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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.,[2025bza} 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 [I). 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.[I), 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:

RQS5 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., 20255 |Ge et al.,|2025bj; 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])), DolmaSoldaini 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 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={D;,D>,...,D,, } be a set of m domains, where each domain D; has
a training dataset of size IV; 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 € A™ !, such that training an
LM with R total tokens according to p uses a dataset with p; - R tokens from D; 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 f;(LM(S,R,p)) on each task 4 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

LY [i(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” of /' small
proxy models of size Syman 0n Rsman tokens, each with different mixture weights, p! P2 pKenm-t
sampled from some distribution P. We evaluate each proxy model on the downstream task suite to
obtain y;; := f; (LM(Ssmait, Rsman ,p’)), the performance of the jth proxy model on the ith task, for all

tasks over the entire swarm. Altogether, this creates a dataset { (p? , {y; }7_) JK=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 f € F, where
flp)=~1 i1 fi(LM(Ssmait, Rsman,p)). This enables us to predict the average downstream BPB of

n
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 f as a surrogate for true performance. We solve minirgize f(p), where SC A™
pe

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|[T). 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 1, 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[IQlfor the entire list of tasks.

3.2.2 RQI1: PROXY MODEL SIZE

What is the smallest proxy model size (the number of parameters, Syna) 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 (p > 89).
Notably, while RegMix (Liu et al.,[2025a)) recommends using a 1M proxy configuration, our results
show 1M models achieve only p =73, suggesting that they are unreliable for guiding mixture decisionsm

3.2.3 RQ2: SWARM SIZE

How many proxy runs /& 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.

'Investigating 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
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
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 p; <kN; /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[T)). Selected configurations resulting from our findings are highlighted in blue.
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Algorithm 1 OLMIXBASE

1: Imput: Domains D={Dy,...,D,, }, swarm size K =O(m), repetition factor k, requested tokens R.
2: Sample mixes p',...,p5K ~P onD.
3: Train proxy models S, > 15M parameters on these mixes, and evaluate on downstream tasks to

geta dataset of mixes and performance, { (p”,{y;; }7, le, where ;= f; (LM(Smatt, Rsmait,p’ ) )-

4: fori€[n] do
5 Use {(p7,yi;) Y2, tofitthe log-linear model f;(p)=c;+exp(A; p), where ¢; eRT, A; e R™.
6: end for
7: Solve the optimization problem:
o I . ~—_kN; .
minimize,e Am-1 ﬁzfi (p) subjectto p; < = Vjem] (1

i=1

8: Return p*, the solution to (T).

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’ ={D1,...,D. ,} of size

m/, where each domain D now has N/ tokens. We use ¢ € A™ ~! 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 =[D;,Ds| and D’ =D, D],
where D is the unaffected domain set, and Ds is the affected domain set that is transformed into D).

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 D, transforms into D):

* Add: Dy =0 and D), contains the newly added domains. This occurs when new datasets are created.

* Remove: D; contains one or more domains and D} = (). This can occur, for instance, when domains
are discarded due to low utility.

* Partition: Dy consists of one domain that is split into multiple subdomains in D) such that
Dy =U DD, D;. 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: Dy isone domain that is modified to produce the domain in Dj. 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 p € A™~! 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 ¢* € A™ ~! on D’:

. 1 kN, o,
minimize ¢ o m’—1 ﬁZfi(LM(S,Rg)) st ¢ < = Vjem'] )
i=1

4.2 MIXTURE REUSE

Our goal is to leverage the existing mixture p 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 p, 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). This reduces the
dimensionality of the optimization from m' to 14|Dj}.

For example, suppose D contains m = 3 domains with mixture p=1[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:

¢=0.4-]0.25,0.25,0.5] U [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 Dgy := Dy
as the unaffected domains whose relative ratios we will keep fixed from p, and Deomp := D5 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 g on D’ as ¢ = [pgp,,(1—p)gp,,,, ], Where p € [0,1] is the total weight on the

unaffected domains, and ¢p,, € AlPixl=1 apd qp.... € AlPeomp| =1 gre the relative mixes within each

comp

| Diix| =1

domain subset. Similarly, we define pp, € A as the normalized ratios from p restricted to Dgy.

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

S 1 . _
mll’lllequAm/,l Ez.fl (LM(S,R,Q)) s.t. gj < ?j VJ € [m/L 4Dg = PDyy 3)
i=1

The new constraint ¢p,, = pp,, enforces that the relative ratios among Dy are the same as in p.
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
using OLMIXBASE. To handle the constraint ¢p,, = pp,,, we perform a change of variables. We
aggregate all domains in Dy into a single virtual domain and define r = [p,(1—p)gp,,,, ] € A/Peoml,
where p is the weight on the whole of D, and the remaining entries correspond t0 Deomp. Any 7, given
DDy, » can be expanded into a mixture g 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([I) over r, which requires only O(| Deomp|) proxy runs instead of O(m”):

Step 1: Swarm construction. We sample K mixture weights r?,...,r% € AlPwmw| For each 7, we
expand it into ¢7, train a proxy model using ¢, and evaluate to obtain performance {y;; } 1.

Step 2: Regression model. Asin OLMIXBASE, for each task i € [n] we fit a log-linear regression
model: §;(r) =d;+exp(B; r), where d; €R*, B; € RIPeom!,
Step 3: Mixture optimization. Solve:
1 kN’ kN!
Minimize, . x| Deomp Zgi (r) s.t. p< min {Rj }, r; < —1 vje Deomp “4)

n= J€Dsx D R

Denote the solution r* (pp,, ) and expand it to be g*(pp,, ) 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
D and Deomp. Importantly, we empirically validate our theory in Appendix[ﬂ 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 ¢ € [n], the performance can be expressed as
fi(LM(S,R,q)) = ¢;+exp(A] q) for some ¢; e R, A; eR™

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

Definitions. Define performance of ¢ as F'(q) := %Z?:l fi(LM(S,R,q)). ¢* is the optimal solution

to @), and ¢* (Pp,, ) is the solution to (3). We study the performance gap of FULLMIXTUREREUSE,

F(q*(ppy))-F(q").

Let g5, be the optimal mix on Dy after the update, so that ¢*= [p* a5, J(1— p*)qgcomp]. £(Dix,Deomp)

is a coupling term (defined in Appendix@) that captures task influence of Dy versus Deomp.

4.3.1 PERFORMANCE CHARACTERIZATION

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

F(q"(ppy.)) = F(¢") < Cr(Dyie; Deomp) | Dy — 4D, |

The performance gap is controlled by two factors:

* |[Pps —ap,, || (“reuse gap™): how close the mix we reuse is to the optimal mix after the update.

* k(Dsx ,Dcomp): this coupling term is large when Dgx and Deomp 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[I3)) confirms that the reuse gap correlates with the performance gap.

