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Abstract

Training large language models with data col-
lected from various domains can improve their
performance on downstream tasks. However,
given a fixed training budget, the sampling pro-
portions of these different domains significantly
impact the model’s performance. How can we
determine the domain weights across differ-
ent data domains to train the best-performing
model? In this paper, we provide a comprehen-
sive overview of existing data mixture meth-
ods. First, we propose a fine-grained categoriza-
tion of existing methods, extending beyond the
previous offline and online classification. Of-
fline methods are further grouped into heuristic-
based, algorithm-based, and function fitting-
based methods. For online methods, we catego-
rize them into three groups—online min-max
optimization, online mixing law, and other ap-
proaches—by drawing connections with the op-
timization frameworks underlying offline meth-
ods. Second, we summarize the problem for-
mulations, representative algorithms for each
subtype of offline and online methods, and clar-
ify the relationships and distinctions among
them. Finally, we discuss the advantages and
disadvantages of each method and highlight
key challenges in the field of data mixture.

1 Introduction

Recently, many works have focused on improving
the generalization capability of large language mod-
els (LLMs) on downstream tasks by increasing the
diversity of training data. This is typically achieved
by collecting data from various domains or differ-
ent sources (e.g., CommonCrawl, Wikipedia, and
Github), either during the pre-training phase (Rad-
ford et al., 2019; Gao et al., 2020), or instruction
fine-tuning phase (Wei et al., 2022; Chung et al.,
2022). However, given a fixed training budget, the
sampling proportions of these different domains
or data sources significantly impact the model’s
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performance (Xie et al., 2023; Albalak et al., 2023;
Shen et al., 2024). This raises an important ques-
tion: how can we determine the domain weights
(the sampling probabilities for each domain) across
different data domains to train the best-performing
model within constrained computational resources?
Data mixture, also known as domain reweighting,
is an emerging research area dedicated to address-
ing this challenge. It focuses on optimizing the
domain weights to sample different domain data,
thereby improving the effectiveness and efficiency
of language model training.

Many early works rely on heuristically chosen
or manually assigned domain weights for training
language models (Radford et al., 2019; Gao et al.,
2020). However, subsequent studies (Xie et al.,
2023; Fan et al., 2023; Albalak et al., 2023) argue
that such approaches are likely suboptimal and pro-
pose more principled methods to determine the do-
main weights automatically. Albalak et al. (2024)
provide an overview of this rapidly developing
field, categorizing existing data mixture methods
into two main types: offline methods, which deter-
mine domain weights separately from the training
of the target model, and online methods, which dy-
namically adjust domain weights during the target
model’s training process. As the cost of training
LLMs continues to rise with the increasing scale
and diverse sources of data, data mixture has be-
come increasingly important. Meanwhile, many
new studies—beyond the scope of Albalak et al.
(2024)—have gradually emerged. Accordingly, we
believe it is timely to provide a more comprehen-
sive and updated review for the community. A de-
tailed comparison between our survey and Albalak
et al. (2024) is provided in Appendix D.

In this paper, we propose a more fine-grained
categorization of existing data mixture methods,
building on the framework proposed by Albalak
et al. (2024). Offline methods assume that, for a
given corpus composed of multiple domains, there
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Algorithm 1 Framework of Offline methods
1: Input: Proxy model ϕ, target model θ, train-

ing data Dtrain, validation data Dval (which can
be optional);

2: Initialization: w0;
3: w⋆ = Get_Weights(w0,ϕ,Dtrain,Dval);
4: θ⋆ = argminθ

∑k
i=1w

⋆
i ℓtrain,i(θ);

5: Output: w⋆ and θ⋆.

exist optimal static domain weights that lead to the
best-performing model. Based on this assumption,
they typically estimate these weights using proxy
models, which are typically smaller than the tar-
get model to reduce the additional training costs,
and then apply the estimated weights to train the
target model, as described in Algorithm 1. We
divide offline methods into three subcategories:
heuristic-based methods, algorithm-based meth-
ods, and function fitting-based methods. Heuristic-
based methods, such as uniform sampling and
proportional sampling, determine domain weights
based on simple heuristics. Although they do not
rely on proxy models, we treat them as degener-
ate cases of offline methods for completeness in
our categorization. Algorithm-based methods ap-
ply specific algorithms to determine the optimal
domain weights with proxy models. Specifically,
we realize that data mixture should be regarded
as a subfield of Multi-Domain Learning (MDL),
which is often closely associated with Multi-Task
Learning (MTL) 1. Some methods proposed for
MTL can also address MDL, and vice versa (Yang
and Hospedales, 2015). Therefore, we systemat-
ically analyze the connections between existing
algorithm-based methods and two prominent opti-
mization frameworks widely used in MTL: min-
max optimization and bi-level optimization, aim-
ing to offer a deeper understanding and valuable
insights for optimization strategies in data mix-
ture. Function fitting-based methods empirically
learn a mapping from domain weights to model
performance by conducting multiple training runs
on proxy models using different domain weights.
Once this function—also referred to as a mixing
law—is learned, it can be used to infer the optimal
domain weights for training the target model.

Online methods jointly optimize the target model
and the domain weights during training, as illus-

1One major difference between Data Mixture and the pre-
vious methods like MDL and MTL is that, in Data Mixture,
all domains share the same set of neural network parameters.

Algorithm 2 Framework of Online methods
1: Input: Target model θ, training data Dtrain, val-

idation data Dval (optional), the total number
of training steps T , the update interval tupdate;

2: Initialization: The target model θ0, and w0;
3: for t = 1, 2, · · · , T do
4: θt = Update_θ(wt−1,θt−1,Dtrain);
5: if t mod tupdate = 0 then
6: wt = Update_w(wt−1,θt,Dtrain,Dval);
7: end if
8: end for
9: Output: θT .

trated in Algorithm 2. During the target model
training, the domain weights are dynamically opti-
mized to effectively and efficiently steer the target
model toward optimal performance. Most online
methods can be regarded as online variants of exist-
ing offline approaches. For example, certain offline
methods can be transformed into their online coun-
terparts by replacing the proxy models used for
optimizing domain weights with the target model
itself, thereby enabling joint optimization of both
domain weights and the target model during train-
ing. From this perspective, we categorize existing
online methods into three groups: online min-max
optimization methods, online mixing law meth-
ods, and other approaches.

