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Abstract

The capabilities of large language models (LLMs) significantly depend on training1

data drawn from various domains. Optimizing domain-specific mixture ratios can2

be modeled as a bi-level optimization problem, which we simplify into a single-3

level penalized form and solve with twin networks: a proxy model trained on4

primary data and a dynamically updated reference model trained with additional5

data. Our proposed method, Twin Networks for bi-level DatA mixturE optiMiza-6

tion (TANDEM), measures the data efficacy through the difference between the7

twin models and up-weights domains that benefit more from the additional data.8

TANDEM provides theoretical guarantees and wider applicability, compared to9

prior approaches. Furthermore, our bi-level perspective suggests new settings to10

study domain reweighting such as data-restricted scenarios and supervised fine-11

tuning, where optimized mixture ratios significantly improve the performance.12

Extensive experiments validate TANDEM’s effectiveness in all scenarios.13

1 Introduction14

The success of large language models (LLMs) largely relies on extensive training data collected from15

diverse domains, including chat logs [16], academic writings [31], mathematical problems [43], and16

code repositories [19]. The emergent capabilities observed in LLMs are substantially influenced by17

the specific composition of cross-domain corpora [12, 37]. Therefore, it is important to carefully18

balance the proportions of domain-specific data in training sets to ensure models develop intended19

and balanced capabilities for target domains.20

Optimizing the mixture ratios of data domains can be formulated as a bi-level optimization problem,21

in which the inner loop optimizes model parameters for a fixed ratio on training data, while the outer22

loop searches for the best mixture ratio on validation data. Due to the difficulty of exactly solving this23

bi-level problem, we transform it into a single-level optimization problem. Specifically, the inner-level24

optimization is viewed as a Lagrangian penalty within the outer-level objective. This perspective25

naturally motivates the introduction of twin networks: a proxy model trained exclusively on the26

primary training data, and a reference model exposed to additional validation data. Interestingly,27

this twin-network formulation relates closely to prior methods such as DoReMi [36] and DoGE28

[7], offering insights into addressing their limitations. Based on this formulation, we propose Twin29

Networks for bi-level DatA mixturE optiMization (TANDEM), an algorithm that measures the30

domain data efficacy through the twin models’ disparities and ultimately approximates the original31

bi-level optimization problem. Unlike DoReMi, which employs a static reference model, TANDEM32

dynamically updates both models. Additionally, TANDEM enhances stability and provides theoretical33

convergence guarantees compared to DoGE, as it aggregates multiple updating steps and avoids34

relying directly on gradient estimation, thereby mitigating issues related to high variance.35
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(a) The Two-Stage DMO.

Proxy Model
steps  steps  steps  steps  steps  

Ref. Models

Mixture Ratio

Time

Update Ratio    Update Ratio    Update Ratio    
books

wiki

cc
books

wiki

cc
books

wiki

cc
books

wiki

cc

books
wiki

cc

Mixture
Ratio

Stage Two

Full LLM training with the 
learned mixture ratio. 

Stage One

Data mixture ratio learning 
with TANDEM

(b) Computation Procedure of TANDEM

Figure 1: (a) The two-stage data mixture optimization. Optimal mixtures are first learned and then
utilized to train the final model. (b) The computation procedure of TANDEM, twined proxy model
(green) and reference model (orange) are used to determine the update of the mixture ratio (pink).

The bi-level formulation also emphasizes that future research on data domain weighting could focus36

more on scenarios with limited domain-specific data and supervised fine-tuning (SFT), rather than37

exclusively on traditional pretraining settings with abundant data. From a bi-level optimization38

viewpoint, assigning equal mixture ratios becomes a valid solution for single-epoch training when39

domain data is abundant, aligning with recent empirical findings highlighting uniform mixing40

strategies as competitive baselines [2]. Despite the prevalence of big data, limited data scenarios41

are quite common, particularly within specific domains, since large datasets frequently consist of42

many heterogeneous smaller datasets [32]. Furthermore, SFT often requires domain data to be43

visited multiple times, which creates generalization gap that leads to non-trivial solution for the44

bi-level problem. It is precisely in these cases that optimizing data mixture ratios can yield significant45

improvements.46

While previous methods like DoReMi and those built on data mixing laws [39, 22, 14] are not directly47

applicable to these newer scenarios, TANDEM can be effectively extended. Our experimental results48

demonstrate TANDEM’s effectiveness in such settings.49

Our contributions can be summarized as follows:50

• We introduce TANDEM, an effective and efficient algorithm for data mixture optimization51

that utilizes twined proxy and reference networks to approximate the bi-level objective.52

TANDEM enjoys theoretical convergence guarantees.53

• We highlight that data mixture optimization is particularly beneficial in scenarios with54

limited data availability rather than traditional pretraining setups with abundant domain data.55

• We empirically demonstrate TANDEM’s effectiveness across standard and data-limited56

scenarios, showing its superiority over a set of competitive data mixture optimization57

methods.58

2 Methodology59

We formulate the problem of finding the optimal data mixture ratio as bi-level optimization. To solve60

the problem, we propose our penalty-based algorithm TANDEM, as presented in Figure 1(b) and61

Algorithm 1 in Appendix A. TANDEM draws insights from many previous works, while improveing62

upon them. Besides, by inspecting the bilevel optimization formulation, we suggest broadening the63

scope of research on data mixture optimization under limited-domain data and supervised fine-tuning64

(SFT), rather than focusing solely on conventional data-rich pretraining settings. The notations used65

in this paper are summarized in Appendix F.66

2.1 Problem Formulation67

Consider training an LLM on a data composition from M domains, {D1,D2, . . . ,DM} (e.g.68

Wikipedia, CommonCrawl). Data mixture optimization (DMO) refers to the problem of finding69
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the optimal proportions of data for each domain ↵ = [↵1,↵2, . . . ,↵M ] over probability simplex70

A := {↵ 2 RM |
PM

m=1 ↵m = 1,↵m � 0}. For any data mixture ratio ↵, and its correspond-71

ing model parameter w(↵) obtained by training loss, our goal is to minimize the validation loss72

Lval(w(↵)) over ↵. The optimization problem is formulated as follows:73

min
↵2A

Lval(w(↵)) :=
MX

m=1

Lm
val (w(↵)) s.t. w(↵) 2 argmin

w
Ltrain(↵,w) :=

MX

m=1

↵mLm
train(w). (1)

By splitting the data into training and validation sets, we can construct the validation and training74

loss Lm
val(w) and Lm

train(w) on domain Dm. Intuitively, in the bi-level problem, the outer level75

problem seeks the optimal domain weights for validation loss with the model weights obtained by76

the inner level reweighted training loss. Similar to [36, 7], given the learned final mixture ratio ↵⇤,77

we construct the final training set by sampling D↵⇤ , PM
m=1 ↵

⇤ ·UNIF (Dm) upon which the final78

model is trained (Figure 1(a)).79

2.2 Twin Networks for Bi-level Data Mixture Optimization80

Solving the bi-level optimization problem (1) is challenging due to its nested structure. By viewing81

the inner-level problem as a constraint and subsequently incorporating it into the outer-level problem82

as a Lagrangian penalty, (1) can be reformulated as a single-level problem [28, 17]:83

min
↵2A,w

H�(↵,w) := Lval(w) + �

⇣
Ltrain(↵,w)�min

u
Ltrain(↵,u)

