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Abstract

The capabilities of large language models (LLMs) significantly depend on training
data drawn from various domains. Optimizing domain-specific mixture ratios can
be modeled as a bi-level optimization problem, which we simplify into a single-
level penalized form and solve with twin networks: a proxy model trained on
primary data and a dynamically updated reference model trained with additional
data. Our proposed method, Twin Networks for bi-level DatA mixturE optiMiza-
tion (TANDEM), measures the data efficacy through the difference between the
twin models and up-weights domains that benefit more from the additional data.
TANDEM provides theoretical guarantees and wider applicability, compared to
prior approaches. Furthermore, our bi-level perspective suggests new settings to
study domain reweighting such as data-restricted scenarios and supervised fine-
tuning, where optimized mixture ratios significantly improve the performance.
Extensive experiments validate TANDEM'’s effectiveness in all scenarios.

1 Introduction

The success of large language models (LLMs) largely relies on extensive training data collected from
diverse domains, including chat logs [[16l], academic writings [3 1], mathematical problems [43]], and
code repositories [[19]]. The emergent capabilities observed in LLMs are substantially influenced by
the specific composition of cross-domain corpora [12}137]]. Therefore, it is important to carefully
balance the proportions of domain-specific data in training sets to ensure models develop intended
and balanced capabilities for target domains.

Optimizing the mixture ratios of data domains can be formulated as a bi-level optimization problem,
in which the inner loop optimizes model parameters for a fixed ratio on training data, while the outer
loop searches for the best mixture ratio on validation data. Due to the difficulty of exactly solving this
bi-level problem, we transform it into a single-level optimization problem. Specifically, the inner-level
optimization is viewed as a Lagrangian penalty within the outer-level objective. This perspective
naturally motivates the introduction of twin networks: a proxy model trained exclusively on the
primary training data, and a reference model exposed to additional validation data. Interestingly,
this twin-network formulation relates closely to prior methods such as DoReMi [36]] and DoGE
[7]], offering insights into addressing their limitations. Based on this formulation, we propose Twin
Networks for bi-level DatA mixturE optiMization (TANDEM), an algorithm that measures the
domain data efficacy through the twin models’ disparities and ultimately approximates the original
bi-level optimization problem. Unlike DoReMi, which employs a static reference model, TANDEM
dynamically updates both models. Additionally, TANDEM enhances stability and provides theoretical
convergence guarantees compared to DoGE, as it aggregates multiple updating steps and avoids
relying directly on gradient estimation, thereby mitigating issues related to high variance.
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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 focus
more on scenarios with limited domain-specific data and supervised fine-tuning (SFT), rather than
exclusively on traditional pretraining settings with abundant data. From a bi-level optimization
viewpoint, assigning equal mixture ratios becomes a valid solution for single-epoch training when
domain data is abundant, aligning with recent empirical findings highlighting uniform mixing
strategies as competitive baselines [2]]. Despite the prevalence of big data, limited data scenarios
are quite common, particularly within specific domains, since large datasets frequently consist of
many heterogeneous smaller datasets [32]]. Furthermore, SFT often requires domain data to be
visited multiple times, which creates generalization gap that leads to non-trivial solution for the
bi-level problem. It is precisely in these cases that optimizing data mixture ratios can yield significant
improvements.

While previous methods like DoReMi and those built on data mixing laws [39, 22, |14] are not directly
applicable to these newer scenarios, TANDEM can be effectively extended. Our experimental results
demonstrate TANDEM’s effectiveness in such settings.

Our contributions can be summarized as follows:

* We introduce TANDEM, an effective and efficient algorithm for data mixture optimization
that utilizes twined proxy and reference networks to approximate the bi-level objective.
TANDEM enjoys theoretical convergence guarantees.

* We highlight that data mixture optimization is particularly beneficial in scenarios with
limited data availability rather than traditional pretraining setups with abundant domain data.