4.3.2 REUSE GAP

Theorem.T|shows the performance gap is governed by the reuse gap, but when is the reuse gap small?
We analyze the case where p is optimal before the update and domains are added. Proofs and results
on other operators are in Appendix[E.3]

Theorem 4.2. Define p as the solution to ) on D and suppose that new domains are added. There
exists a finite Cy > 0 such that the reuse gap is bounded by

S CQK(Dﬁchomp)(]- —P*)

Hﬁ’Dﬁx - q%ﬁx
The reuse gap is controlled by two factors:

1. K(Dsix;Deomp): the coupling term, also in Theorem 4.1

2. 1—p*: This term captures how much newly added domains move the optimum, since 1 is effectively
pinduced by p 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[I6] [I8) shows that the success of FULLMIXTUR-
EREUSE when adding domains correlates with small 1 — p* 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 Dy, C Dy be a subset of unaffected domains we to reuse. We redefine the domains we
reuse versus recompute as Dfy := Dypartial Ad Deomp := (D1 \ Dpartial) U D5, and then apply FULLMIX-
TUREREUSE (Algorithm with this new partition. The mixing problem has dimension 1+ |D}|+
| D1\ Dpartial |, interpolating between FULLMIXTUREREUSE’s 1+ |D5| 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 Dpaiai can reduce the coupling
(Diix,Deomp) from Theorem 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[I7} [I9](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[I] Table[9). The final domain set contains 64 domains (token counts in Table[8).

Table 1: Simulated domain updates for experiments.

Operation Dataset(s) Am
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).

e 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 size K ~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).

I
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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).



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

0.136
0.136

B Full Recomputation
012 | MM Partial Mixture Reuse
s Natural

0.098

stack-edu:Python  ArXiv finemath-3plus pdf:sci_tech dclm:politics

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 Figurefd]
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 3.05x 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? Figure21]in Appendix[G.2]shows that
PARTIALMIXTUREREUSE reaches the natural distribution’s final BPB in approximately 20,000 steps
versus 61,000 steps—a 3.05x speedup.

Qualitative analysis of learned mixtures. Figure [5] shows the final proposed mixes. Full
recomputation and PARTTALMIXTUREREUSE 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.
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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.,[20244 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 SmolLLM 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| DML (Ye | AutoScale (Kajz BiMix (Ge | o :;gg;ﬁlé'hen CLIMB (Diao] OLMIXBASE
etal.,|2025a) etal.,|2025) etal.,|2025) etal.;|2025b) etall20250) etal.,|2025) (AlgorlthmEI)
Swarm Construction
Proxy model size ™M 70, 160 Target 280M 1M, 60M 350M 30M
305, 410M ?
Swarm size (vs m _ _ _ _
domains) 512(m=17)  20(m=T7) 2m+1 4 101(m=17) 112(m=21) 3(m+1)
Dirichlet with
.. . . . - . natural prior
Swarm distribution Dirichlet Wlth Expon'entlal Expon'entlal EnFropy— Dynamic Dirichlet \y]th (sparse for
natural prior grid grid weighted natural prior :
topics, dense
for sources)
Regression Model
Regressmn model LightGBM Log-Linear Power Law Power Law Gaussian LightGBM Log-Linear
family Process
Regression . . e e § i .
granularity Aggregated Aggregated Per-Task Per-Task Aggregated Aggregated Per-Task
Mixture Optimization
Data rep etition No No No No No No Yes
constraints
Optimization Search Search Gradient Exact Solver Search Search E)Facl poliey
solver Descent with KL reg.

B ADDITIONAL DESIGN CHOICES

In addition to RQ1-4 in 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.l[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 1

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 f (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, f (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 fz (p) using
{7 wij)} szl for each task i € [n], and then minimize 237", f;(p). In the per-family approach, we
group tasks into three families F,F5, F3: math, code, and QA. We fit one model fz (p) to each family’s
average BPB using {(1/, 177 2" 4c , Ybs) } 21 fori=1,2,3, and then minimize 53 B £ (). Inthe

=1 n

aggregated approach, we fit a single function favg (p) directly to the average BPB across tasks using
{07 2w} ]K=1 and minimize fue(p). We evaluate downstream performance (average BPB
of 1B target models) and regression fit (Pearson correlation on held-out mixtures).

Table[d]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 T
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[I3)) 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 RQS8: OPTIMIZATION SOLVER

How do we solve the mixture optimization problem?

We study how to solve for the mixture that minimizes the average predicted BPB f (p). Under log-linear

regression, f (p) is convex, enabling exact solvers. However, since regression functions imperfectly
predict true performance (Figure O]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 minimize,c Am-1 F(p) + ADkL(p||po), where A > 0
controls the strength of regularization towards the natural distribution po; we consider A € {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 A = 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 Figure [T4]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 . For the sources, we constructed a dense swarm of size K = 64.
We use log-linear regression per task, an exact solver with A =0.05, and enforced repetition constraints
in the optimization problem with R= 6T and k =4.

C.1 RQI1: PROXY MODEL SIZE DETAILS

Details Tablecontains details about the architectures of the 1M, 15M, 30M, and 60M proxy models
we train.

21



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

&
g g
% 0.80 0.7938 § 1.730
© 079 b 1.7257
€ X 172
S o 07772 07506 1 1725 17231
E j9)
@ 077 k3]
< 0.7647 g 1720 17183
g o % 1.7167
(0]
% 0.75 g 1715
= o
g 0.74 2
< 1.710
L 073 1
o Q o 5 o N o &
S 9 > N N «
& © & P < © N o
& & & &
(}‘x d\,x ()}’X (}X
> v
F (d_"b <O+ ((j"b

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 M 15SM 30M 60M
Vocabsize 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 we vary K =c¢(m+1) forc=1,2,3,4 and m = 6,24 and study its effect
on downstream BPB of 1B models. Despite having fewer m, the error curves when scaled according to ¢
collapse together, suggesting that the O(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 O 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(right), we see that the error curves
collapse across both m, supporting our finding that K needs O(m) runs to obtain strong downstream per-
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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 [I0| 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[TT]and[T2] 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 ¢ as a function of the mixture
ratio on domain ¢ and the number of training steps s:

. A [ B, _
fi(p,s):pffi (S_ﬁz+0"> Vi € [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 fz (p) =A;p; ', where the constants
are absorbed into A;. 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 ¢, the BiMix mixing law for our setting is:

m

filp)=_Aip; ™ 6)
j=1

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

m

f(p,m:Z((Ng +ij>%‘+@), @

Jj=1

where N 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
l; with a single constant term c; corresponding to a given task ¢. Second, instead of directly learning

Ng , which can be quite large given the order of magnitude of R, we rewrite [V, g +p;jRas R(A;;j+p;)
and learn A;;. Therefore, for each downstream task ¢, the AutoScale mixing law for our setting is:

m

fip)=ci+ Y (R(Ay+p;) ®)

j=1
* Data Mixing Laws: The mixing law models the validation loss on domain ¢ as:

fi(p) =ci+kiexp (Ztijp]) ®

j=1
The paper also extends this to out-of-domain validation sets by expressing them as a linear

combination of training domains, namely f(p) =S s; (ci +k;exp (Z;.”:ltijpj)) . 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 k; can be absorbed into the linear term;
rewriting (@) as ¢; +exp(2§n:1ti D +logk;) shows that k; 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

filp)=citexp <2Aijpj) (10)