⌘
. (2)

Here, the auxiliary variable u is introduced as a proxy of w(↵) 2 S
⇤(↵) := argminw Ltrain(↵,w).84

The constrain in (1) is transferred into the penalization Ltrain(↵,w)�minu Ltrain(↵,u). Clearly,85

by properly invoking � ! 1, the solution of (2) will approximate the original (1). This claim is86

justified by Proposition 3 in [28]. We refer readers to the Appendix A for more information.87

Next, we proceed to illustrate our algorithm of optimizing penalized Lagrange problem (2).88

Algorithm Procedure Besides the mixture ratio ↵, optimizing (2) deals with two LM models: the89

proxy model u and a reference model w. As shown in Figure1(b), the optimization processes of ↵,90

w, and u are indexed by t, k and k.91

Update on u: Firstly, given a data mixture ratio ↵(t), we find the u 2 argminu Ltrain(↵(t)
,u) in92

the penalization term under certain mixture ratio ↵. Our u is updated for K steps to approximate the93

optimal one:94

u(t)
k+1 = u(t)

k � ⌘uruLtrain

⇣
↵(t)

,u(t)
k

⌘
(3)

(green line with arrow in Figure 1(b)). The proxy model is trained on the whole training set and95

maintained through the DMO process.96

Update on w: w serves as a reference model updated on both the training and the validation sets.97

Similar to the proxy model u, w is updated for K steps before one data mixture ratio ↵ update,98

which is used optimize the inner problem of penalized problem (2):99

w(t)
k+1 = w(t)

k � ⌘w

⇣
rwLval

⇣
↵(t)

,w(t)
k

⌘
+ �rwLtrain

⇣
↵(t)

,w(t)
k

⌘⌘
. (4)

(orange line in Figure 1(b)). Intuitively, training w for multiple steps provides more subtle guidance100

for mixture ratio update as will be elaborated in the ↵ update part.101

Unlike the proxy model u, which is maintained throughout training (green line in Figure 1(b)), we do102

not maintain an independent reference model w, but rather synchronize the starting point of w and u103

by setting w(t)
0 = u(t)

0 as a initialization of the K w updates. By doing so, we control the disparity104

between w and u during the optimization. Intuitively, w and u should not diverge from each other as105

u acts as a proxy of w(↵) 2 S
⇤(↵) and w approximates w⇤

�(↵) 2 S
⇤
�(↵) := argminw H�(↵,w).106

Clearly, the ideal w⇤
�(↵) under penalized problem will approximate the w↵ when � ! 1, since the107

penalized Lagrange problem (2) approximates the original problem (1).108

Update on ↵: The mixture ratio update in (5) seeks a solution of (2). That says, a data mixture ratio109

yields a trained model with good performance on data from the validation set under all domains. The110
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Table 1: Summary of � in DoReMi, DoGE and TANDEM.
All three methods update ↵ with two models.

Method Hyper-gradient �

DoReMi �max{L1:M
train (↵

(t),u(t))| {z }
proxy model

�L1:M
train (↵̄, w̄)| {z }

reference model

, 0}

DoGE L1:M
train (↵

(t),u(t) � ⌘rLval(u
(t)))| {z }

reference model

�L1:M
train (↵

(t),u(t))| {z }
proxy model

TANDEM L1:M
train (↵

(t),w(t)
K )

| {z }
reference model

�L1:M
train

⇣
↵(t),u(t)

K

⌘

| {z }
proxy model

Figure 2: SFT exhibits higher gra-
dient variance than pretraining

update rule of is given by the following projected gradient descent:111

↵(t+1) = ⇧A

0

BB@↵(t) � ⌘↵�

0

BB@L1:M
train

⇣
↵(t)

,w(t)
K

⌘

| {z }
reference model

�L1:M
train

⇣
↵(t)

,u(t)
K

⌘

| {z }
proxy model

1

CCA

1

CCA (5)

(Pink line in Figure 1(b).) The post-updated u(t)
K and w(t)

K are applied to capture the domain-wise loss112

difference Lm
train(w

(t)
K ) � Lm

train(u
(t)
K ). Since the u(t)

K and w(t)
K are respectively trained on training113

set and training set plus validation set, the aforementioned gap captures the gain of incorporating the114

additional validation data. Larger loss differences indicate that the model gets significant improved115

by consuming more data, thus the corresponding domains are up-weighted.116

In each episode t, K steps training on u and w are conducted to probe the proper direction of ↵117

update. Notably, the proxy model u and reference model w are synchronized at the beginning of118

probing, forming a Twin Networks for bi-level DatA mixturE optiMization (TANDEM) framework.119

Since the updating of ↵ requires u,w probing, in practice, we decrease the frequency of updating ↵120

to reduce the computational cost, and leave the proxy model u trained freely for E steps before the121

next ↵ update. Altogether the updates of u, w, ↵, the data mixture optimization (DMO) problem122

can be solved efficiently. The overall computation graph of TANDEM is outlined in Figure 1(b), and123

a detailed workflow is summarized in Algorithm 1 in Appendix A.124

Convergence Analysis Next, we explore the convergence rate of our proposed method. For a125

non-convex bi-level optimization problem, it is standard to study its first-order stationary convergence126

result e.g., [28, 17]. Notably, our problem (2) is a constrain problem over ↵ 2 A. Thus, it should be127

considered in first-order stationary condition as in [8, 28]. The convergence result of our method is128

summarized in the following theorem.129

Theorem 1 (Informally). For sufficiently large T , under mild assumptions (Detailed in Appendix A),130

for ↵(t) obtained in TANDEM Algorithm 1, the problem (1) converge to its first-order stationary131

point in the rate of O(T� 1
4 )by properly selecting �,K,E, ⌘↵, ⌘w, and �u.132

The proof is left in Appendix A. Theorem 1 indicates that TANDEM theoretically ensures the133

optimality of the learned mixture ratio.134

2.3 TANDEM Improves Existing DMO Methods135

We discuss the relationship between TANDEM and two existing methods, DoReMi [36] and DoGE [7].136

By comparing the hyper-gradient � 1 that determines ↵ updates in different methods, we show that137

our TANDEM draws common insights from previous works and improves upon them.138

DoReMi updates the mixture ratio according to the excess loss of a proxy model u relative to a139

reference model w̄ trained on uniformly sampled data. DoGE [7] pioneers bilevel optimization to140

settle data mixtures and tracks the influence [26] of each domain on the validation data. Specifically,141

1DoReMi and DoGE utilize exponential gradient descent to update ↵ where ↵(t+1) / ↵(t) exp(�⌘↵�)
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�DoGE =
⌦
rLtrain

�
↵(t), u(t)

�
,rLval

�
↵(t), u(t)

�↵
. The inner product h·i is essentially a first-142

order approximation of the domain-wise loss difference between a proxy model and a reference143

model, where the reference model is obtained by one-step update on the validation data.144