Our contributions can be summarized as follows:
1. We propose a fine-grained categorization of ex-
isting data mixture methods, extending beyond the
previous offline and online classification. Specif-
ically, we divide offline methods into heuristic-
based, algorithm-based, and function fitting-based
methods. For online methods, we categorize them
into three groups—online min-max optimization,
online mixing law, and other approaches—by draw-
ing connections with the optimization frameworks
underlying offline methods. 2. For each subtype
of offline and online methods, we summarize their
problem formulations, representative algorithms,
and clarify the relationships and distinctions among
them, aiming to offer a deeper understanding and
valuable insights for optimization strategies in data
mixture to the community. 3. Finally, we discuss
the advantages and disadvantages of each method
and highlight key challenges and future directions
in this field.
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2 Notations

Given k data domains, each domain i ∈ [k] =
{1, 2, · · · , k} is associated with a training dataset
Dtrain,i and a validation dataset Dval,i. We repre-
sent a composition of the training data Dtrain =
{Dtrain,1, . . . , Dtrain,k} using domain weights w =
[w1, w2, · · · , wk]

T , where wi denotes the weight
assigned to domain i and

∑k
i=1wi = 1, wi ≥ 0

(i.e., w ∈ Rk
≥0 lies within a probabilistic sim-

plex ∆k). Our ultimate goal is to obtain the best-
performing model θ⋆, where θ is used to parame-
terize the target model, by optimizing the domain
weights w across the training data Dtrain. We use
ϕ to represent the parameters of the proxy model.

The best-performing model refers to the one that
achieves the highest overall performance across
various downstream tasks. However, during the
training of a model θ, we typically optimize a
loss function ℓ(θ) : Rd → R≥ 0 as the sur-
rogate objective for its downstream task perfor-
mance, which is often the negative log-likelihood
in the context of LLMs. For example, in the
pretraining setting, the loss can be written as
ℓ(x;θ) = − log pθ(x) = − 1

|x|
∑|x|

z=1 log pθ(xz |
x1:z−1), where |x| denotes the number of tokens
in a given example x. There are typically two
settings for computing this loss: on the training
data or the validation data. We denote the av-
erage loss of model θ on each training domain
Dtrain,i, i ∈ [k] as ℓtrain,i(θ) (i.e., ℓtrain,i(θ) =
ℓ(Dtrain,i;θ)) = 1

|Dtrain,i|
∑

x∈Dtrain,i
ℓ(x;θ))). For

validation data, we consider two cases: in-domain
validation data Din

val = {Dval,1, · · · , Dval,k}, which
correspond to the same domains as the training
data Dtrain, and out-of-domain validation data
Dood

val = {D̂val,1, · · · , D̂val,m}, consisting of m do-
mains completely unrelated to Dtrain

2. We de-
note the average loss of θ on Dval,j , j ∈ [k] as
ℓval,j(θ) = ℓ(Dval,j ;θ), on D̂val,j , j ∈ [m] as
ℓ̂val,j(θ) = ℓ(D̂val,j ;θ).

We provide a detailed explanation of static
weights and dynamic weights in Appendix A to
clarify how different methods leverage them to ap-
proximate the best-performing model θ⋆.

2In fact, the out-of-domain validation data Dood
val could

contain several domains related to the training data Dtrain. For
simplicity, we assume that all domains in Dood

val are completely
unrelated to Dtrain.

3 Offline Methods

Offline methods assume the existence of optimal
static domain weights w⋆ for a given corpus com-
posed of multiple domains. Based on the strategies
used to find w⋆ (i.e., line 3 of Algorithm 1), we cat-
egorize offline methods into three groups: heuristic
methods (Section 3.1), algorithm-based methods
(Section 3.2), and function fitting-based methods
(Section 3.3).

3.1 Heuristic-based Methods
Heuristic-based methods determine w⋆ using pre-
defined heuristics. For example, uniform sam-
pling assigns equal weights to all k domains, i.e.,
w⋆ = [ 1k , . . . ,

1
k ]. Since these methods can be im-

plemented by omitting line 3 in Framework 1, we
consider them as degenerate cases of offline meth-
ods, even though they do not rely on proxy models.
Further details are provided in Appendix B.1.

3.2 Algorithm-based Methods
Next, we systematically survey existing algorithm-
based methods for data mixture under two opti-
mization frameworks: min-max optimization and
bi-level optimization. The definition of the best-
performing model θ⋆ can vary depending on the
specific setting–when the model’s loss is computed
solely using training data or incorporating valida-
tion data. This distinction leads to different opti-
mization algorithms being employed to find w⋆.

3.2.1 Min-Max Optimization
Given all k domains, we could determine the w⋆

by focusing on whether the proxy model ϕ is well-
optimized on each domain of the training data Dtrain
without considering any validation data. One sur-
rogate objective to achieve this is to ensure that the
worst-case performance across domains remains
satisfactory, which can be formulated as the follow-
ing min-max problem:

min
ϕ

max
w∈∆k

k∑

i=1

wifi(ϕ), (1)

where fi(ϕ) is often defined based on ℓtrain,i(ϕ),
the average training loss of ϕ on the i-th domain
Dtrain,i, for i ∈ [k].