Jj=1

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 (A = 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
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Figure 13: 30M performance across regression granularities. The performance is monotonic in the
task granularity, matching with the regression fit findings from Table[z_f}

» 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 (A=0.05) in Table@ 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 (A =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[d) 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 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 minimize,c Aom -1 f (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 £ =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 RQS8: OPTIMIZATION SOLVER DETAILS

Additional results Figure[I4]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 ¢p,, = pp,, 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 ¢ = [ppp,,, (1 — 0)qD.om,> let the corresponding mix in collapsed space be

r=[p,(1= p)qp.n,) € AIP=ml. 1 is defined over a virtual domain, containing all of Dgy, and the

domains in Deomp. Formally, we index the elements of 7 by {v}UDcomp and define mapping functions
that convert between r and q.

* Collapse ¥ (q)=r: sum all weights on Dy into the virtual domain weight 7, = ., q;, and keep
weights on Do the same, r; = g; for j € Deomp-

* Expand ®5,, (r)=g: multiply the virtual domain weight by pp,,, i.€., g; =7, p; for j € Dsx, and
keep weights on Do the same, g; =71 for 7 € Deomp.

Then, we can write the mixture reuse problem (3) in terms of 7

n

S 1
Minimize . . A | Deom| ﬁ;gi (r) (11)
1=

o kN - kN VieD

.t —_— i< —=
S ER R, ] PSR I e
where g;(r) := fi(LM(S,R,®5,_(r))) is the performance of the mix ®;,, (r) on task i, and the
repetition constraints have been rewritten in terms of r. This optimization problem looks similar
to (Z)—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 7.

D.2 SWARM REUSE ALGORITHM

We present Algorithm[3] corresponding to the Swarm Reuse approach in §3] 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 g as F(q):==>""" | f;(LM(S,R,q)). We also write F'(¢) as a bivariate version,
F(rvpl) = F((I)Pl (T))

Recall ¢* is the optimal solution to ) on D', and ¢*(pp,,) is solution returned by
FULLMIXTUREREUSE when reusing pp, (3). We define q*Dﬁx as the optimal mix on Dgy

after the domain set update; that is, ¢* = [p*q¢p. , (1 — p")gp We can also write

q ([)Dﬁx) = [p* (ﬁDﬁxﬁDﬁx 7(1 —p* (ﬁDﬁx ) )Q%comp (ﬁDﬁx )] :
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Algorithm 2 FULLMIXTUREREUSE

1: Input: Domain set D’ = Dy UDopp, existing mix pe A™ !, swarm size K = O(m), repetition
factor k, requested tokens R.

2: Sample mixes 7!,...,r* € APl and expand each collapsed mix 77 into ¢7 := @5, (17).

3: Train proxy models on the expanded mixes and evaluate on downstream tasks to get a dataset
of mixes and performance, {(r/,{y;; }7, le, where y;; := fi (LM(Ssmant, Rsman,¢” ) )-

4: foric[n]do

5: Use {(r7,y:;)}<, to fit the log-linear model §; (r)=d; + exp(B, r), where d; € R* and

B, €RIPoml,
6: end for
7: Solve the following optimization problem to get 7* (pp,, ):
L IR
Minimize, . x| Deomp E;gl (r) (12)

(kN kN
st 7y < i R [0 < & Vj € Deomp
X J

8: Return ¢*(pp,, ) =P, (7*(Pp,,)), the expanded form of 7*(pp,, ).

We can also write 5 in terms of Dg, and D\ Dyix: any p can be expressed as p = [1ppy, ,(1—7)pp\
where 7 € [0,1] (similar to p).

The log-linear model is f;(q) =c;+> ;- exp(A/ q), where A;; intuitively captures a notion of how
much domain j impacts task 7. We split each A; into [A; fx,A4; comp] corresponding to Dy and Deomp.
Define Cfix ,Ocomp € R™ where Qi fix = ||Ai,ﬁx H y&j comp = ||Ai,comp| .

Define the coupling term & (Drix, Deomp) = £(tfix ; comp ) a8

F@(Ofﬁmacomp)::||(1+aﬁx+acomp)®aﬁx”7 (14)

where © is the Hadamard product.

Define F(-) to be the objective without the constant term of the log-linear regression model,
F() — %Z?:lci.

Denote p1 = pp,, and pj =gz, for simplicity. Let po =gp,,,,- Recall that r*(py ) is the solution to
when ¢p,_ is constrained to be p;. Any r can be written as r = [p,(1 — p),p2], so we similarly define
p*(p1) and p3 (p1).

E.2 PROOF FOR THEOREM4 1]

Assumption E.1. We make the following assumptions:
1. Thelog-linear model accurately captures the relationship between the mixture ratios and target model
performance on each task; that is, f;(LM(S,R,q)) = c;+exp(A, q) for some c; eR* A, € R™.

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

3. We assume that F'(r,p; ) is p-strongly convex in 7.
4. Let S(gp,, ) be the feasible set of (TT)) defined by repetition constraints:
(kN KNG
“SE%KR%}”S;zWEQ’

together with the simplex constraints on . We assume mutual feasibility of pp,, and g3, : that
7 (Ppy, ) €S(ap,,) and 7*(gp, ) € S(Pp, )- 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 {(p’,,,{ g/;{}“ ) }‘ﬁ'ﬁ' , hew swarm size
Ko =O(|D']), Dirichlet distribution P’, repetition factor k, requested tokens R.
2: Sample new mixes iy ,-..,pier ~ P’ on D',

3: Train proxy models on new mixes and evaluate on downstream tasks to get new swarm data
{(PRew, {35 o 1125
4: Map old swarm mixes to new domain set: for j € [K 4], compute ﬁild e A™ 1 from pild e A1
where:
* If Add: D = [Dy,0] and D’ = [D;, D). Then j5,,(D}) = pl,y(D;) for D; € Dy, and
Pla(D})=0 for D} € Dj.
e If Partition: D= [D;,{Dpy}] and D' =[D1,{D, D}, }] where Dy, = Ui:l Dk

par AR par N
Then ﬁim (D;) = Pgld(Di) for D; € Dy, and ﬁzld(D[]far) = [)Zm (Dpar)

N,k
D, par

! £ N
2o Npw

par

for the

partitioned domains.
5: Construct combined swarm: S = {(f)gld,{y?}d )} J[‘:‘f U{(pﬂew,{y;?“' )} ;\;1
6: foric[n]do
7. Use combined swarm S to fit the log-linear model f;(p)=c; +exp(A; p), where ¢; e Rt and
A; RPN
8: end for
9: Solve the optimization problem:

L I
mmlmlzepemmqgg fi(p) (13)
i=1
/

| N
subject to pj_?V]€|D|

10: Return p*, the solution on new domain set D’.