Outlined in Table 1, we see that � of all three methods takes the form of per-domain loss difference145

between a proxy model and a reference model. Nevertheless, contrasting DoReMi which adopts146

a fixed reference model, the reference model w in TANDEM is dynamic, which better captures147

the current training status. In its original form, DoGE inurs significant computational and memory148

overhead as it maintains the per-domain gradients. Relaying explicitly on the gradient estimation149

makes it vulnerable to instability issues in high gradient variance scenarios like supervised fine-150

tuning (SFT). Our TANDEM, in the contrary, better adapts, as increasing the probing step K helps151

reduce the variance on � as will be elaborated in Section 4.3. In Figure 2, we show that SFT exhibits152

higher gradient variance than pretraining. The alignment of g1 and g2 cos(g1, g2) is used as a proxy153

of the gradient variance, where g1 and g2 are gradients evaluated on different batches and lower154

alignment cos(g1, g2) indicates larger gradient variance.155

2.4 Domain Reweighting Beyond Traditional Settings156

In the above, we discuss our method to design the data mixture ratio by solving bi-level problem (1).157

The circumstances under which DMO is most effective remain to be explored. Theoretically, the158

standard training setting sets ↵m = 1/M for every m. Let us check the following proposition.159

Proposition 1. Assume Lm
train = Lm

val, the uniform data mixture ratio ↵̄m = 1
M for m = 1, . . . ,M160

constitutes a valid solution of the bilevel mixture optimization (1).161

The proof is left in Appendix B. As can be seen, when the generalization gap |Lm
val � Lm

train| goes to162

zero, uniform weighting emerges as a valid solution, so that the reweighting becomes less significant.163

This aligns with the empirical observations that uniform weighting is highly competitive that many164

DMO methods can not consistently outperform [2]. In conventional pretraining scenarios with165

abundant data in each domain, the generalization gap is indeed small under one-epoch training.166

However, when there is limited data in specific domains or the trained model overfits to some domain,167

since both phenomenons result in a large generalization gap, the reweighting technique over data168

domains becomes significant. In fact, even though LLMs are trained on massive datasets overall, it is169

common for specific domains to be relatively small e.g., specialized scientific literature, low-resource170

languages, or domain-specific user interactions. In practice, the data-restricted scenario is ubiquitous.171

Furthermore, in SFT, repeated passes over the same domain data exacerbate overfitting and widen the172

generalization gap [9], which presents more interesting opportunities for domain reweighting.173

3 Related Work174

Data mixture optimization is drawing increasing attention to design LLMs with comprehensive175

and balanced capabilities. Our work follows the recent trend of formulating the DMO as a bilevel176

optimization. We summarize the related literature from these two strands of research in the following.177

Data Mixture Optimization Conventional industry practices determine the optimal cross-domain178

composition with human expertise [6, 33, 10]. To circumvent the exhaustive trial-and-error, various179

heuristics has been explored. DoReMi [36] settles the mixture ratio by minimizing the worst-domain180

excess loss relative to a well-trained reference model, perusing good performance in all domains.181

[22, 39, 14] fit global data mixing laws, predict the performance on other mixtures and search for182

those with good performances. Skill-It [3] trains several models to fit an inter-domain relation matrix,183

which is later used to establish a local data mixing law that predicts the per-domain loss given certain184

data mixture and the current model loss. Aioli [2] improves Skill-It by dynamically updating the185

inter-domain relation matrix according to current model states. Nevertheless, these approaches remain186

theoretically ungrounded due to their inductive nature, and incorporating the fitting of the mixing187

law incurs additional approximation error. DOGE [7] pioneers bi-level optimization to settle data188

mixtures and tracks the influence [26] of each domain on the validation data. However, assessing the189

influence relies directly on the per-domain gradient estimation, which undermines its efficacy in high190

gradient variance scenarios while incurring large computational and memory overhead.191
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Figure 3: Step-wise data mixture ratio evolution under three scenarios. (a) data-abundant pretraining
(b) data-restricted pretraining and (c) supervised fine-tuning.

Bilevel Optimization Bilevel optimization has been an important research topic in many scientific192

disciplines, however, solving the bi-level optimization problem is challenging due to the complicated193

dependency of the upper-level and lower-level problems. Typical bi-level optimization algorithms [23,194

5, 27, 11, 4, 13] requires estimation of the implicit gradient, which requires second-order derivatives195

on the lower-level variables. Incorporating the Hessian makes it computationally prohibitive for196

large-scale problems. Recently [28, 17, 18] pioneer the penalized methods, where the inner-level197

problem is reformulated into an optimality constraint. As first-order gradient-based approaches, the198

penalized methods avoid the estimation of Hessian or Jacobian. Though effective in theory, their199

practical applications in large-scale LLM settings remain rarely explored. Our TANDEM belongs to200

this category, and is specially tailored for large-scale data mixture optimization problems.201

4 Experiments202

In this section, we first compare TANDEM to state-of-the-art algorithms in Section 4.2. Then we203

analyse the effectiveness of each design ingredient in Section 4.3. Code will be released upon204

acceptance.205

4.1 Experimental Setup206

We consider three application scenarios, conventional data-abundant pretraining, data-restricted207

training, and supervised fine-tuning. To the best of our knowledge, this is the first work to explore208

DMO in supervised fine-tuning. A brief summarization of the experimental setup is introduced below,209

while complete hyper-parameter settings and implementation details are in Appendix C.210

Data-Abundant Scenario: For the data-aboundant scenario, we train 160M GPT-style LMs [1]211

on a 6B sampled version of SlimPajama [29] as in [2]. SlimPajama consists of 7 domains: ArXiv,212

Books, CommonCrawl, C4, Github, StackExchange, and Wikipedia. The statistics of this sampled213

corpus are given in Figure 4. We set E = 20, K = 5, train with batch size 8 and context length 2048214

for 40000 steps (with respect to updates of proxy model u, so the mixture ratio ↵ is updated for215

⇠2000 steps.) as [2]. Though the SlimPajama-6B corpus exhibits significant domain imbalance, 40K216

steps of training doesn’t deplete even the smallest domain, so this setting constitutes a data-abundant217

one-epoch scenario. The penalty constant � is set to 1 across all the experiments. Experiments are218

conducted on eight NVIDIA Hopper H-100s.219

Data-Restricted Scenario: For the data-restricted scenario, we construct a 300M sampled version220

of SlimPajama and keep the domain distribution unchanged. GPT-style LMs of size 160M, 410M and221

1B are trained to examine the scalability of TANDEM. In this scenario, we train with K = E = 5,222

batch size 128, and context length 512 for 5000 steps, which ensures that samples in small domains223

like Arxiv, Books, StackExchange, and Wikipedia are exposed more than once. After DMO, the224

learned mixture ratio is utilized to resample the 300M corpus for the final model training.225

Supervised Fine-tuning: For supervised fine-tuning, we select 6 tasks from Natural Instruc-226

tions [24, 34], SQuAD1.1, AMRSum, MuTual, SemEval, SST2 and BoolQ. Prioritizing diversity of227

capabilities and formats, this corpus is comprised of open-ended text generation, multiple choice, and228

True/False tasks. Each task contains ⇠6000 samples, where we split 1000 samples for test. In this229
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Table 2: Comparison for the 160M GPT-style model on SlimPajama in the data-abundant sce-
nario (Upper) and data-restricted scenario (Lower). Per-domain perplexity is reported and “Average”
represents the exponential of the average loss across all domains as in [7, 2]. † denotes the results
reported use the mixture ratio given in Aioli [2].