Min-max optimization. Equation 1 represents
a nonconvex-concave min-max optimization prob-
lem (Lin et al., 2020; Razaviyayn et al., 2020). The
well-known gradient descent ascent (GDA) algo-
rithm (Daskalakis and Panageas, 2018; Lin et al.,
2020), a simple extension of gradient descent (GD)

277



Category Method Training phase(s)

Offline

Heuristic Uniform / Proportional sampling PT / CPT / SFT

Algorithm-based
(Min-max) DoReMi (Xie et al., 2023) PT

Algorithm-based
(Bi-level)

DoGE (Fan et al., 2023) PT
ScaleBiO (Pan et al., 2024b) SFT

Function fitting-based

DML (Ye et al., 2024) PT
BiMix (Ge et al., 2024) PT
D-CPT (Que et al., 2024) CPT
AutoScale (Kang et al., 2025) PT
RegMix (Liu et al., 2024) PT
MDE (Belenki et al., 2025) PT

Online

Online min-max
MFTCoder (Liu et al., 2023a) SFT
ShearedLLaMa (Xia et al., 2024) CPT
Velocitune (Luo et al., 2024) CPT

Online mixing laws Skill-It (Chen et al., 2023) CPT / SFT
Aoili (Chen et al., 2024) PT

Others ODM (Albalak et al., 2023) PT
ADO (Jiang et al., 2024) PT

Table 1: Overview of existing data mixture methods discussed in this paper. In the last column, we report the
specific training setting for each method, as described in the corresponding original paper. SFT denotes Supervised
Fine-Tuning for instruction tuning; PT refers to Pretraining, and CPT stands for Continued Pretraining.

to the min-max setting, is one of the most popu-
lar algorithms for solving this problem, capable of
finding a reasonably good solution for the proxy
model ϕ and domain weights w.

Xie et al. (2023) propose Domain Reweighting
with Minimax Optimization (DoReMi) to achieve
the same goal in the LLMs pretraining setting with
fi(ϕ) = ℓtrain,i(ϕ) − ℓtrain,i(ϕref), where ϕref rep-
resents a pre-trained reference model, and its loss
ℓtrain,i(ϕref)) serves as the baseline for the loss
ℓtrain,i(ϕ). The objective is to minimize the worst-
case excess loss across domains, which is the gap
in loss between ϕ and ϕref. They adopt the Group
DRO (Sagawa et al., 2020) to solve this problem,
which can be viewed as a variant of GDA. Since
w lies within the probabilistic simplex ∆k, at each
step t, wt is updated using exponential gradient as-
cent (i.e., mirror ascent). Then, the average weights
are returned as the optimized domain weights (i.e.,
w⋆ = 1

T

∑T
i=1w

t). Finally, they use w⋆ to re-
sample the training data Dtrain for training a larger
target model θ. There are other variants of GDA,
such as Optimistic GDA (Daskalakis et al., 2018)
and Smoothed GDA (Zhang et al., 2022), which
can also be used to solve Equation 1.

3.2.2 Bi-Level Optimization
Ensuring that the model is well-optimized on each
domain in the training data Dtrain implicitly as-
sumes that good optimization leads to good gen-

eralization. However, we can explicitly enhance
the model’s generalization ability by finding w⋆

that maximize its performance on the validation
data Dval. In this case, whether evaluated using
in-domain or out-of-domain validation loss, this ob-
jective can be formulated as the following standard
bi-level optimization problem (Franceschi et al.,
2017; Lorraine et al., 2019):

w⋆ ∈ argmin
w∈∆k

ℓval (ϕ
⋆(w))

s.t. ϕ⋆(w) ∈ argmin
ϕ

k∑

i=1

wiℓtrain,i(ϕ),
(2)

where ℓval (ϕ
⋆(w)) can be 1

k

∑k
j=1 ℓval,j (ϕ

⋆(w))

or 1
m

∑m
j=1 ℓ̂val,j (ϕ

⋆(w)) for considering the in-
domain validation data Din

val or the out-of-domain
validation data Dood

val .

Bi-level optimization. A bi-level optimization
problem involves a two-level hierarchical struc-
ture (i.e., outer and inner levels). The inner-level
problem is auxiliary since its solution supports the
outer-level problem in finding a better solution. In
equation 2, the inner-level problem involves obtain-
ing a good model ϕ⋆(w) trained on a combination
of multiple domain data Dtrain, weighted by do-
main weights w. The outer-level problem aims to
find the optimal domain weights w⋆ by evaluating
ϕ⋆(w) on the validation data Dval. There are three
primary frameworks for solving bi-level optimiza-
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Method Mixing law fj , j ∈ [k] The learning parameters Objective function (including aggregation function g)

DML ℓval,j (w) = cj + bj exp
(∑k

i=1 Aijwi

)
c, b ∈ Rk,A ∈ Rk×k w⋆ = minw

∑k
j=1 hjℓval,j (w)

BiMix ℓval,j (wj , s) =
Aj

w
αj
j

(
Bj

s
βj

+ Cj

)
A,B,C, α, β ∈ Rk w⋆ = minw

1
k

∑k
j=1 ℓval,j (wj , s) s.t.

∑
wj = 1

AutoScale ℓval,j (wj , D) =
(
Dj

0 + wjD
)−γj

+ cj D0, γ, c ∈ Rk w⋆ = minw
1
k

∑k
j=1 ℓval,j (wj , D) s.t.

∑
wj = 1

RegMix ℓval,j(w) = Mj(w) Regression model {Mj}kj=1 w⋆ = minw ℓval,j (w)

MDE
ℓval,j(w;MDE features) = Mj(w;L1

MDE, . . . , L
k
MDE),

where Lj
MDE = − 1

|Dval,j |
∑

x∈Dval,j

∑k
i=1 wi log pϕ⋆

i
(x)

Regression model {Mj}kj=1 w⋆ = minw
1
k

∑k
j=1 ℓval,j (w,MDE features)

Table 2: The comparison of function fitting-based methods in data mixture.

tion (BLO) problems (Zhang et al., 2023): (1) the
Implicit Function (IF)-based approach, (2) the Gra-
dient Unrolling (GU)-based approach, and (3) the
Value Function (VF)-based approach. More details
are provided in Appendix B.2.1.

Fan et al. (2023) propose DOmain reweighting
with Generalization Estimation (DoGE) to find
the optimal domain weights for LLMs pretrain-
ing, based on validation data, including Din

val and
Dout

val . To solve Equation 2 cheaply, they provide
a single-loop Gradient Unrolling (GU)-based ap-
proach, which only updates ϕ with a single stochas-
tic step in the inner problem. For the outer-level
problem, considering the in-domain validation data
Din

val = {Dval,1, · · · , Dval,k}, they update w at each
step t using a simple first-order update rule: wt =
wt−1 ⊙ exp(ηtWt), where Wt = [W t

1, · · · ,W t
k]

is a k-dimension vector in which each compo-
nent W t

i = ⟨∇ℓtrain,i(ϕ
t),

∑
j∈[k]∇ℓval,j(ϕ

t)⟩,
ℓval,j(ϕ

t) is the validation loss of ϕt on Dval,j .
Similar to DoReMi, the final domain weights are
averaged over all middle domain weights (i.e.,
w⋆ = 1

T

∑T
i=1w

t) and then used to resample the
training data Dtrain for training the target model θ.