* Both pp,, and ¢p, 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.

. . EN/ _ . kN ...
* 75(Ppy) < minjep,, {72} and 7 (Pp,,) < minjep, { 75"} Intuitively, the contents of the
J J
virtual domain are sufficiently low utility such that the proposed mix does not “push against” the
tighter of the two r,, 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 E when pp,, = ¢p, . the
performance gap is 0.

fix

Lemma E.2. The solution of (@), T*(ﬁpﬁx), is equivalent to the solution of (@),
¢ = [p*q%ﬁx, (1 — p*)q{)é], when the existing mix satisfies pp, = q%ﬁx. In other words,

*

q)q;% (T*(q%ﬁx)) =q*, and ¢* (q;’%) =q*.

Proof. For (@), restricting the feasible set to the subspace ¢p,, = qp,, does not change the optimal
value of this problem, since this subspace still contains the optimal solution to the original problem.

30



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

Therefore, (2) is equivalent to:

m

minimize, ¢ xm/ -1 ﬁZf, (LM(S,R,q))
i=1
/
st. g, <—L VYje[m
q; > R J [ ]
4Ds = 0D,
Comparing this formulation of () to (B), we can see that the problems are equivalent when
DDy, =P, - U

Based on this result, we can write ¢* = ¢*(¢p, ) = ¢*(p}). Similarly, p* = p*(p}), r* = 7*(p}),
ps = p5(p}). Furthermore, the problem of bounding the performance gap now becomes one of
bounding F(¢* (Ppy,)) — F(¢*(ap,, ) in terms of |lg*(Ppy,) — ¢5 4. |- We can apply standard tools
from optimization and convexity over F'(r,p;) to address this.

E.2.1 PERFORMANCE GAP LEMMAS

Lemma E3 (FOC Inequality). Recall that t*(p\) = arg min.csg,) F(r, pi1) and
r*(p}) =argmin,.c s ) F(r,p}). Then,

(Vo E(r*(p1),p1) = Vo F (" (p1),p1), 7 (p1) =" (p1)) > 0.

Proof. Since r*(p;) minimizes F(-,p;) over the convex set S(p; ), we have the first-order condition

<VTF(T*(p1)7p1)7r_r*(p1)> >0 VTES(}h).

Using the mutual feasibility assumption, 7*(p} ) € S(p1), so plugging r =7*(p} ) yields

(Vo F(r*(p1),p1).r™ (P) —r*(p1)) > 0.
Similarly, since r*(p} ) minimizes F'(-,p} ) over S(p}) and r*(p1) € S(p}),

(Ve (r*(ph).p1)r" (p1) =1 (p1)) 2 0.
Adding the two inequalities completes the proof. O
Lemma E.4 (Mean value bound for V,. F" along a segment). Fixr & RIP21%1 and consider the map

G(-):=V,.F(r,).
Assume G is continuously differentiable on the line segment
pli=tpi+(1—t)pr,  te[0,1].
Then
[V F(r,ph) = Ve F(r,p1)]] St:%p1]|lvi,plF(npﬁ)|| [Ipy —pall-

Proof. Define the scalar function
h(t):=G(p)eRPHT tefo,1].
Since G is continuously differentiable on the segment, h is differentiable and
K (t) =, G(p}) (P —p1),

where V,,, G(p}) denotes the Jacobian of G at p. By the fundamental theorem of calculus,

G(p,) ~Glpr) =h(1) ~h(0) = / W (t)dt = / T G0, (0, —p1 ).
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Taking norms and applying the triangle inequality,

1

ICw,) — Gl < / 195 G0 ), — 1)
1

< / 19, G0 116, —pa |t

< ( sup IIVplG(p’i)l> [Py =pall-
te(0,1]

Substituting G(-) =V, F(r,-) yields the equivalent mixed-derivative form. O
Lemma E.5 (Behavior of 7*(-) under changes in p1). Let A:=p} —py and Ar:=r*(p})—r*(p1).
Then

jar < 2yaj,
I

where

M := sup}va’plF(r*(pll)mﬁ) |, pl=tpy+(1=t)p1.

te[0,1
Proof. By p-strong convexity of F'(-,p1) inr, forr=7*(p1) and v’ =r*(p}),
F(r' 1) 2 F(ropn) + (Ve P (rpn) 2’ =)+ Sl =rP P (rpn) - 2 F( )+ (TP () =) =
Adding yields
pl| Ar|? <V F(r* (p1),p1) = Vi F(r* (p1) 1), Ar).
Next, we add and subtract V. F'(r*(p}),p} ):
Pl Ar|[2 < (v F(r* (91) 1) =V, F (r* () 1), Ar)

+<VTF(T*(p/1)7p/1) _VTF(T*(pl)vpl)v A7ﬂ>
By LemmalE.3] the second inner product is less than 0. Thus

Pl AT <[V, F (r* (p1).01) = Vo F (7 (1) 0| | A

Finally, applying Lemma[E.4] we have
pllAr|? StSl[épl]HVf,plF(T*(pll),ﬁ)H'HAH'||A7"||
€|0,

We cancel || Ar|| to complete the proof. O

Lemma E.6 (Decomposing the performance gap). Define A := p} — p1, Ar :=r*(p}) — r*(p1).
Assume F(--) is convex in r and differentiable in both arguments. Then

F(r*(p1).p1) = F(r*(p1).p1) 1V, F (r* (p1).po) |- | Ar [+ A -tS%pl]IIVplF(T*(pi),pﬁ)Ho
€10,

Proof. Add and subtract F'(r*(p}),p1):
F(r*(p1),p1) = F (r*(p}),p1) = (F(r*(p1),p1) = F (r* (91),p1)) + (F (r* (p1).p1) — F (r* (p1).91))-
For the first difference, convexity of F(-,p;) implies

F(r*(p1),p1) > F(r*(p1),p1) (V- F (r*(p1),p1) 7 (1) =7 (p1)),
SO

F(r*(p1).p1) = F(r*(p1):p1) < (Vo F(r*(p1),p1).r (p1) = (p1)) <[V F (r*(p1)p1) |- | Ar |-
For the second difference, we apply the mean value theorem along p?:
[F(r*(p1).p1) = F(r*(ph) .p1)] < IIAII-ts%pl]HVplF(T*(p’l),pi)IL
€10,

Combining the two bounds completes our proof. [
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E.2.2 GRADIENT LEMMAS
Lemma E.7. The gradient norm ||V, F(r*(p

1),p1)|| can be bounded by
Y, F(r*(p1),p1) < F(q* (p1))|] | A1p1 |+ comp |

Proof. First, we write 7 as [p,bs], where by = (1 — p)po. Define s; = AZ 1pp1+ AZQ bs. We compute
the gradient of F'(r,p;) with respect to p and bs:

apl Zexp z 1p1
Vi, ,p1 Zexp

We can consolidate this into a single expression if we define a; = [Miﬁ v 1>} eRID:I+1:

(r,p1) ZeXp si)a

Let us write 7*(p1) as [p*(p1),(1—p*(p1))p5(p1)]. The expression for the gradient at r*(p; ) is

Vo F(r*(p1),p1) = ZeXp D10 (PP + AL (1=p" (p1))p5(p1))as
z 1

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

* 1 - - * *
1V F (o) o)l < D exp(Alp" (po)pr+ A2 (1= 0" (p)p3 (p1)) i
=1

1
=n Zexp Al p*(p1)pr+ AL (1= p* (p1))p5(p1)) X:IIaZII2

1 n
= ﬁ?“’“glp“pﬂpl+A12<1—p*<p1>>p;<p1>>

Observe that the first summation is equivalent to F(¢*(p1)). Then, to bound the remaining term
> ieqllail|?, we have

n

n
sl = | 2 (w02 Acsl?
i=1

i=1

n

> AiLpn) 1A )?

i=1

IN

H |A1P1 | +acomp||

where |- is an elementwise absolute value, and ccomp € R™ is constructed where oy o = || A;,

Therefore,

VTF(T*(pl)vpl) < F(q*<p1)) H ‘A1p1|+acompH
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Lemma E.8. The gradient norm v, F(r*(p}),p}) can be bounded by

195, F (r* (91).01) ||  F (" (1) [Jexp (e A]) © |
where © is the Hadamard product, and exp is elementwise.

Proof. Define s; = A/, pp1+ A/, (1—p)p2. We compute the gradient of F(r,p;) with respect to p;:

Vp, F(r,p1) ZeXp 5i)pAin

Let us write 7*(p) as [p*(p}),(1—p*(p}))p5(p})]. Then, the gradient of F'(r,p1) atr*(p}),pt is

Vi, F(r*(p).p}) = EZGXP(ALP* (PP +A (1= (01))P5 (1)) p" () Aia
=1

We now bound the norm of the gradient over ¢ € [0,1]. First, we add and subtract p} to create an exp
term defined over p and a difference term with p} —p/:

* 1 - * * * S
195, F (@) PN < D _exp(Af 0" (04) (0 +05 = p) + AL (1= ()03 (0) " (1)1 A |
i=1

1 - * * * / *
<= exp(AL 0" ()P + AL (=" ()P (01))exp (Al " () (0 —p) | Ai |
=1

Then, we apply Cauchy-Schwarz inequality to get
19, F(r* (9).p1)

1 n n
< > exp2AT () 0 —P)) 1A |12 | D exp(2(AT, p* (05 + AT, (1—p*(9)))5 (9)))
=1 =1
1 - * *
<=\ Doexp2AT o () (0] — 1)1 Aia |12 Zexp L1p" ()P + AL (1=p*(01))p3 (0)))
i=1 i=1

We observe that we can replace the second summation with F(¢*(p)), so we only need to further

simplify \/Z L 1exp(24] p*(ph) (P} —p1))|| Ai1||2. We observe that ||p] —pf || is always bounded
by ||Al|, and use the fact that p* (p}) <1:

> exp2AL () (P =P AinlP < | D_exp(@l| Al llpf =2 1)1 As,

=1 =1

> exp(24;,
i=1

A l12 < [lexp (x| All) © |

Therefore,

19, F (r* (1) .01) | < F(a* (1) || exp(exsix | Al © g |
O

LemmaE.9. Let apax =max;{||A; 1|}, the largest norm of A; 1 across all tasks. Define byax € R™
where b; max = max{|<Ai,1,p1>|, [(A; 1,p1)|} as the larger of the two dot products per task. The
gradient norm ||V, F(r*(p}),p})|| can be bounded by

||vrp1 ( (p/l)vpi)HSexp(amaXHA”)'F(q*(pll))'H(l—i_bmax'i'awmp)@qmn

where © is the Hadamard product.
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Proof. We derive an expression for V2, F(r,p1). We write r as [p,by], where by := (1 — p)p2, and
define s; = Ai’lppl +Ai’2b2 to be the expression inside the exp. First, we have that vV, F'(r,p1 ) is

V F( 7p1 Zexp S pAz 1-

i=1

Then, we can compute V ,, ,,, F'(r,p1) and V, ,, F'(7,p1):

n

1
Vo Frip1) (Zexp ,oAu) 3 (pexpls) (A ) +exp(si)) AT,

1 1

1 n
Vb F(1,01) = Vb, (nZeXP(Si)pAi,l) = EZPeXp(Si)AL?AIl
i=1 i=1

We can consolidate these into

v%,plF( 7,p1) Zexp (s4) pa1+€1)A

’L 1

where a; = {M;ﬂ‘f”] € RIP2I+1 and e is the standard basis vector | .| € RID2I+1, Therefore, the

gradient V7 F(r,p1) atr*(p}),p} is

Uy FO(p))ph) = Zexp D10 (01)PS + AL (1= p* ()5 (1) (0% () )ai+e1) A
=1

where a; is now [< Q #1)| . Now, we would like to upper bound sup;¢(g 1] 1V2 ., F(r* (1), pY) .

Using Cauchy- Schwarz inequality, we have

1 n
175, F™ D) P <~ _exp(ALp" ()P +A L (1=p" 0))p3 (D))" (P ai+en) AL |
=1

1
<- ZeXp (2(A7 1o (0)pi + A5 (1= p*(p1)p5 (p ZH (P)aiten) AL |2 (195)

=1

We simplify the first summation in (T3)) by adding and subtracting p/ to p:

ZeXp Al " ()P + AL (1= p*(0))p5 ()
= ZeXp(QAL P* () (P 5 —p1)+24, 5 (1—p* (91))p5 (1))
—Zexp Al p ()P AL (1= (91)p5 (1)) +2A7 1 p* () (P —p1))

n 2
<omaexp(24T, 040~} (Do (AT G+ AT, 1 1) o))
=1

We note that 377, exp (Al p*(p)p) + AL — p*(p1))p3(p1)) is n - Flg*(p}))-
Moreover, using the fact that p*(p}) < 1 and ||p} — pj] < |Al, we can bound
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max; {exp(24,; p* () (P —p1))} < max;{exp(2(| A1 ||[|p] —pi 1)} < exp(2[|Aflmax;{][Ai1[|})-
Let amax =max; {||A4;,1] }. the largest norm of A; ; across all tasks. Therefore, we have:

S exp (24T (B0 + AL, (1= p ()3 (1))) </ exb [ A n2-F (g 91))?