Methods Arxiv Book C4 CommonCrawl Github Stackexchange Wikipedia Average

Data
Abundent
Regime

Uniform 11.46 62.53 66.43 59.29 6.71 13.98 28.31 25.74
DoReMi† 12.71 80.09 82.60 71.76 5.75 14.26 29.54 28.32
DoGE† 12.89 51.50 54.32 49.34 8.48 16.77 37.21 26.60
Skill-It† 11.76 62.24 64.58 59.84 6.36 12.36 34.87 25.87
Aioli† 11.47 61.89 65.52 58.24 6.74 14.08 28.48 25.66
TANDEM 11.53 61.82 65.92 58.86 6.63 13.76 27.26 25.43

Data
Restricted
Regime

Uniform 18.05 65.86 71.05 63.76 9.37 17.94 34.27 31.53
DoReMi 18.90 80.29 89.05 79.02 10.24 19.74 43.20 36.91
DoGE 17.76 60.88 65.08 58.81 9.00 17.71 33.94 30.10
Skill-It 20.93 52.00 57.11 49.50 8.77 16.74 40.49 29.24
Aioli 17.68 62.48 69.02 61.44 9.26 17.79 33.06 30.67
TANDEM 16.85 52.75 56.82 51.11 8.99 18.21 32.52 28.07

scenario, we train a pretrained Qwen2-500M model [38] with K = 20, E = 10, batch size 32, and230

context length 512 for 2000 steps. Different from pretraining where the majority of samples are only231

trained once, in instruction tuning, each sample is on average exposed 2.5 times.232

4.2 Comparisons with State of the Arts233

We compare TANDEM against various state-of-the-art methods. Uniform A simple baseline that234

uniformly mixes groups and requires zero extra training runs. DoReMi [36] adopts the idea of235

distributionally robust optimization and searches for the data mixture ratio by minimizing the worst-236

domain excess loss over a reference model trained with the uniform strategy. DOGE [7] solves the237

DMO problem by tracking the data influence of each domain on the validation set and up-weights238

the most influential domains. Skill-It [3] trains several models to fit an inter-domain relation matrix,239

which is later used to establish an incremental data mixing law that induces a mixture ratio ↵ update240

rule. Aioli [2] improves Skill-It by dynamically updating the inter-domain relation matrix according241

to current model states. For the baselines, We use the published implementations. 2 Averaged results242

from 3 runs are reported. Due to limited space, the standard deviation is given in Appendix D243

Data-Abundant Pretraining In Table 2 (Upper), we see that TANDEM discovers mixture ratios244

with comparative performance. As discussed in Section 2.4, in this scenario, the uniform strategy245

is highly competitive. The mixture ratio for the baselines is obtained from Aioli [2]. We show the246

step-wise data mixture ratio evolution during TANDEM in Figure 3 (Left). Note that the uniform247

strategy is not the only valid solution to the DMO problem, and TANDEM finds another solution that248

performs equally well. The detailed learned mixture ratio of each method is given in Appendix E).249

Data-Restricted Pretraining For the data-restricted training scenario, TANDEM significantly250

outperforms baselines as shown in Table 2 (Lower). For instance, it achieves 28.07 averaged251

perplexity, surpassing the most competitive Skill-It by 1.17 and the uniform baseline by 3.46. In this252

scenario, the uniform strategy is no longer competitive. Equally assigning 1
M weights potentially leads253

to overfitting in small domains (repeated multiple times), while leaving the large domains underfitting.254

The mixture ratios learned with TANDEM and other baselines are shown in Figure 5, and the step-255

wise data mixture ratio evolution during the data mixture optimization is given in Figure 3 (Middle).256

We see that after DMO, CommonCrawl and C4 take the majority, driven by their extensive lexical257

diversity and complex semantics. Nevertheless, compared to the original data distribution, TANDEM258

up-weights the small domains Arxiv, Books, Github, StackExchange and Wikipedia from 3.4%, 3.7%,259

4.2%, 2.8%, 3.1% to 8.9%, 8.5%, 7.6%, 11.5%, 7.9% respectively, preventing these small domains260

from being overwhelmed while avoiding potential overfitting. Besides, we inspect the scalability261

2DoReMi: https://github.com/sangmichaelxie/doremi, DOGE: https://github.com/Olivia-fsm/DoGE, Skill-It
and Aioli: https://github.com/HazyResearch/aioli
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Figure 4: SlimPajama-6B Statistics. Table 3: Comparison for models of different sizes.

160M 410M 1B

Avg. Time Avg. Time Avg. Time

Uniform 31.53 - 29.59 - 29.91 -
DoReMi 36.91 16min 54.61 31min 56.53 41min
DoGE 30.10 65min 27.45 172min - -
Skill-It 29.24 28min 27.70 59min 27.15 80min
Aioli 31.19 36min 28.79 64min 28.07 93min
TANDEM 28.07 26min 25.00 57min 24.35 77min

Figure 5: Mixture ratio learned by different methods. Figure 6: Impact of different model sizes.

of TANDEM with three different scales (160M, 410M, 1B) in Table 3. TANDEM consistently262

outperforms the baselines with large margin while not incurs much computational overhead. We omit263

DoGE for the 1B model experiment due to its large memory consumption.264

Supervised Fine-tuning The results for supervised fine-tuning are given in Table 4. For the text265

generation tasks SQuAD1.1 and AMRSum, we report the Rouge-L [20] score, For the multi-choice266

tasks (MuTual, SemEval) and Yes/No tasks (SST2, BoolQ), the Accuracy is reported. We also outline267

the averaged metric value as well as the test loss. TANDOM outperforms all the baselines. In SFT, the268

improvement in test loss is more significant than that in the final evaluation metrics. We hypothesize269

this is caused by the imperfect alignment between them [21, 30].270

4.3 Analyses271

To evaluate the effectiveness of each design component, we conduct ablation experiments with the272

160M GPT-style model.273

The Effect of Synchronizing u and w One obvious characteristic of our method is that the proxy274

model u and the reference model w are synchronized by setting w(t)
0 = u(t)

0 . We show the effect275

of the synchronization by inspecting Dist(u,w) = ku � wk2 along the DMO training process.276

From Figure 7(a), we see that with synchronization, the distance between u and w is well controlled277

under 1.5e�4 and gradually contracts during the whole DMO process. This contraction is critical278

for w and ↵ in the penalized problem (2) converges to the original bi-level optimization problem (1)279

Table 4: Comparison for the 500M Qwen-2 model on a mixture of 6 supervised fine-tuning tasks.
Method SQuAD1.1 AMRSum MuTual SemEval SST2 BoolQ Avg. Metric " Test Loss #
Uniform 72.62 45.18 72.72 89.75 87.75 80.29 74.72 0.591
DoReMi 71.40 43.40 70.97 88.50 87.00 77.43 73.11 0.686
DoGE 71.26 44.81 71.67 89.00 88.30 81.04 74.35 0.563
Skill-It 72.14 44.21 73.07 89.40 88.40 80.34 74.60 0.539
Aioli 72.35 45.01 73.57 89.10 88.10 79.64 74.63 0.542
TANDEM 72.73 45.19 73.77 89.70 88.70 80.04 75.03 0.508
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(a) Dist(u,w) with synchronization. (b) Dist(u,w) w/o synchronization.