Pan et al. (2024b) propose ScaleBiO to find the
optimal domain weights with proxy model ϕ dur-
ing the supervised instruction fine-tuning (SFT)
phase, which is also based on Din

val or Dout
val . They

adopt the Fully First-order Stochastic Approxima-
tion (F2SA) method introduced by Kwon et al.
(2023) to solve Equation 2, which is a value func-
tion (VF)-based bi-level optimization approach. By
integrating F2SA with the memory-efficient train-
ing technique LISA (Pan et al., 2024a), they suc-
cessfully scale the bi-level optimization technique
to 34-billion-parameter LLMs on eight A40 GPUs.

3.3 Function Fitting-based methods

Inspired by scaling law (Kaplan et al., 2020; Hoff-
mann et al., 2022), several studies attempt to em-
pirically learn a mapping from domain weights to

model performance by conducting multiple train-
ing runs on proxy models using different domain
weights. The resulting function enables the predic-
tion of model performance trained with arbitrary
domain weights before actual training, thereby
facilitating the identification of optimal domain
weights w⋆ for a given corpus composed of multi-
ple domains. We refer to these approaches as func-
tion fitting-based methods and the learned func-
tions as mixing laws.

In general, function fitting-based methods evalu-
ate model performance using validation loss. For
simplicity, we illustrate these methods using in-
domain validation loss (the out-of-domain case is
analogous), computed over the in-domain valida-
tion data Din

val = {Dval,1, · · · , Dval,k}. These meth-
ods typically consist of three key components for
identifying w⋆: (1) fitting a mixing law fj for each
validation domain j, j ∈ [k]:

fj ∈ argmin
fj

R∑

l=1

erf(fj(wl), ℓval,j(ϕ
⋆(wl))),

where ϕ⋆(wl) ∈ argmin
ϕ

k∑

i=1

wl,iℓtrain,i(ϕ),

(3)

where erf(·, ·) denotes an error function (e.g., mean
squared error), and each fj is fitted using R in-
put–output pairs {(wl, ℓval,j(ϕ

⋆(wl)))}Rl=1. Each
pair is obtained by training a proxy model ϕ on
Dtrain using domain weights wl, and then evaluat-
ing the resulting model ϕ⋆(wl) on Dval,j to com-
pute its average loss ℓval,j(ϕ

⋆(wl)); (2) defining
an aggregation function g to combine all mixing
laws into a single objective: g(f1(w), ..., fk(w))
to predict model performance for any given w;
(3) optimizing the objective using appropriate al-
gorithms to identify the optimal domain weights
w⋆ = minw∈∆k g(f1(w), ..., fk(w)).

Function fitting-based methods reduce the bi-
level optimization problem to a single-level one
by fitting mixing laws, which can be solved us-
ing gradient-based methods. We summarize these
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methods in Table 2. For notational convenience,
we use fj and ℓval,j interchangeably in the fol-
lowing discussion. Ye et al. (2024) propose the
Data Mixing Law (DML), modeling each mix-
ing law as an exponential function of the domain
weights w, as shown in Table 2. They adopt a
weighted sum as the aggregation function g over all
mixing laws fj , j ∈ [k]: g(f1(w), ..., fk(w)) =∑k

j=1 hjℓval,j (w), where hj denotes the propor-
tion of validation domain j in the overall valida-
tion dataset. Finally, they perform a grid search
over a set of domain weights to identify the one
that minimizes the aggregation function g as the
optimal domain weights w⋆. BIMIX (Ge et al.,
2024) and AutoScale (Kang et al., 2025) are bi-
variate data mixing laws that jointly consider do-
main weights w and training data size. BIMIX
represents data size using training steps s, whereas
AutoScale uses the number of tokens to quantify
training data size D. Both methods adopt the av-
erage sum as the aggregation function and formu-
late a constrained optimization problem: w⋆ =
min 1

k

∑k
j=1 ℓval,j(wj , s or D) s.t.

∑
wj = 1.

BIMIX solves this problem using Lagrange mul-
tipliers and numerical methods (Virtanen et al.,
2020), while AutoScale solves it using projected
gradient descent. We introduce D-CPT law (Que
et al., 2024) in Appendix B.3.1.

Two recent works learn each mixing law fj , j ∈
[k] through regression models. RegMix (Liu et al.,
2024) adopts a linear regression model or Light-
GBM—a gradient boosting algorithm that builds
an ensemble of decision trees. Instead of mini-
mizing a weighted or an average sum of all mix-
ing laws, their objective is to minimize the mix-
ing law fitted on a single validation domain, Pile-
CC. Belenki et al. (2025) also employ regression
models to learn the mixing laws. In addition to
domain weights, they propose a Mixture of Data
Experts (MDE) to approximate the cross-entropy
losses associated with domain weights and use
these approximations (i.e., the MDE features) as
additional input features. To obtain the MDE
features, they first train a set of data experts ϕ⋆

i ,
where i ∈ [k], each on a corresponding train-
ing domain Dtrain,i. Then, for each validation
domain j ∈ [k], the MDE feature is computed
as: Lj

MDE = 1
|Dval,j |

∑
x∈Dval,j

PMDE(x,w), where

PMDE (x,w) := −∑k
i=1wi log pϕ⋆

i
(x). They

adopt the average sum as the aggregation func-
tion and solve the optimization problem: w⋆ =

minw
1
k

∑k
j=1 ℓval,j (w,MDE features) using the

Vizier framework (Song et al., 2024).

3.4 Advantages and Disadvantages

Offline methods explicitly identify the optimal do-
main weights w⋆ for a corpus composed of multi-
ple domains, which can be beneficial in certain sce-
narios. For instance, publicly releasing w⋆ would
allow the research community or practitioners to
reuse them to train their own models on the same
corpus (Mehta et al., 2024).