:eXP(CLmaxHA“) F(q*(p/l))

Next, we simplify the second summation in (T3), Y=, [| (0* (p} )a;+e1) A/ ||*, using Cauchy-Schwarz
inequality, the definition of the norm, and the fact that p*(p}) < 1:

Yl haite) AlL |2 <ZIIP Daiter]*]|Ai ]
i=1

=D (Lo () A51.05))" 40" (01)° | Aia ) [ A 1

i=

<Y ((+p*(00) (s 1.08)* + 1A 21 | Ai |12

i=

3
—

—

Note that (A;;, p}) is bound by (A;1, p}) and (A;1, p1). Therefore, it holds that

(1 + p)(Ai1, p1)? < (1 + max{[(A;1, p1)|, [(Ai1, p1)[})?. We denote by max =
max{|(A4; 1,p1),|(A:,1,p1)|} as the larger of the two dot products per task, and then we can write:

n

Z *(ph)aiten) AL 12 < | D ((1bimax) 2+ | Asal|?) [ A |12

i=1

[ Ain?

D (b max+ 1A,
=1

= || (]_—‘y—bmax“racomp)@aﬁxu

where addition is elementwise, © is the Hadamard product, and oy ,ctcomp € R™ are constructed where
a;1=||4;,1| and o; 2 =|| A; 2| Putting everything together, our gradient norm bound in (I3)) becomes

197 5, F(r* (01) .00 | < exp(@maxl| A1) F(q* (1)) || (1+bmax + teomp) O x|
O
E.2.3 THEOREM[4.T](FORMAL)

Theorem E.10. Define amax =max;{||A; 1|/} The performance gap between using q* and q*(pp,,)
is bounded by:

F(q*(pp,)) —F(q") <Cllpos—ap, |,

where

)

C= F(q*)exp(amax ||15th - q%,u

(F(q*(ﬁpm))
1

-||aﬁx+awmp||~m<o<ﬁx,awmp>+||aﬁx||)

Proof. Recall our simplified notation p1 = pp,,, py = g5, - Applying Lemma[E.5to Lemma[E.6} we
can bound the performance gap to be linear in ||p; —p} ||:

F(r*(p1),pr) = F(r*(p1).p1) <ClIA|
where C' is a term that consists of three gradient norms:

]‘ * *
C== sup (|7, Fr*(p)p)I)IV-F(r*(p1).p1)ll+ sup |V, F(r* ()).p)|
Hielo,1] te[0,1]
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and p! =tp) 4+ (1—t)p;. We can apply the gradient norm bounds from Lemmas

1 _ _
CS ;exp(amaxHA”) F(q*(p&)) : H (1+bmax+acomp)®aﬁx H F(q*(pl)) || |A1p1|+acompH

+F(q*(p))) [[exp(an [A]) © |
We simplify this bound a bit further.  First, note that the elements of |Aip;| are
[(Ai,1p0) | < | A [llp1 ]l <[ As 1]l Therefore, [A1p1] < avix.
Second, note that b; yax =max{|(A; 1,p1)],](A:,1.00)|} < | Ai1]|, 80 bmax =< cviix as well.

Lastly,

exp(aix | Al]) © vsix || can be bounded by exp(amax||Al)- || csix] |-

Then, we can bound C as

F(q* (ﬁan ))
1

C<F<q*>exp<amax||A>( ||<1+aﬁx+ammp>®aﬁx||-||aﬁx+ammp|+||aﬁx||)

Replacing || (14 cvsix + comp) @ iy || With (i, 0comp ) completes our proof.

E.3 PROOF FOR THEOREM4.2]

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

1 m
minimize,c A,HEZ fi(LM(S,R,p)) (16)
=1
kN,
s.t. p]g?ﬂ Vje[m]

Assumption E.11. We make the following assumptions beyond Assumption|[E.T]

1. We assume that F'(r,p; ) is p1-strongly convex in py .
2. mutual feasibility

3. Let S(r) be the feasible set of (2)) defined by the repetition constraints on p; :
EN;
< —LVj €Dy
YIS Rp J fi

We assume mutual feasibility of pp,, and g3, : that pp, € S(r*), and ¢, € S(ro), where
ro = [1,0] corresponds to the mix before new domains are added. That is, we assume that
pj < I;IZZ and qj*- < kgj for 7 € Dsx, meaning that the existing mix cannot have active

repetition constraints.

First, we present a general lemma that allows us to bound any ||p; —p/ ||.

Lemma E.12 (Argmin stability with mutual feasibility). Let S,S’ C AIP1I=1 be convex sets. Let h:
S — R be differentiable and pi1 -strongly convexon S. Let h' : 8’ — R be a differentiable function. Define

=argminh(p1), f=a in h/
p1=argmin (p1), Py rg min, (p1)

We assume mutual feasibility; that is, p1 €S’ and p} €S. Then,

1
[p1—pi | < " [Vh(p)— VR (p})l.
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Proof. Applying our mutual feasibility assumption, the first order condition at p; for h and p} for
h yields

(Vh(p1).py—p1)>0
(VR'(p}),p1—p1) >0

Adding these together and adding and subtracting Vh(p) ), we have
(Vh(p1) = VI (p}),p1 —p1) >0

=(Vh(p1)—Vh(p})+Vh(py)—VH (p}),p1 —p1) >0
=(Vh(p1)—Vh(p}),p1—p1) <(VA(p})— VA (p}),p) —Dp1)

Next, due to p1 strong convexity of h, we have
K1
h(pr) = h(p)+H(TR(ph).p1 —p1) + 5 [l —2h |

B(py) = h(pr)+(Th(py).ph —pr)+ 5 o= 1

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

pllpr =i 1* <(Vh(p1) — Vh(p}).p1—p})
<(Vh(p})—VH (p}),p)—p1)
<|IVh(py)—VH DI 1Py —p |

Dividing both sides by p||p} —p1]|| completes our proof. O

Lemma E.13 (When pp,, = g5, for adding). Consider the adding update, where Dy = 0 and
D' = [D1Dh] with Dy # 0. Let p € A™ ! be an optimal solution to the mixing problem on the
pre-update domain set D = D; (equivalently, pp, = p), and let g* be the optimal solution to the
post-update mixing problem on D’ If p* =1, then

~ _x
p’Dﬁ,\ - q'Dﬁx :

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

o Iy
minimize, ¢ s m -1 ngi(LM(&R’C]))
i=1

!

<k J - /
g;=0 VjeD).

If p* =1, then g; =0forall j € D5. This means that the additional constraints ¢; =0 on the post-update
problem do not change the optimal value, since the restricted feasible set still contains the optimal
solution of g7 =0. Therefore, if p* =1, the restricted problem above and the unrestricted post-update
problem have the same optimum, and their optimizers coincide on Ds; in particular, g7, = pp, .
Replacing D; with Dgy completes our proof. O

Lemma E.14. Assume mutual feasibility between py and p'. Then, when the domain update involves
adding domains,
2(1—p*
||P1—P'1<(m)llts%ri]IVil,rF(rﬂp’l)ll rt=tro+(1—t)r*
€10,
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Proof. Define ro = [1,0] where po = 1. Then, p; = argmin,, cs(r,) F(r0,p1). We can write p}
similarly as pj =argmin,, c s(«)F (r*,p1).