Figure 7: The Dist(u,w) evolution comparison during DMO with and without u, w synchronization.

as discussed in Section 2. On the contrary, independently maintaining the proxy model u and the280

reference model w incurs blown-up distance Dist(u,w) as shown in Figure 7(b).281

Figure 8: The variance of � decreases with
more probing steps.

The Effect of the Probing Steps K During DMO,282

the hyper-gradient � determines the update of ↵. To283

validate the effectiveness of K in reducing the variance284

of �, we trace cos
⇣
�, �̃

⌘
through the training. �̃ is285

the hyper-gradient evaluated using another batch of data286

other than that of �, so cos
⇣
�, �̃

⌘
serves as a proxy287

of the variance, the better � and �̃ aligns, the smaller288

the variance of hyper-gradient is. We inspect under the289

SFT setting where the model parameters exhibited large290

variance. During the training, ↵ is fixed to prevent the291

interference of inaccurate mixture ratio.292

From Figure 8, we see that DoGE exhibits the largest293

� variance as it explicitly depends on the noisy parameter gradient estimation. As K increases, the294

variance of � decrease, leading to more reliable update of the mixture ratio. Nevertheless, large K295

increases the computational cost. So in practice and we need to deliberately choose the proper K.296

The Effect of the Model Scale To investigate how the model size will impact the final mixture ratio.297

In Figure 6, we compare ↵ learned with models of size 160M, 410M, and 1B. We see that learned298

↵ with larger models are slightly "sharper" than the smaller ones. More specifically, the 1B model299

further increases the weights of the already large CommonCrawl and C4 while down-weights the300

others. For large models, due to the increasing capability of memorizing samples, smaller domains301

are less likely to be overwhelmed, while the risk of potential overfitting increases. The capability of302

capturing this subtle difference further demonstrates the effectiveness of TANDEM. Nevertheless,303

the optimal mixture ratios under different model scales share the same trend, so a smaller model can304

work as a valid proxy for efficient searching.305

5 Conclusion306

In this paper, we propose TANDEM, a principled, efficient and versatile data mixture optimization307

framework. By solving the DMO bilevel optimization problem, TANDEM ensures the optimality308

of the learned mixture ratios, along with a O(T� 1
4 ) convergence rate. Besides the algorithmic309

contribution, from the bilevel optimization perspective, we further demonstrate the limitation of the310

conventional data-abundant setting in DMO and advocate new settings like data-restricted scenario as311

well as supervised fine-tuning. Extensive experiments and analysis are conducted to demonstrate the312

effectiveness of our approach. Our work deepens the understanding of data mixture optimization and313

expands its application scenarios.314
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A Convergence of Bi-level Data Mixture Optimization445

A.1 The Proposed Algorithm446

As mentioned in the main part of this paper, the data mixture optimization problem is bi-level. Here447

we present a theoretical analysis of the proposed TANDEM. The original bi-level optimization448

problem449

P : min
↵2A

Lval (w
⇤(↵)) s.t. w⇤(↵) 2 S

⇤(↵) := argmin
w

Ltrain(↵,w) (6)

is difficult to solve owing to the imposed hard constraint. We turn to the Lagrangian problem of P450

such that451

P� : min
↵2A,w

Lval (w) + �

⇣
Ltrain(↵,w)�min

w
Ltrain(↵,w)

⌘
(7)

There is a vast variety of existing literature e.g., [28, 17, 35] discuss the relationship between the452

Lagrangian problem P� and the original problem P . In a word, when taking � sufficient large, the453

solution of P� will approximate the solution of P . Thereafter, we can develop the algorithm to P� to454

solve P , as we did in this paper.

Algorithm 1 Twin Networks for bi-level DatA mixturE optiMization (TANDEM)
Input:

Train set Dtrain, validation set Dval comprised of M domains.
Episode number T , Episode length E, Probing length for each episode K,
Learning rate ⌘w, ⌘u, ⌘↵ for w (reference), u (proxy) and ↵ (mixture) respectively.

1: Initialize proxy model parameters u0 and domain weights ↵0.
2: for t = 0 to T � 1 do

// Mixture ratio ↵ update.
3: Set w(t)

0 ,u(t)
0  u(t).

4: for k = 0 to K � 1 do
5: u(t)

k+1 = u(t)
k � ⌘uruLtrain(↵

(t),u(t)
k ).

6: w(t)
k+1 = w(t)

k � ⌘w(rwLval(w
(t)
k ) + �rwLtrain(↵

(t),w(t)
k )).

7: end for
8: ↵(t+1) = ⇧A(↵(t) � ⌘↵(L1:M

train(↵
(t),w(t)

K )
| {z }

reference model

�L1:M
train(↵

(t),u(t)
K )

| {z }
proxy model

))

// Free model weights u update.
9: for e = 0 to E � 1 do

10: u(t)
K+e+1 = u(t)

K+e � ⌘uruLtrain(↵
(t+1),u(t)

K+e).
11: end for
12: Set u(t+1)  u(t)

K+E .
13: end for
Output:

model weights w(T )
K , domain weights ↵(T ).

455

A full workflow of Twin Networks for bi-level DatA mixturE optiMizatio (TANDEM) is shown456

in Algorithm1. TANDEM alternates between updating the mixture ratio ↵ and the proxy model457

u, whereas u is used to approximate the minimum of Ltrain(↵,w). Update of the mixture ratio458

↵ requires probing the data efficacy of each domain. During probing, we optimize the reference459

model w, as well as the proxy model u for K steps. w and u are respectively trained on the train460

set and the train set plus validation set, their incurred loss gap captures the gain of incorporating the461

additional validation data. TANDEM then up-weights domains that benefit more from additional data.462

Notably, the proxy model u and reference model w are synchronized at the beginning of probing.463

Since the updating of ↵ requires u,w probing, we decrease the frequency of updating ↵ to reduce464

the computational cost, and leave the u trained freely for E steps before the next ↵ update.465

A.2 Convergence Rate466

Next, we explore the convergence rate of the proposed Algorithm 1. For the original problem P (6)467

its convergence property under the iterates obtained by solving the Lagrange problem (7) has been468
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explored, under different regularity conditions [28, 17]. In this paper, we will present our result under469

a mild Polyak-Łojasiewicz (PL) condition [41, 15, 28, 42, 25], which has been widely imposed to470

study the bi-level optimization problem. Technically, we will impose the following Assumptions to471

derive the convergence rate. Before illustrating our Assumptions, we need the following definitions472

to simplify the notations. We denote473

H�(↵,w) = Lval(w) + �

⇣
Ltrain(↵,w)�min

w
Ltrain(↵,w)

⌘
, (8)

with S
⇤
�(↵) = {w : w 2 argminw H�(↵,w)}, and define S

⇤(↵) = {w : w 2474

argminw Ltrain(↵,w)} and475

H(↵) = inf
w2S⇤(↵)

Lval(w), (9)

where H(↵) is well-defined since Ltrain(↵,w) is continuous to w. Besides that, the minimum of476