However, all offline methods face (1) model
transfer issue: Albalak et al. (2023) demonstrates
that the optimal domain weights w⋆ may not trans-
fer well across models when adopting new model
architectures or different tokenizers. Algorithm-
based methods also face (2) model scale issue:
the optimal weights derived from a small proxy
model fail to generalize to larger target models,
even if they share the same architecture and tok-
enizer (Jiang et al., 2024; Kang et al., 2025); (3)
data scale issue: the optimal weights can shift
as the scale of the training data increases (Kang
et al., 2025). Function fitting-based methods can
potentially address issues (2) and (3) by leverag-
ing scaling laws to extrapolate the optimal weights
obtained from small-scale training to larger model
sizes and larger training data sizes, though only
DML and AutoScale explicitly incorporate this
idea into their designs. Nonetheless, function
fitting-based methods also face a scalability issue:
as the number of domains increases, the cost of
fitting mixing laws grow linearly or even exponen-
tially, making small-scale experiments expensive.

4 Online Methods

During target model θ training, online methods em-
ploy dynamic domain weights wt to effectively and
efficiently steer the target model θ toward optimal
performance. Following the framework outlined in
Algorithm 2, most online methods update θ at each
training step t (line 4 in Algorithm 2) in a similar
manner: θt = θt−1 − η

∑k
i=1w

t−1
i ∇ℓtrain,i(θ

t−1),
where η is the learning rate. The main difference
among these methods lies in how they update the
dynamic weights wt (line 6 in Algorithm 2). Based
on this difference, we categorize existing online
methods into three groups: online min-max opti-
mization, online mixing law, and other methods.
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Method The update rules of wt The value of tupdate The learning progress on each domain i

DoReMionline wt
i =

w
t−tupdate
i exp (ζV t

i )
∑k

i=1 w
t−tupdate
i exp (ξV t

i )
tupdate = 1 V t

i = max{ℓtrain,i
(
θt
)
− ℓtrain,i(θref), 0}

ShearedLLaMa wt
i =

w
t−tupdate
i exp (V t

i )
∑k

i=1 w
t−tupdate
i exp (V t

i )
tupdate > 1 V t

i = max{ℓval,i
(
θt
)
− ℓref,i, 0}

Velocitune wt
i =

w
t−tupdate
i exp(V t

i )∑k
i=1 w

t−update
i exp(V t

i )
tupdate > 1 V t

i = clamp{0, ℓval,i(θt)−ℓref,i

ℓinit,i−ℓref,i
, 1}

Table 3: Overview of three online min-max optimization methods: DoReMionline, ShearedLLaMa, and Velocitune.
These methods share a common update rule for the target model θ: θt = θt−1 − η

∑k
i=1 w

t−1
i ∇ℓtrain,i(θ

t−1),
where η is the learning rate. The dynamic domain weights wt are updated every tupdate steps based on V t

i , with ζ
denoting the learning rate for updating wt. Velocitune (Luo et al., 2024) refers to V t

i as the learning velocity of the
target model on domain i, which we interpret as a measure of learning progress.

Method The update rules of wt The learning parameter At
ij

Skill-It wt
i =

w
t−tupdate
i exp (ζ

∑k
j=1 A

t−tupdate
ij ℓval,j(θ

t))

∑k
i=1 wt−1

i exp (ζ
∑k

j=1 A
t−tupdate
ij ℓval,j(θ

t))
At

ij = ℓtval,i(w)
(
ℓT+1
val,i (1j)− ℓ1val,i (1j)

)
/ℓ1val,i (1j)

Aioli wt
i =

w
t−tupdate
i exp (ζ

∑k
j=1 A

t−tupdate
ij )

∑k
i=1 wt−1

i exp (ζ
∑k

j=1 A
t−tupdate
ij )

Aij is fitted from ℓt+1
val,j(w) = ℓtval,j(w)−∑k

i=1 A
t
ijw

t
i

Table 4: Overview of two online mixing law methods: Skill-It and Aioli. We provide a simplified version of each
method to highlight its main components. Both approaches update the dynamic domain weights wt with tupdate > 1.
ζ denotes the learning rate for updating wt. T denotes the total number of updates to the domain weights wt.

4.1 Online Min-Max Optimization Methods

Gradient manipulation methods in MTL, such as
MGDA (Désidéri, 2012) and FAMO (Liu et al.,
2023b), solve the min-max problem in Equation 1
in an online fashion; further details are provided
in Appendix C.1.1. Therefore, these methods can
be viewed as online approaches applicable to the
data mixture problem. Building on this insight,
MFTCoder (Liu et al., 2023a) applies FAMO to
multi-task instruction tuning for code LLMs, re-
placing the training loss with the validation loss for
each domain when updating the domain weights
wt across different domains.

Similarly, DoReMi (Xie et al., 2023) can also
be operated in an online fashion by replacing the
proxy models used for optimizing domain weights
with the target model itself, enabling joint optimiza-
tion of both domain weights and the target model
throughout training. Consequently, some recent
works (Chen et al., 2024; Belenki et al., 2025) clas-
sify it as an online method. ShearedLLaMa (Xia
et al., 2024) improves upon this online version of
DoReMi (referred to as DoReMionline) by using the
loss predicted by a fitted scaling law on each do-
main as reference loss and also replacing training
loss with validation loss for each domain when up-
dating wt during continued pretraining of LLMs.

Luo et al. (2024) proposed Velocitune, a method
that improves upon ShearedLLaMa. They intro-
duce the concept of learning velocity, defined as:

V t
i =

ℓval,i(θt)−ℓref,i

ℓinit,i−ℓref,i
, i ∈ [k], to dynamically quan-

tify how much the model has yet learned from each
domain and then will be used to adjust the domain
weights wt accordingly. ℓinit,i denotes the initial
validation loss of the model θ on each domain i,
while ℓref,i is the reference loss, representing the
final loss that the model is expected to achieve on
each domain. As in ShearedLLaMa, the value of
ℓref,i is predicted using a scaling law on each do-
main, providing a cost-efficient estimation of the
final loss. We summarize different rules for updat-
ing wt across these methods in Table 3 to facilitate
comparison; see Appendix C.1.2 for more details.

