρ⋆ remains the same—indicating that the coupling term
has changed. To confirm this directly, we compute κ (see Appendix E.1 for definition) for FULLMIX-
TUREREUSE and κ for PARTIALMIXTUREREUSE with Dcomp=Stack-Edu∪{DCLM:topic} for each
DCLM topic. Figure 19 shows that recomputing DCLM:software development reduces κ far more
than recomputing any other DCLM topic, validating that PARTIALMIXTUREREUSE reduces coupling
and that this coupling reduction translates to better performance.

G EXPERIMENT DETAILS

Domains We provide a breakdown of the number of tokens per each domain in Table 8 and a
description of each domain update in our simulated LM development workflow in Table 9.

Model We train 1B parameter decoder-only transformer models using Olmo 2 architecture (OLMo
et al., 2024). In particular, we set n layers=16, n head=16, d model=2048, head dim=128.

We use a batch size of 512, a learning rate of 0.0018 with a cosine scheduler with warmup and linear
decay, and a sequence length of 4096. We use the Dolma 2 tokenizer.
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Figure 19: The top-6 DCLM domains for which recomputation results in the greatest reduction in κ for
D=DCLM, D′=DCLM+Stack-Edu. The reduction from recomputing DCLM:software development
via PARTIALMIXTUREREUSE is substantially higher than recomputing other DCLM topics.

All 1B models were trained on 32 NVIDIA H100s (80 GB), while proxy models were trained on one
NVIDIA H100.

Evaluation Table 10 lists all the downstream tasks.

G.1 MIXING DETAILS

Across all swarm-based methods we evaluate on (OLMIXBASE, Swarm Reuse, FULLMIXTUREREUSE,
PARTIALMIXTUREREUSE), we use Ssmall = 30M parameters (config in Table 5) and train for 5x
Chinchilla, with a batch size of 64, a learning rate of 0.007, and a sequence length of 2048.

For any m domains we want to recompute, we set K to be c(m+1), rounded to the nearest power of 2
for c=1,2,3. We solve all of our mixture optimization problems using CVXPY and a KL regularization
term with λ=0.05. We set k=4 and R=1T for the experiments in §5.

For PARTIALMIXTUREREUSE, we freeze the DCLM topic ratios and the Stack-Edu topic ratios,
while recomputing on source-level ratios after each domain update. When Stack-Edu is added, we
also recompute on DCLM:software development, which was shown to be effective in Appendix F.2.

G.2 ADDITIONAL RESULTS

In Figure 20, we compare the performance versus cost of mixing strategies when R = 6T, a more
data-constrained setting where the feasible set of mixes is smaller. For this setting, each swarm is of
size K≈c(m+1) for c=1,2,3 and we sweep over c for all strategies excluding the natural distribution.
We exclude PARTIALMIXTUREREUSE since, only at R=1T did our results in Appendix F show that
FULLMIXTUREREUSE was insufficient.

At c = 3, we find that FULLMIXTUREREUSE achieves 99% of full recomputation’s performance
improvement (+6.94% versus +6.97%) while using 74% fewer total proxy runs (216 versus 832
runs). Swarm reuse achieves 93% of full recomputation’s performance with 52 more runs than
FULLMIXTUREREUSE. Similar trends hold for smaller c.
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Domain Token Count Domain Token Count
DCLM Stack-Edu

Adult Content 67,760,078,203 C 4,735,074,247
Art and Design 70,659,711,995 C# 7,204,525,343
Crime and Law 170,130,914,779 C++ 12,530,445,761
Education and Jobs 184,690,792,861 Go 1,398,595,118
Electronics and Hardware 80,168,541,745 Java 31,347,725,888
Entertainment 441,768,061,760 JavaScript 8,886,972,357
Fashion and Beauty 37,256,539,512 Markdown 28,916,320,218
Finance and Business 310,313,927,581 PHP 7,395,033,318
Food and Dining 105,937,299,687 Python 18,017,832,560
Games 229,992,491,702 Ruby 1,386,775,805
Health 393,496,227,836 Rust 1,418,447,132
History and Geography 161,049,719,459 SQL 7,063,472,860
Home and Hobbies 126,910,777,314 Shell 2,542,637,875
Industrial 43,572,140,450 Swift 1,510,019,025
Literature 364,834,344,848 TypeScript 2,495,753,789
Politics 611,198,130,192
Religion 277,776,929,208 olmOCR Science PDFs
Science, Math and Technology 427,131,054,341 Adult 303,073,226
Social Life 218,731,841,124 Art and Design 6,833,185,034
Software 108,039,380,021 Crime and Law 42,538,674,743
Software Development 223,384,974,282 Education and Jobs 138,127,926,093
Sports and Fitness 196,759,999,355 Entertainment 6,069,602,783
Transportation 90,793,306,202 Fashion and Beauty 557,917,820
Travel and Tourism 57,642,815,530 Finance and Business 61,150,044,703