H(↵) is exactly the solution to original problem P (6).477

Assumption 1 (PL condition). For any ↵ 2 A, both Ltrain(↵,w) and H�(↵,w) satisfy the PL478

inequality with coefficient µ and µ� , respectively. That says:479

Ltrain(↵,w)�min
w

Ltrain(↵,w)  1

2µ
krwLtrain(↵,w)k2 (10)

and480

H�(↵,w)�min
w

H�(↵,w)  1

2µ�
krH�(↵,w)k2. (11)

Moreover, the coefficient µ� satisfies lim�!1
µ�

� = 1.481

Assumption 2 (Smoothness). For any ↵ 2 A,482

1. Both rwLtrain(↵,w) and rwLval(w) are Lipschitz continuous to ↵ (hold for483

rwLtrain(↵,w)) and w on coefficient L.484

2. For any ↵ 2 A, both Ltrain(↵,w) and Lval(w) are Lipschitz continuous to w with coeffi-485

cient B.486

Assumption 3 (Bounded Hessian). For any ↵ 2 A, w 2 S
⇤(↵), and positive constants �, ⇢, the487

Hessian matrices rwwLtrain(↵,w) ⌫ �
3 and r2

↵wLtrain(↵,w) � ⇢.488

Assumption 4 (Lipschitz Hessian). For any ↵ 2 A, Ltrain(↵,w) is two-times continuous differen-489

tiable, and the Hessian matrices r2
↵wLtrain(↵,w), r2

wwLtrain(↵,w) are all Lipschitz continuous490

to w with coefficient H .491

Assumption 5 (Bounded Loss Function). The non-negative loss function Ltrain(↵,w), Lval(w) are492

uniformly bounded by positive constant D.493

Notably, for the bounded Hessian condition, due to the structure of Ltrain(↵,w), it can be implied494

by the lower bounded rwwLm
train(w) and an upper bounded rwLtrain(w) for any m. Moreover, it495

worth noting that for bi-level optimization problem, it is standard to impose some regularity conditions496

to the Hessian matrix. For examples, the smooth Hessian in [28, 17] and lower bounded Hessian in497

[17]. Therefore, the imposed bounded Hessian Assumption 3 can be considered as a mild condition.498

Next, we present a lemma to characterize the gap between the gradient of r↵H(↵) and499

r↵H�(↵,w).500

Lemma 1. Under Assumptions 1-4, for any given ↵ and w⇤
�(↵) 2 S

⇤
�(↵), it holds501

����r↵H(↵)� @

@↵
H�(↵,w⇤

�(↵))

����  1

�

✓
HB

2

µ2

⇣
⇢

�
+ 1

⌘
+

⇢LB

µ�

◆
(12)

Proof. Without loss of generality, suppose that H(↵) = Lval(w⇤(↵)), due to the chain rule, we have502

r↵H(↵) = rwLval(w
⇤(↵)) = r↵w

⇤(↵)>rwLval(w
⇤(↵)). (13)

3For two matrices A, A ⌫ � means A� �I is a positively semi-definite matrix.
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To simplify the notation, we denote w⇤
�(↵) and w⇤(↵) as w⇤

� and w⇤ in the sequel. On the penalized503

probelm, for any w⇤
�(↵), we have504

@

@↵
H�(↵,w⇤

�)

= r↵H�(↵,w⇤
�) +r↵w

⇤>
� rwH�(↵,w⇤

�)

= r↵H�(↵,w⇤
�)

= �
�
r↵Ltrain(↵,w⇤

�)�r↵Ltrain(↵,w⇤)�r↵w
⇤>rwLtrain(↵,w⇤)

�

= �
�
r↵Ltrain(↵,w⇤

�)�r↵Ltrain(↵,w⇤)�r2
↵wLtrain(↵,w⇤)(w⇤

� �w⇤)
�

�r↵w
⇤> (rwLval(w

⇤) + �rwLtrain(↵,w⇤))

+r↵w
⇤>rwLval(w

⇤) + �r2
↵wLtrain(↵,w⇤)(w⇤

� �w⇤).

(14)

Besides that, we have505

r↵w
⇤> (rwLval(w

⇤) + �rwLtrain(↵,w⇤))

= r↵w
⇤> �

rwLval(w
⇤)�rwLval(w

⇤
�)
�

+ �r↵w
⇤> �

rwLtrain(↵,w⇤)�rwLtrain(↵,w⇤
�) +r2

wwLtrain(↵,w⇤)(w⇤
� �w⇤)

�

+ �r2
↵wLtrain(↵,w⇤)(w⇤

� �w⇤),

(15)

due to the optimal conditions rwLval(w⇤
�) + �rwLtrain(↵,w⇤

�) = 0, and r2
↵wLtrain(↵,w⇤) +506

r↵w⇤>r2
wwLtrain(↵,w⇤) = 0. Combining the two above equations and (13), we get507

����
@

@↵
H�(↵,w⇤

�)�r↵H(↵)

����


���

�
r↵Ltrain(↵,w⇤

�)�r↵Ltrain(↵,w⇤)�r2
↵wLtrain(↵,w⇤)(w⇤

� �w⇤)
���

+
���r↵w

⇤> �
rwLtrain(↵,w⇤)�rwLtrain(↵,w⇤

�) +r2
wwLtrain(↵,w⇤)(w⇤

� �w⇤)
���

+
��r↵w

⇤> �
rwLval(w

⇤)�rwLval(w
⇤
�)
���

 �H

⇣
⇢

�
+ 1

⌘
kw⇤ �w⇤

�k2 +
⇢L

�
kw⇤ �w⇤

�k,
(16)

due to the bounded Hessian Assumption 3, Smoothness Assumption 2, and Lipchitz Assumption508

4. Then, due to the PL condition 1 and Smoothness Assumption 2, we know there exists a w⇤
� (the509

projection of w⇤ to S
⇤
�(↵)) satisfies510

kw⇤ �w⇤
�k  1

µ
krwLtrain(↵,w⇤

�)k

 1

�µ

�
krwLval(w

⇤
�) + �rwLtrain(w

⇤
�)k+ krwLval(w

⇤
�)k

�

=
krwLval(w⇤

�)k
�µ

 B

�µ
.

(17)

Combining this with inequality (16), we obtain the conclusion under such w⇤
� . Finally, due to511

the Lemma A.5 in [25], we know that H�(↵,w⇤
�) is invariant over w⇤

� 2 S
⇤
�(↵), we prove our512

conclusion.513

From Lemma 1, we know that the gap between the gradients of original problem H(↵) and its514

Lagrange version H�(↵,w⇤
�(↵)) can be extremely small by invoking penalty parameter � ! 1.515