4.2 Online Mixing Law Methods
Chen et al. (2024) provide a unified perspective on
several data mixture methods—including DML (Ye
et al., 2024), DoReMionline, and Skill-It (Chen et al.,
2023)—by interpreting them as instances of op-
timizing a class of online mixing laws. These
online mixing laws take the form of ℓt+1

val,j(w) =

ctj + btjσ
(∑k

i=1−At
ijw

t
j

)
, j ∈ [k], where the ma-

trix At ∈ Rk×k and the vectors bt, ct ∈ Rk are
mixing law parameters specified by the respec-
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tive methods. The function σ : R → R is ei-
ther the identity function or the exponential func-
tion. By empirically examining their mixing law
parameters with this unified formulation, Chen
et al. (2024) observe that these approaches spec-
ify the mixing law parameters inaccurately and re-
sult in poor performance. To address this problem,
they propose a simple online data mixing method
AIOLI, directly fitting linear mixing laws (i.e., σ
is the identity function) with the history of vali-
dation losses and domain weights during training:
ℓt+1

val,j(w) = ℓtval,j(w) − ∑k
i=1A

t
ijw

t
i , ∀j ∈ [k]

and uses the fitted laws to dynamically adjust do-
main weights wt. We provide a comparison be-
tween Skill-It and Aioli in Table 4.

4.3 Others

ODM (Albalak et al., 2023) and ADO (Jiang et al.,
2024) adopt alternative strategies for dynamically
adjusting domain weights during the training of
the target model, differing from the two categories
discussed earlier. Due to space constraints, we
describe these methods in detail in Appendix C.2.

4.4 Advantages and Disadvantages

Compared to offline methods, online methods do
not suffer from scale-up issues. When updating
wt, however, if the update rule involves comput-
ing model gradients, the computational overhead
can be high. If it relies only on the model’s loss,
the overhead is generally lower, though it can still
be significant depending on the specific implemen-
tation. This overhead can be mitigated by updat-
ing the weights intermittently—every tupdate steps,
where tupdate > 1—instead of every step. Another
limitation is that when out-of-domain loss is used
to evaluate model performance, only online mix-
ing law methods are applicable, while most other
online methods (e.g., online min-max optimization
methods) cannot be used in this setting.

5 Challenges and Future Directions

5.1 Difficulty in finding the optimal domain
weights

Offline methods assume that there exist optimal
static domain weights w⋆ for a given corpus Dtrain
composed of different domains that lead to the best-
performing model. Jiang et al. (2024) argue that
the optimal domain weights w⋆ on Dtrain form a
fixed, stationary curriculum throughout the training
process, where models are progressively exposed

to each domain in a curated order, which is closely
related to curriculum learning (Bengio et al., 2009)
and empirically demonstrate the existence of ef-
fective training curricula. However, identifying
the globally optimal curriculum is computationally
challenging, making it highly unlikely to be found.
This raises the question of how to identify a good
curriculum in a computationally efficient manner.
In response, Jiang et al. (2024) suggest adopting
an online strategy for optimizing domain weights
and training large language models, which could ef-
fectively identify good curricula while minimizing
computational costs.

5.2 The natural domain

Most existing works optimize domain weights to
the natural domains of the data, which could bring
two issues: (1) The natural domains are typically
at a coarse-grained level, which should be divided
into fine-grained domains to allow for gains from
applying various algorithms. For example, the
GLaM dataset (Du et al., 2022) has 8 domains,
while the Pile (Gao et al., 2020) is constructed from
22 diverse domains. The DoReMi algorithm (Xie
et al., 2023) performs better on the Pile than on the
GLaM dataset. (2) How can we find fine-grained
domains in the training data? One direct way is
through clustering (Oren et al., 2019; Gururangan
et al., 2023; Chen et al., 2023). In Gururangan et al.
(2023), the authors split a corpus into segments and
use the embeddings of these segments as sample
features to run k-means clustering algorithms for
unsupervised domain discovery. Chen et al. (2023)
explore several sample features for clustering the
data, including the embedding of the last token, the
average token, the last token of the training sample,
and the loss trajectory of the training sample over
multiple runs. They find that using the loss trajec-
tory as the sample feature significantly outperforms
the other metrics.

5.3 Loss metrics vs. Task performance

To determine the optimal domain weights, loss met-
rics, such as training loss or validation loss, are
often used as surrogate objectives for the down-
stream task performance to evaluate the model dur-
ing training. However, does the model trained with
the optimal domain weights found by evaluating
the loss really perform well on the downstream
tasks? Gadre et al. (2024) explore this issue within
the framework of scaling laws. They find that the
perplexity of a language model can be related to
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its downstream task performance via a power law,
demonstrating that it is reasonable to use loss met-
rics as surrogate objectives for downstream task
performance when determining the best training
variables, such as model size or dataset size. How-
ever, the optimal domain weights found by most
methods in data mixture are only slightly better
than uniform sampling (Jiang et al., 2024), or even
worse than uniform sampling (Chen et al., 2024).
We think it is worth exploring the relationship be-
tween loss metrics and task performance under the
data mixture setting.

6 Conclusion

We provide an overview of existing data mixture
methods from an algorithm perspective in this pa-
per. We first propose a fine-grained categorization
of existing methods, extending beyond the previ-
ous offline/online classification. We divide offline
methods into heuristic-based, algorithm-based, and
function fitting-based methods. We categorize on-
line methods into three groups—online min-max
optimization, online mixing law, and other ap-
proaches—by drawing connections with the op-
timization frameworks underlying offline methods.
We then summarize the problem formulations, rep-
resentative algorithms for each subtype of offline
and online methods, and clarify the relationships
and distinctions among them. Finally, we discuss
the advantages and disadvantages of each method
and highlight key challenges in data mixture.