Food and Dining 2,322,982,204
Single-Source Domains Games 2,486,095,532
AlgebraicStack 11,818,955,329 Health 108,215,933,374
ArXiv 20,773,846,846 Home and Hobbies 3,924,579,643
FineMath-3+ 34,057,973,953 Industrial 29,389,278,657
Pes2o 58,552,461,187 Literature 31,886,391,090
Wikipedia 10,067,758,073 Politics 39,234,116,889

Religion 24,729,732,953
Science and Technology 424,245,385,160
Software 9,146,853,216
Software Development 41,841,278,724
Sports and Fitness 5,450,913,796
Transportation 17,149,342,957
Travel 2,102,425,717

Table 8: Token counts for all domains in the final domain set. Sources with topic-level partitions
(DCLM, Stack-Edu, olmOCR Science PDFs) are shown with indented topics. Single-source domains
are shown without subdivision.

46



2484
2485
2486
2487
2488
2489
2490
2491
2492
2493
2494
2495
2496
2497
2498
2499
2500
2501
2502
2503
2504
2505
2506
2507
2508
2509
2510
2511
2512
2513
2514
2515
2516
2517
2518
2519
2520
2521
2522
2523
2524
2525
2526
2527
2528
2529
2530
2531
2532
2533
2534
2535
2536
2537

Under review as a paper at DATA-FM workshop @ ICLR 2026

Operation Dataset(s) ∆m

Initial DCLM (Li et al., 2024) partitioned into topical domains using
WebOrganizer (Wettig et al., 2025))

24

Add Stack-Edu (Allal et al., 2025), partitioned by programming language +15
Add ArXiv (Azerbayev et al., 2023), FineMath 3+ (Allal et al., 2025),

olmOCR Science PDFs (Olmo et al., 2025), Dolma 1 Wikipedia (Sol-
daini et al., 2024), AlgebraicStack (Azerbayev et al., 2023),
pes2o (Soldaini & Lo, 2023)

+6

Revise olmOCR Science PDFs (Olmo et al., 2025) (reformatted tables and
references)

0

Remove AlgebraicStack (Azerbayev et al., 2023) −1
Partition olmOCR Science PDFs (Olmo et al., 2025), partitioned into topical

domains using WebOrganizer (Wettig et al., 2025)
+20

Table 9: Full specification of datasets used for simulated domain updates, corresponding to Table 1
in the main text.

Task Capability # ICL Metric # Subtasks
Minerva MATH (2022) Math Gen 4α BPB 7

Subtasks: Algebra, Counting and Probability, Geometry, Intermediate Algebra

M
at

h

Number Theory, Prealgebra, Precalculus
HumanEval (2021) Code Gen 3 BPB -
MBPP (2021) Code Gen 3 BPB -
MT MBPP (2022; 2025) Code Gen 3 BPB 17

Subtasks: Bash, C, C++, C#, Go, Haskell, Java, JavaScript, MatLab, PHPC
od

e

Python, R, Ruby, Rust, Scala, Swift, TypeScript
ARC (2018) Science QA 5 BPB 2

Subtasks: ARC-Easy, ARC-Challenge
MMLU STEM (2021) General QA 5 BPB 19
MMLU Humanities (2021) General QA 5 BPB 13
MMLU Social Sci. (2021) General QA 5 BPB 12
MMLU Other (2021) General QA 5 BPB 14
CSQA (2019) Commonsense QA 5 BPB -
HellaSwag (2019) Language Modeling 5 BPB -
WinoGrande (2020) Language Modeling 5 BPB -
SocialIQA (2019) Social QA 5 BPB -
PiQA (2020) Physical QA 5 BPB -
CoQA (2019) Conversation QA 0† BPB -
DROP (2019) Passage QA 5 BPB -
Jeopardy (2024) Trivia QA 5 BPB -
NaturalQs (2019) General QA 5 BPB -
SQuAD (2016) General QA 5 BPB -
SciQ (2017) Science QA 5 BPB -
Basic Skills (2025) Basic QA 5 BPB 6

Subtasks: Basic Arithmetic, String Manipulation, Simple Coding
Elementary Logical Reasoning, Basic Common Sense, Simple Pattern Recognition

Lambada (2016) Language Modeling 0 BPB -

Q
A

MedMCQA (2022) Medical QA 5 BPB -

Table 10: Details of the BPB evaluation suite. We use the OLMOBASEEVAL easy evaluation suite
(Olmo et al., 2025), formatted as bits-per-byte (BPB) over gold continuations. † = few-shot examples
are built-in the task; α = human-written few-shot examples. We treat subtasks as standalone tasks,
except for MMLU, where we use averages over the four MMLU categories.
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Figure 20: Performance improvement versus cost of mixing under evolving domains. FULLMIXTUR-
EREUSE achieves 99% of the improvement of full recomputation while using 74% fewer proxy runs.
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Figure 21: Downstream performance across training for PARTIALMIXTUREREUSE (best seed) versus
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