Thus, it implies that we can compute the gradient of Lagrange problem to implement the gradient-516

based method. Next, we illustrate an useful lemma, which characterizes the (semi)-Lipschitz517

continuity of w⇤
�(↵) and w⇤(↵) to ↵.518
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Lemma 2. Under Assumptions 1 and 2, for any ↵1,↵2 2 A, it holds519

kw⇤(↵1)�w⇤(↵2)k  L

µ
k↵1 �↵2k, (18)

for any w⇤(↵1) 2 S
⇤(↵) and w⇤(↵2) 2 S

⇤(↵2) satisfies w⇤(↵2) = argminw2S⇤(↵2) kw �520

w⇤(↵1)k. On the other hand, it holds521

kw⇤
�(↵1)�w⇤

�(↵2)k  �L

µ�
k↵1 �↵2k (19)

for any w⇤
�(↵1) 2 S

⇤
�(↵1) and some w⇤

�(↵2) = argminw2S⇤
�(↵1) kw �w⇤

�(↵1)k.522

Proof. The two conclusions are directly obtained from Lemma A.3 in [25], we prove the second523

conclusion due to the formulation of rwH�(↵,w), we know524

krwH�(↵1,w
⇤
�(↵2))k = krwH�(↵1,w

⇤
�(↵2))�rwH�(↵2,w

⇤
�(↵2))k

= �
��rwLtrain(↵1,w

⇤
�(↵2))�rwLtrain(↵2,w

⇤
�(↵2))

��

 �Lk↵1 �↵2k,
(20)

due to Assumption 2. On the other hand, by invoking the Assumption 1 and (17)525

krwH�(↵1,w
⇤
�(↵2))k =

��rwLval(w
⇤
�(↵2)) + �rwLtrain(↵1,w

⇤
�(↵2))

��

� µ�kw⇤
�(↵2)�w⇤

�(↵1)k.
(21)

where w⇤
�(↵1) is the projection of w⇤(↵2) to S

⇤
�(↵1). By combining the two above inequalities, we526

obtain our second conclusion. The first conclusion can be similarly proved.527

From this lemma, we can obtain the following Lipschitz smoothness of H�(↵,w⇤
�(↵)) by the528

following Lemma. It worth noting that H�(↵,w⇤
�(↵)) is invariant over w⇤

�(↵) 2 S
⇤
�(↵) as discussed529

in the proof of Lemma 1. Thus, the r↵H�(↵,w⇤
�(↵)) is well-defined.530

Lemma 3. Under Assumptions 1 and 2, r↵H�(↵,w⇤
�(↵)) has semi-Lipschitz gradient such that531

kr↵H�(↵1,w
⇤
�(↵1))�r↵H�(↵2,w

⇤
�(↵2))k  �B

✓
�L

µ�
+

L

µ

◆

| {z }
L�

k↵1 �↵2k. (22)

Proof. From (14), we see532 ��r↵H�(↵1,w
⇤
�(↵1))�r↵H�(↵2,w

⇤
�(↵2))

��

 �
��r↵Ltrain(↵1,w

⇤
�(↵1))�r↵Ltrain(↵2,w

⇤
�(↵2))

��

+ � kr↵Ltrain(↵2,w
⇤(↵2))�r↵Ltrain(↵1,w

⇤(↵1))k
 �B (kw�(↵1)�w�(↵2)k+ kw(↵1)�w(↵2)k)

 �B

✓
�L

µ�
+

L

µ

◆
k↵1 �↵2k,

(23)

which proves our conclusion.533

Notably, for the original optimization problem, there exists a constrain ↵ 2 A. Thus, to prove534

the first order stationary condition of constrain problem min↵2A H↵, we consider the generalized535

projected gradient stable condition, i.e., 1
⌘↵

k↵(t) �⇧A(↵(t) � ⌘↵r↵H(↵(t)))k  ✏ for some small536

negative ✏. This is a standard first order stationary condition for Non-convex optimization problem537

with constrains [28, 40, 8]. Due to Lemma 1, we know that538

1
⌘↵

���↵(t) �⇧A(↵(t) � ⌘↵r↵H(↵(t)))
����

1
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���↵(t) �⇧A(↵(t) � ⌘↵r↵H�(↵
(t),w⇤

�(↵
(t))))

���

 1
⌘↵

���⇧A(↵(t) � ⌘↵r↵H(↵(t)))�⇧A(↵(t) � ⌘↵r↵H�(↵
(t),w⇤

�(↵
(t))))

���


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�(↵
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���

 O
✓
1
�

◆
,

(24)
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when � ! 1, where the second inequality is from the Lipschitz continuity of projection operation539

[8]. Thus, the above inequality indicates that to prove the first order stationary condition of H(↵),540

it is sufficient to prove the first order stationary condition of H�(↵,w). Next we present our main541

theorem, i.e., the formal version of Theorem 1, which shows the convergence result of H↵(↵) under542

Algorithm 1.543

Theorem 1. For sufficiently large T , under Assumptions 1-5, for the ↵(t) obtained in Algorithm 1, it544

holds545

min
1tT

1

⌘↵
k↵(t) �⇧A(↵

(t) � ⌘↵r↵H(↵(t)))k  O
⇣
T

� 1
4

⌘
(25)

by selecting � =
p
T , K � log µT

� 3
4

2D(1+�)

log
⇣
1� µ�

L�

⌘ , E � min

(
1,

log
µ�T

� 3
4

2D

log (1� µ
L )

�K

)
⌘↵ = 1

4L�
, ⌘w = 1

L�
,546

⌘u = 1
L .547

Proof. As mentioned in (24), it is sufficient to prove the first-order stationary condition for H�(↵,w).548

Due to the Lipchitz smoothness of it, we have549

H�(↵
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
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D
r↵F�(↵

(t),w(t)
K ,u(t)

K ),↵(t+1) �↵(t)
E

+
D
r↵H�(↵

(t),w⇤
�(↵

(t)))�r↵F�(↵
(t),w(t)

K ,u(t)
K ),↵(t+1) �↵(t)

E

+
L�

2

���↵(t+1) �↵(t)
���
2


✓
L�

2
� 1

2⌘↵

◆���↵(t+1) �↵(t)
���
2
+

⌘↵
2

���r↵H�(↵
(t),w⇤

�(↵
(t)))�r↵F�(↵

(t),w(t)
K ,u(t)

K )
���
2
,

(26)

where the last inequality is due to the property of projection operator and Jensen’s inequality. Let550

us define ↵̄
(t+1) = ⇧A(↵(t) � ⌘↵r↵H�(↵(t)

,w⇤
�(↵

(t)))), we proceed to upper bound the gap551

between k↵̄(t+1) �↵(t)k and k↵(t+1) �↵(t)k. By the triangle inequality552
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���
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where the last inequality is from the smoothness Assumption 2, w⇤
�(↵

(t)) and w⇤(↵(t)) are respec-553

tively the projection of w(t)
K and u(t)

K to S
⇤
�(↵

(t)) and S
⇤(↵(t)). Firstly, due to the PL-condition and554

Lipschitz smoothness of Ltrain, we have555
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due to the selection of K and E and the PL condition of Ltrain(↵,w) (which implies the error bound557

condition [15]). Similarly, we can prove that558
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Combining (26) (27), (29), and (30), we have559
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so that, by combining (27), we get560
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(32)
Due to the definition of ↵̄(t+1), combining this with (24), and the value of � proves our conclusion.561

562

B Proof of the Proposition563

Proposition 1. Assume Lm
train = Lm

val, the uniform mixture ratio ↵̄m = 1
M for m = 1, . . . ,M564

constitutes a valid solution of (1).565

Proof. Let Lm
train = Lm

val = Edata[Lm
data] := Lm. To establish the above, it suffices to show:566

MX

m=1

Lm
val(w

⇤(↵̄)) 
MX

m=1

Lm
val(w

⇤(↵))

which is equivalent to:567

MX

m=1

↵̄mLm(w⇤(↵̄)) 
MX

m=1

↵̄mLm(w⇤(↵)) (33)