Limitation

We only provide insights into data mixture prob-
lems from theoretical perspectives and do not con-
duct any empirical studies. Most existing methods
emphasize their own strengths, but their compar-
isons are not aligned in terms of experimental set-
tings, such as model type, model scale, and training
data scale. Even though we discuss the advantages
and disadvantages of each method, we have not
sufficiently compared them from an experimental
perspective.
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A Static Weights vs. Dynamic Weights

Static weights. Static weights are primarily used
to combine the training data Dtrain by assigning
fixed sampling probabilities to each domain during
model training. These weights remain unchanged
throughout the entire training process. In offline
methods, the optimal domain weights w⋆ used to
train the target model are considered static weights.

Dynamic weights. Dynamic weights are adap-
tively updated during model training, in contrast
to static weights that remain fixed. However, di-
rectly adjusting the data mixing ratio for all do-
mains within each mini-batch during training is not
straightforward. A more common approach is to
apply uniform sampling to sample all domains in
Dtrain and alter the data contribution through dy-
namic weighting of the loss function, which can be
expressed as:

∑k
i=1w

t
iℓtrain,i(θ

t). Here ℓtrain,i(θ
t)

represents the average loss of θt on the i-th domain
of the mini-batch data at each training step t. The
domain weights wt used in online methods are typ-
ically dynamic weights, which will be updated at
each training iteration or a fixed interval tupdate.

B Offline Methods

B.1 Heuristic Methods

Heuristic-based methods, such as uniform sam-
pling and proportional sampling, determine domain
weights based on simple heuristics.

Uniform sampling defines the optimal static do-
main weights w⋆ = [ 1k , . . . ,

1
k ] when mixing k

training domains Dtrain = {Dtrain,1, . . . , Dtrain,k}.
Proportional sampling is commonly used in large-
scale training, where domain weights are set in pro-
portion to token counts. Specifically, the best do-
main weights w⋆ are defined as w⋆

i =
|Dtrain,i|∑k

j=1 |Dtrain,j |
,

i ∈ [k], where |Dtrain,i| denotes the number of to-
kens in each training domain data Dtrain,i.

The domain weights in these methods remain
fixed rather than being optimized and thus they
do not rely on proxy models. Considering that
they can be implemented by omitting line 3 from
Framework 1, and for the sake of completeness in
our framework, we treat them as degenerate cases
of offline methods.
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B.2 Algorithm-based Methods
B.2.1 Bi-level Optimization

w⋆ ∈ argmin
w∈∆k

ℓval (ϕ
⋆(w))

s.t. ϕ⋆(w) ∈ argmin
ϕ

k∑

i=1

wiℓtrain,i(ϕ).
(4)

There are three primary optimization frame-
works (Zhang et al., 2023) used to solve the bi-
level optimization problems: the Implicit Func-
tion (IF)-based approach, the Gradient Unrolling
(GU)-based approach, and the Value Function (VF)-
based approach. The primary obstacle hindering
the scalability of bi-level optimization stems from
the interdependence between the outer-level and
inner-level problems. This mutual dependency in-
troduces significant computational challenges, such
as the need to compute the Hessian and Jacobian,
especially when handling large-scale problem in-
stances. The first two classes both leverage (some
approximated version of) the Implicit Gradient
(IG). The key difference is how the IG approxi-
mation is conducted: One directly assumes that
a given procedure can provide a high-quality so-
lution to the inner-level problem, while the other
approximates the inner-level solution by unrolling
a given algorithm for a fixed number of steps. The
Value Function (VF)-based approach reformulates
the bi-level optimization as a single-level regular-
ized optimization problem, which offers flexibility
in handling inner-level constraints.

B.3 Function Fitting-based Methods
B.3.1 The D-CPT law
Que et al. (2024) study mixing laws for Domain-
Specific Continual Pre-Training (D-CPT) by fol-
lowing the Chinchilla scaling law (Hoffmann et al.,
2022). In the simplest scenario, where the train-
ing data consists of a general corpus Dtrain,0 and
a domain-specific corpus Dtrain,1, they model the
mixing law fj , j ∈ {0, 1} as:

ℓval,j(wj , D,N) = Ej +
Aj

Nαj +
Bj · wη

j

Dβj +
Cj

w′
j

,

(5)
where D is dataset size, N is model size, w′

j =
wj + ϵ, and ϵ is a small constant used to ensure the
stability of ℓval,j(N,D,wj) when wj approaches
zero. The set of parameters E,A,B,C,α,β,η ∈
R2 is learned by fitting the model using the L-
BFGS optimization algorithm (Liu and Nocedal,
1989).

They propose three designs for the aggrega-
tion function g to obtain the optimal static do-
main weights w⋆. Among them, the most
widely adopted strategy typically considers a
trade-off between the general and domain-specific
abilities of the model after Continued Pre-
Training. In this approach, the optimal pro-
portion for the domain corpus is determined
as w⋆

1 = argmin
w1

ℓval,1 (N = N0, D = D0, w1)

s.t.
ℓval,0−ℓ0val,0

ℓ0val,0
< T , where T denotes a threshold

that constrains the degradation in the model’s gen-
eral ability. Therefore, the optimal domain weights
is w⋆ = (1− w⋆

1, w
⋆
1).

C Online Methods

C.1 Online Min-Max Optimization Methods

C.1.1 Gradient Manipulation Methods
A class of methods in multi-task learning, known as
gradient manipulation methods, solves Equation 6
by finding a new update dt at each step in an online
fashion to prevent task optimization unbalance:

min
θ

max
wt∈∆k

k∑

i=1

wt
if

t
i (θ), (6)

where f t
i (θ) is related with ℓttrain,i(θ). In a gradient

descent style iterative update: θt+1 = θt − ηdt,
η is the learning rate, dt =

∑
iw

t
i∇ℓttrain,i(θ).

There are several approaches (Désidéri, 2012; Liu
et al., 2021a,b) targeting to improve the "worst-case
improvement" among all tasks, where f t

i (θ) =
ℓttrain,i(θ)− ℓttrain,i+1(θ). Yu et al. (2020) propose
a form of gradient surgery to avoid detrimental
gradient interference, also helping improve the
"worst improvement" across all tasks. Liu et al.
(2023b) propose a method called FAMO to opti-
mize the "largest worst-case improvement rate"
across all tasks to achieve better task balance,
f t
i (θ) = (ℓttrain,i(θ)− ℓttrain,i+1(θ))/ℓ

t
train,i(θ).