If we assume mutual feasibility and define h(p;) = F(ro,p1),h'(p1) = F(r*,p1), then applying
Lemmal[EI2]gives us

1
Ip1=pill< m 1Vp, F(ro.py) —F(r*.,ph) |
Define r* =tro+(1—t)r*, where ¢t € [0,1]. By the fundamental theorem of calculus, it holds that
1
Ty Plrot) =T P ) = [ 92, () o)
0

Therefore,

1
lpr=pi | < —llro—r*| sup ||V}, . F(r'.p1)
H1 tefo,1]

Lastly, we bound ||ro —r*||:

[[ro—=r*[|=[I[1,0] = [p",(1=p")ap, || = | (1 =p*) [1,—ap, || <2(1—p")
This completes our proof. O

Lemma E.15. Define r* =tro+(1—t)r*(p}), where ro=[1,0]. The gradient norm || V2 , F(r,p})]|
can be bounded by

197 5, F (r' 0D < F(q*)exp(emax (1= ") | (1+ tc + Gtcomp) @ |
where ciax =max;{|| A 11|+ || Ai2]|} and © is the Hadamard product.

Proof. First, we can write ¢ as

t[1,0]+(1—=t)[p* (p1),(1—p*(P}))p5(P})]
[t+(1—=t)p*(p}),(1=t)(1—p* (p)))P5 (P})]
[t+(1—t)p*(p}),(1—(t+(1—1)p*(p1)))p5(p1)]

+
+

Therefore, we can express 7t = [pt,(1—p?)ph] where p! :=t+(1—1)p*(p}), and p’ =p5(p}).
Applying Lemma[E.9] we can write the gradient as

Vi F(rtpy) = ZGXP D1P' DI+ AL (1=p")ph) (p'ai+er) A},

1
’ 7/ 0 ’
where a; = {qu’jfl)} € RIP2I+1 and e is the standard basis vector |.| € RIP2IT1. Then, using
0
Cauchy-Schwarz inequality, the gradient norm can be bounded as
1 n
1975 FOr p)I <= _exp(Alp'pi+ AL (1=p")p5) [ (0" ai+en) AL | (17)
1 n
< S exp(2(AT oo+ ATy (1- ) Z (Plaite) AT |

=1
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We bound the first summation of (T7) by adding and subtracting p* (p}):

ZCXp(2(AiT,1ptp'1+A22(1—pt)p§))
= ZeXp(Q(AL(p“rp*(p’l) —p (PP +AT(1=p")+ (1= p*(p})) = (1= p*(p))))Ph))
= exp(2(A],p* (h)ph + A L (1= p* (91))Ph))exp(2(A] ) (' — p* (p)))Ph + Al (0" (9)) — 0" )5 (21)))
1=1

= > exp(2(AL 1" ()P + AT (1= p* (91))p5) Jexp(2(1—p* (1) (A 19y — ALp5 (0))))
i=1

We can then replace some terms in (T7) with F'(r*(p}),p})

1 n
—\ [ D e AL+ AL (- p)ph))

i=1

1 - * * * *
<= exp(AlL " ()Pl + Al (10" (1)) k) ma{exp(t(1—p* (b)) (AT 12y — Alop3 (1))}
i=1

=F(r* (ph) 0y ymax{exp(t(1—p* (1)) (A7 10} —Ap5 (p1))}

We can bound A pi — Alps(pi) < [Aiall + [[Aizll using Cauchy-Schwarz. — Let
Cmax =max; {||4; 1|+ Ai 2| }. Using the fact that ¢ € [0,1], the first part of (I7) can be bounded by

]' - n * *
~ | 2o exp(2(AL 1t + AT (1= p)ph)) < F(r* (0) p1 )exp(eman (1= p* (p1))
=1

The second summation of (I7) can be bounded in the exact same way as the second summation of (T3))
in LemmalE.9] Therefore, we have that

> _ll(ptai+en) AL 112 < (14t +com) O
=1

This completes our proof. O

E.3.1 THEOREM[4.2](FORMAL)

Theorem E.16. Define p is the solution to @) on D and suppose that new domains are added. Let
Cmax =max;{|| A1 || +[|Ai2[|}. Then, the difference between pp,, and gy, is bounded by

F(q*)exp(cmax(l —p*))
M1

i 2
15Dy — 4D, |l < (s Ccomp) - (1= ")

Proof. Applying Lemmal[E.T5|and Lemma[E.14] we have

(1—-

2(1=p") =, .
||p1—p’1||<m)F(q )eXP(Cmax (1= p™)) || (14 atfix + tcomp ) © x|

= ZF(q*)eXp(:inax(lp*)) 'K(aﬁmacomp)'(l_p*)
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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 pp,, = g7, for removing). Consider the removing update, where D # 0 and

D' =D, (equivalently, Dy =0). Let p € AN™ ' be an optimal solution to the mixing problem on the
pre-update domain set D = [D1,Ds), and let ¢* be the optimal solution to the post-update mixing
problem on D' =D (equivalently, g7, =q*). If 7 =1, then

~ %
pDﬁ). - qDﬁX :

Proof. Since D), =), the post-update problem over D’ =D is equivalent to the pre-update problem
restricted to mixtures that assign zero mass to all removed domains:

1 n
minimize,e Am-1 ﬁzfl (LM(S,R,p))

i=1
kN,
S.t. ijTJ Vi€D1UDy
pj:() V]GD/Q

If 7* =1, then p; =0 for all j € Dy. This means that the additional constraints p; = 0 on the pre-update
problem do not change the optimal value, since the restricted feasible set still contains the optimal
solution of p; =0. Therefore, if 7* =1, the restricted problem above and the unrestricted pre-update
problem have the same optimum, and their optimizers coincide on D;; in particular, g5, = pp; -
Replacing D, with Dgy completes our proof. O

E.4.2 PARTITIONING A DOMAIN

Lemma E.18 (When pp,, =¢p,_for partitioning). Consider the partitioning update operator, where
D\ D, ={D} consists of a single domain and Dy ={D},...,D;} are subdomains with D = U§:1D§.

Define the natural distribution py. € N1 by
N/

Poatly = —2— Vi€l
DA

If 4, =Pnat, then
pN,Dﬁ). = q’*bﬁx °

Proof. Since Dy ={D} is a single domain, sampling (1 —) R tokens from D induces a distribution
over the subdomains {D1,..., D} 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:

1 n
minimizequm/_l Eva(LM(SvRaq))
i=1
!

kN ) ,
4D}, = Pnat;

If q7*35 = pnat, then ¢* lies in the restricted feasible set above. The additional constraint 4D}, = 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 ¢, =pp
Replacing D; with Dgy completes our proof.