Because w⇤(↵̄) is the minimizer of the inner-level problem under uniform weighting, we have:568

MX

m=1

↵̄mLm(w⇤(↵̄)) 
MX

m=1

↵̄mLm(w) (34)

for any w. In particular, by choosing w = w⇤(↵), the right-hand side becomes the expression569

in (33), completing the proof.570

C Implementations and Hyper-parameters571

Hyper-parameter settings The detailed hyper-parameters for the TANDEM algorithms in the572

conventional data-abundant pretraining scenario, the data-restricted training scenario, and supervised573

fine-tuning are shown in Table 5. Given the optimized mixture ratio, we resample the corpus to574

construct the final dataset for model training.575
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Table 5: Hyper-parameters of TANDEM for different application scenarios
Data Aundent Data Restricted Supervised Fine-tuning

GPT-like 160M 160M 410M 1B Qwen2-0.5B

Batch Size 8 128 128 128 32
Learning Rate ⌘u 5e-5 5e-4 5e-4 5e-4 4e-6
Learning Rate ⌘w 5e-5 5e-4 5e-4 5e-4 4e-6
Learning Rate ⌘↵ 2e-3 4e-3 4e-3 4e-3 4e-3
Learning Rate Scheduler Cosine Cosine Cosine Cosine Cosine
Penalty � 1.0 1.0 1.0 1.0 1.0
Probing Steps K 5 5 5 5 20
Free Training Steps E 20 5 5 5 10
Total Steps (w.r.t u) 40000 5000 5000 5000 2000
Context Length 2048 512 512 512 512
Weight Decay 1e-2 1e-2 1e-2 1e-2 1e-2
Gradient Clipping 1.0 1.0 1.0 1.0 1.0

Table 6: Comparison of models of different sizes in the data-abundant pretraining scenario and data
restricted scenario with standard deviation.

Data Aundant Regime Data Restricted Regime

160M Avg. 160M Avg. 410M Avg. 1B Avg.

Uniform 25.74±0.13 31.53±0.11 29.59±0.02 29.91±0.09
DoReMi 28.32±0.12 36.91±0.09 54.61±0.60 56.53±0.53
DoGE 26.60±0.21 30.10±0.05 27.45±0.02 -
Skill-It 25.87±0.07 29.24±0.08 27.70±0.03 27.15±0.17
Aioli 25.66±0.14 31.19±0.25 28.79 ±0.06 28.07 ±0.03
TANDEM 25.43±0.15 28.07±0.07 25.00±0.01 24.35±0.03

D Comparison with Standard Deviation576

We test each method in Table 2, Table 3 and Table 4 3 times. The average accuracy and standard577

deviation are reported in Table 6 and Table 7.578

E Visualization of the Optimized Mixture Ratios.579

We visualize the mixture ratio learned in each application scenarios in Figure 9, Figure 10 and580

Figure 11. For the baselines, the average proportion over the entire training trajectory is taken. While581

for TANDEM, we use the average mixture ratio at the last 10% training trajectory.582

Table 7: Comparison for the 500M Qwen-2 model on a mixture of 6 supervised fine-tuning tasks
with standard deviation.

Method SQuAD1.1 AMRSum MuTual SemEval SST2 BoolQ Avg. Metric "
Uniform 72.62±0.28 45.18±0.19 72.72±0.58 89.75±0.58 87.75±0.20 80.29±0.60 74.72±0.18
DoReMi 71.40±0.71 43.40±0.08 70.97±0.57 88.50±0.44 87.00±0.45 77.43±0.16 73.11±0.18
DoGE 71.26±0.44 44.81±0.34 71.67±0.16 89.00±0.16 88.30±0.45 81.04±0.16 74.35±0.18
Skill-It 72.14±0.13 44.21±0.37 73.07±0.51 89.40±0.14 88.40±0.75 80.34±0.22 74.60±0.15
Aioli 72.35±0.42 45.01±0.18 73.57±0.68 89.10±0.32 88.10±0.12 79.64±0.41 74.63±0.15
TANDEM 72.73±0.19 45.19±0.04 73.77±0.44 89.70±0.30 88.70±0.60 80.04±0.70 75.03±0.14
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Figure 9: Mixture ratio learned by different methods in the data-abundant pretraining.

(a) 160M Model

(b) 410M Model

(c) 1B Model

Figure 10: Mixture ratio learned by different methods in the supervised fine-tuning.
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Figure 11: Mixture ratio learned by different methods in the data-abundant pretraining.

F Summary of Notations583

Table 8: Summary of the notations used throughout this paper. Variables only used in theoretical
analysis are grayed for better readability.
Topic Notation Explanation

Data Sets M The number of domains.
Dm The m-th domain data.
Dtrain Train set.
Dval Validation set.

Models & Parameters u Parameters of the proxy model.
w Parameters of the reference model.
w⇤ Optimal solution for the lower level problem.
w⇤

� Optimal solution for the penalized problem.
S⇤(↵) Solution set for the lower level problem.
S⇤

�(↵) Solution set for the penalized problem.
↵ Data mixture ratio
A The probability simplex.

Problems & Losses Lm
train Train loss on the m-th domain.

Lm
val Validation loss on the m-th domain.

Ltrain Overall train loss weighted by the mixture ratio ↵.
Lval Overall validation loss.
H(↵) The upper-level loss with the lower-level problem optimized.
H�(↵,w) The loss of the penalized problem.

Function Properties µ PL coefficient of the lower-level problem.
µ� PL coefficient of the penalized problem.
L Lipschitz constant for rwLtrain (↵,w) on w.
B Lipschitz constant for Ltrain (↵,w) and Lval (w) on w.
� and ⇢ Hessian rwwLtrain (↵,w) ⌫ � and r2

↵wLtrain (↵,w) � ⇢

H Lipschitz constant for r2
↵wLtrain (↵,w) and r2

wwLtrain (↵,w).
D Upper bound for the train/validation loss.
L� Lipschitz constant for r↵H�

�
↵,w⇤

�(↵)
�
.

Train t Mixture ratio ↵ training step
T The total number of ↵ update.
k u and w update step.
e Free u update step.
K The number of u, w probing update for one ↵ update.
E The number of u free update.
⌘↵ The learning rate on ↵.
⌘u The learning rate on u.
⌘w The learning rate on w.
� The penalty strength.
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G Limitations and Future Works584

Despite the advancements introduced in this work, several challenges remain open for future research.585

The limitations of this paper are as follows: (1) Due to limited computational resources, our ex-586

periments were conducted using models of up to 1 billion parameters. Although our experimental587

results demonstrate TANDEM’s effectiveness at this scale, the constraint on model size limits our588

ability to verify whether our findings generalize to significantly larger models, such as those with 405589

billion parameters. (2) Our current data mixture optimization (DMO) approach is validated on coarse,590

naturally occurring domain splits. For example, the SlimPajama corpus consists of seven domains591

sourced from different origins. The impact of using more fine-grained and intentionally designed592

domain splits on DMO performance remains unexplored and presents an interesting direction for593

future investigation.594
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