C.1.2 Comparison of Online Min-Max
Optimization Methods

DoReMionline jointly optimizes both the target
model θ and the domain weights w during training.
Following the framework of Algorithm 2, the target
model θ is updated as

θt = θt−1 − η

k∑

i=1

wt−1
i ∇ℓtrain,i(θ

t−1),
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while the dynamic domain weights wt are updated
according to

wt =
αt

∑k
i=1 α

t
i

, where αt =

αt−1 exp (ζmax{ℓtrain,i
(
θt)− ℓtrain,i(θref), 0}),

where ζ is a step size, and θref is a pre-trained
reference model, typically of the same size as the
target model θ. The reference model’s training loss
ℓtrain,i(θref) serves as a baseline for evaluating the
target model’s current performance. More specifi-
cally, the excess loss ℓtrain,i(θ

t)− ℓtrain,i(θref) mea-
sures how much the target model has yet to learn
from domain i. For ease of comparison with Veloci-
tune (Luo et al., 2024), we also denote this quantity
as: V t

i = ℓtrain,i(θ
t)− ℓtrain,i(θref).

Training a reference model θref to obtain base-
line losses for evaluating the learning progress
of the target model on each domain can be
prohibitively expensive. To reduce this cost,
ShearedLLaMa (Xia et al., 2024) improves upon
DoReMionline by using losses predicted by a fit-
ted scaling law for each domain as the reference
losses. Additionally, it replaces the training loss
ℓtrain,i(θ

t) with the validation loss ℓval,i(θ
t) when

dynamically updating the domain weights wt to op-
timize the generalization ability of the target model
(i.e., V t

i = ℓval,i(θ
t)− ℓref,i).

Velocitune (Luo et al., 2024) introduces a more
precise metric to measure how much the target
model has yet to learn from each domain, defined

as V t
i =

ℓval,i(θt)−ℓref,i

ℓinit,i−ℓref,i
, i ∈ [k], where ℓinit,i denotes

the initial validation loss for domain i, and ℓref,i de-
notes the reference loss. Similar to ShearedLLaMa,
ℓref,i is estimated using a fitted scaling law on each
domain i, providing a cost-efficient approximation
of the desired learning target for each domain.

C.2 Others
C.2.1 Online Data Mixing (ODM)
Albalak et al. (2023) propose an efficient method,
Online Data Mixing (ODM), which leverages
multi-armed bandit (MAB) algorithms by treating
each data domain as an arm. In ODM, the principle
of updating wt at each training step t is to increase
the mixing ratio for domains that provide the most
valuable information for model training. Drawing
from information theory that perplexity can be in-
terpreted as the expected information gain from
learning the next token, they use the training loss
per domain as a reward signal. The ODM method

is ultimately modified based on the Exponential-
weight algorithm for Exploration and Exploitation
(Exp3) (Auer et al., 2002), with the key difference
being that ODM employs a moving average esti-
mated reward instead of a cumulative estimated re-
ward, paying more attention to the recent rewards.

C.2.2 Adaptive Data Optimization (ADO)
Jiang et al. (2024) propose Adaptive Data Optimiza-
tion (ADO), where they adjust the dynamic weights
wt at a fixed interval tupdate by fitting a domain scal-
ing law for each domain. The domain scaling law
predicts the i-th domain’s training loss after train-
ing on n samples: ℓ̂train,i(n) = ℓ̂ (n;αi, βi, εi) =
εi + βin

−αi , εi corresponds to the estimated irre-
ducible loss of domain i. The derivative of the
loss to the number of samples can be interpreted as
follows:

dℓ̂train,i(n)

dn
=

−αiβin
−αi

n

= − 1

n
αi︸︷︷︸

Learning speed

(
ℓ̂train,i(n)− εi

)

︸ ︷︷ ︸
Reducible loss

To determine wt during model training, they define
a preference distribution

ρti ∝ −µi
∂

∂n
ℓ̂train,i(n)λ

t
i, (7)

here µi is the prior domain weights, and
∂
∂n ℓ̂train,i(n) is the learning speed forecast by a
scaling law. λt

i is a credit assignment score for
domain i, which is a real positive-valued function
that indicates how much data from the i-th domain
contributed to recent changes in the loss Li. The in-
tuition behind ADO is to prioritize sampling from
a domain i if the model is decreasing its loss Li

quickly, but only if that decrease can be attributed
to data from domain i. The dynamic weights wt

is a linear combination of the moving average of
preference policy ρt at every step.

D Differences between the previous
survey paper and our paper

Albalak et al. (2024) is a comprehensive survey
on data selection, with data mixture being a small
part of it. They categorize existing data mixture
methods into two main types: offline methods and
online methods. For each category, they discuss a
limited number of methods, mainly because there
were not many related works available at that time.
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For our survey paper, we propose a fine-grained
categorization of existing data mixture methods,
extending beyond their offline and online classifi-
cation to include and contextualize a broader range
of recent and subsequent developments. Specifi-
cally, we divide offline methods into three subcate-
gories: heuristic-based, algorithm-based, and func-
tion fitting-based methods. For algorithm-based
methods, we systematically analyze their connec-
tions to min-max optimization and bi-level opti-
mization. For function fitting-based methods, we
identify three key components and present a formal
problem formulation. We further compare min-
max optimization methods, bi-level optimization
methods, and function fitting-based approaches,
and highlight their interrelationships. In particu-
lar, we point out that the key distinction between
min-max and bi-level optimization lies in how the
optimal domain weights are defined, while func-
tion fitting-based methods convert the bi-level opti-
mization problem into a single-level problem via
function fitting.

We further draw connections between online
methods and the optimization frameworks under-
lying offline methods by interpreting most online
approaches as online variants of offline techniques.
Based on this perspective, we categorize online
methods into three groups: online min-max opti-
mization, online mixing law, and other methods.
We also provide a systematic comparison and sum-
mary of online min-max optimization methods and
online mixing law methods, highlighting their dif-
ferences in objective design, update strategies.

Finally, we survey these methods primarily
from an algorithmic perspective, aiming to pro-
vide deeper understanding and valuable insights
into optimization strategies for data mixture, as we
believe they are applicable to any stage of model
training.
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