1
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E.4.3 REVISING A DOMAIN

Lemma E.19 (Exactness for revising). Consider the revising update operator, where Do ={D} and
DY, ={D'} consists of a single domain whose contents are modified. Assume the log-linear model
holds both pre- and post-update:

1 1
F(q)= EZGXP((Ai,l)TqDﬁXJr(A?}éi)TlIDQ), Fr%(q)= ﬁzexp((Am)TQDﬁx+(A2§W)TQD2)7
=1 =1

where D = [D1,Ds] and D' = [D1,D}] have the same dimensionality, and the repetition constraints
are unchanged.

Let p be an optimal solution to the pre-update mixing problem with objective F°'9, and let q* be an
optimal solution to the post-update mixing problem with objective F°¥. If A}GY = A?}g Sorallie|n],

then p=q*, and in particular pp,, = q{)ﬁx.

Proof. If A?%" = A?'d forall i € [n], then F°% (q) = F°'4(q) for all . 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 p=g*. O

F EMPIRICAL VALIDATION OF THEOREMS 4. I]AND 4.2

We empirically study the performance gap of FULLMIXTUREREUSE and PARTIALMIXTUREREUSE,
where we measure the terms in Theorems[d.T|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:

e D; =DCLM (Li et al.| [2024) partitioned into 24 topic-based domains using WebOr-
ganizer (Wettig et al. 2025), D} = Stack-Edu (Allal et al., [2025) partitioned into 15
programming languages.

* D; =DCLM partitioned into 24 topic-based domains using WebOrganizer, D}, = 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 ¢* (pp,, ) from Algorithm 2]
given reused ratios pp,, . Full recomputation yields ¢* from directly solving (2)) for the optimal mix
on D’. Theorem[4.1|shows that the performance gap of mixture reuse, F'(¢*(pp,,)) — F'(¢*), where
F is the average downstream task BPB, is bounded in terms of the reuse gap, ||pp,, — g7, ||, where g3,
is g* restricted to Dy and normalized. We validate that the reuse gap predicts the performance gap.

To do this, we construct different values of pp, with varying reuse gaps and measure the resulting
performance gaps. We first approximate ¢, and F (¢*) by running full recomputation on D’ using
OLMIXBASE and normalizing the resulting mix over Dyy. We then construct two pp,

+ Weak mix: to construct a pp,, far from g3, , we run OLMIXBASE on D’ with a modified
objective that maximizes BPB and then normalize the resulting mix over Dyy.
* Intermediate mix: we average the weak mix with ¢z, .
Figure[I5|confirms the findings of Theorem[4.T} 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 pp,, 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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[- 6T (tight repetition constraints) EEE 1T (relaxed repetition constraints) }

Figure 16: Performance gap vs 1 —p* when adding Stack-Edu to DCLM (left) and olmOCR Science
PDFs to DCLM (right). Varying R changes p*, and we observe that 1 — p* propagates to both the reuse
gap and performance gap, validating Theorem@

on 1—p*, where p* is the total weight on the reused domains D; in the optimal mix ¢*. We validate
that 1 — p* predicts both the reuse gap and performance gap.

To do this, we construct settings with different p* 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 p* ~1 when
D; is much larger than the added domains. A relaxed constraint allows more weight to shift to new
domains, potentially yielding smaller p*. We test two settings: R =1T (relaxed) and R=6T (tight).
For each R, we 1) compute pp, by running OLMIXBASE on D; 2) apply FULLMIXTUREREUSE
on D’ using pp, ; and 3) use full recomputation (run OLMIXBASE on D’) to get an approximate p*,
the reuse gap, and the performance gap.

Figure[I6]shows that larger 1 — p* 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[.T]and[4.2]
show that the coupling term x controls the rate at which changes in optimality translate to the
performance gap. The coupling term is large when both reused domains Dgy and recomputed domains
Deomp impact similar downstream tasks. We validate that reducing coupling—Dby adjusting Djy vs
Deomp via PARTIALMIXTUREREUSE—improves both the reuse gap and performance gap.
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Figure 17: Comparison of pp, (DCLM-only) versus ¢, (DCLM+Stack-Edu) (top-7 domains
according to pp,, . 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 D;=DCLM, D)=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|(l7|compares the reused ratios pp;, against the optimal ratios g7,
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 D¢qpp = Stack-EduU {DCLM:software_development} reduces cou-
pling and improves performance compared to FULLMIXTUREREUSE (which uses Domp = Stack-Edu).

Figure[T8|shows that recomputing DCLM:software_development along with Stack-Edu reduces both the
reuse gap and performance gap, even though 1 — p* remains the same—indicating that the coupling term
has changed. To confirm this directly, we compute « (see Appendix [E.I|for definition) for FULLMIX-
TUREREUSE and & for PARTIALMIXTUREREUSE with Deomp = Stack-EduU{DCLM:topic} for each
DCLM topic. Figure[I9|shows that recomputing DCLM:software_development reduces « 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 [ 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|
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 « 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[TQlists all the downstream tasks.

G.1 MIXING DETAILS

Across all swarm-based methods we evaluate on (OLMIXBASE, Swarm Reuse, FULLMIXTUREREUSE,
PARTIALMIXTUREREUSE), we use Sspa = 30M parameters (config in TableE[) 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 A=0.05. We set k=4 and R= 1T for the experiments in §3]

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[F2}

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 ¢ = 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#t 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
Pes2o0 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.
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Operation Dataset(s) Am

Initial DCLM (Li et al., [2024) partitioned into topical domains using 24
WebOrganizer (Wettig et al., 2025))

Add Stack-Edu (Allal et al.[[2025), partitioned by programming language = +15

Add ArXiv (Azerbayev et al.|[2023)), FineMath 3+ (Allal et al., [2025), +6

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

Revise olmOCR Science PDFs (Olmo et al.,[2025) (reformatted tables and 0
references)
Remove AlgebraicStack (Azerbayev et al.,[2023) -1

Partition olmOCR Science PDFs (Olmo et al.,2025), partitioned into topical ~ +20
domains using WebOrganizer (Wettig et al.| [ 2025)

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

Task Capability #ICL  Metric  # Subtasks
. Minerva MATH (2022) Math Gen 4« BPB 7
3 Subtasks: Algebra, Counting and Probability, Geometry, Intermediate Algebra
= Number Theory, Prealgebra, Precalculus
HumanEval (2021) Code Gen 3 BPB -
o MBPP (2021) Code Gen 3 BPB -
T MTMBPP (2022}2025) Code Gen 3 BPB 17
o Subtasks: Bash, C, C++, C#, Go, Haskell, Java, JavaScript, MatLab, PHP
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 -
SociallQA (2019) Social QA 5 BPB -
él PiQA (2020) Physical QA 5 BPB -
CoQA (2019) Conversation QA of 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 -
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. T = few-shot examples
are built-in the task; © = 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 PARTTALMIXTUREREUSE (best seed) versus

the natural distribution. PARTIALMIXTUREREUSE reaches the natural distribution’s final performance
in 3.05x fewer steps.
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