* We empirically demonstrate TANDEM’s effectiveness across standard and data-limited
scenarios, showing its superiority over a set of competitive data mixture optimization
methods.

2 Methodology

We formulate the problem of finding the optimal data mixture ratio as bi-level optimization. To solve
the problem, we propose our penalty-based algorithm TANDEM, as presented in Figure [[(b)|and
Algorithm|[I]in Appendix [A. TANDEM draws insights from many previous works, while improveing
upon them. Besides, by inspecting the bilevel optimization formulation, we suggest broadening the
scope of research on data mixture optimization under limited-domain data and supervised fine-tuning
(SFT), rather than focusing solely on conventional data-rich pretraining settings. The notations used
in this paper are summarized in Appendix [F}

2.1 Problem Formulation

Consider training an LLM on a data composition from M domains, {D;,Ds,..., Dy} (e.g.
Wikipedia, CommonCrawl). Data mixture optimization (DMO) refers to the problem of finding
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the optimal proportions of data for each domain & = [, g, . . ., aipr] over probability simplex

= {a € RM | Zm 1 0m = 1,a,, > 0}. For any data mixture ratio o, and its correspond-
1ng model parameter w(a) obtamed by training loss, our goal is to minimize the validation loss
Lya1(w(ar)) over a. The optimization problem is formulated as follows:

miﬂ L1 (w Z Lo (w s.t. w(a) € arg mm Lirain (0, w) Z A Lt (w (1)

ac
m=1 m=1

By splitting the data into training and validation sets, we can construct the validation and training
loss L7, (w) and L{7,; (w) on domain D,,. Intuitively, in the bi-level problem, the outer level
problem seeks the optimal domain weights for validation loss with the model weights obtained by
the inner level reweighted training loss. Similar to [36,[7]], given the learned final mixture ratio a*,
we construct the final training set by sampling Dy, £ Zﬂn/le a* - UNIF (D,,) upon which the final
model is trained (Figure[I(a)).

2.2 Twin Networks for Bi-level Data Mixture Optimization

Solving the bi-level optimization problem (1)) is challenging due to its nested structure. By viewing
the inner-level problem as a constraint and subsequently incorporating it into the outer-level problem
as a Lagrangian penalty, (1)) can be reformulated as a single-level problem [28 |17]:

aIél-}‘Il H ( ) = £va](w) + ’Y ([ftrain(a7 'UJ) - mqin [/lrain(av u)) . (2)
Here, the auxiliary variable w is introduced as a proxy of w(a) € S* () := arg miny, Lerain (0, w).
The constrain in (I]) is transferred into the penalization Liyain (@, w) — ming, Lirain (e, u). Clearly,
by properly invoking v — oo, the solution of (2) will approximate the original (I). This claim is
justified by Proposition 3 in [28]. We refer readers to the Appendix [A for more information.

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

Algorithm Procedure Besides the mixture ratio c, optimizing (2) deals with two LM models: the
proxy model v and a reference model w. As shown in Figurgl(b)} the optimization processes of c,
w, and u are indexed by ¢, k and k.

Update on wu: Firstly, given a data mixture ratio a®, we find the u € arg min,, Etrain(a(t), u) in
the penalization term under certain mixture ratio . Our w is updated for K steps to approximate the
optimal one:

UEH)J = ué — 1 VuLirain (a(t)’ Ugf)) 3

(green line with arrow in Figure[I(b)). The proxy model is trained on the whole training set and
maintained through the DMO process.

Update on w: w serves as a reference model updated on both the training and the validation sets.
Similar to the proxy model u, w is updated for K steps before one data mixture ratio o update,
which is used optimize the inner problem of penalized problem (2)):

wily = wy =1 (Vwﬁval (a“ ® ) + YV Lisain ( ® w,(f))) . @)

(orange line in Figure[I(b)). Intuitively, training w for multiple steps provides more subtle guidance
for mixture ratio update as will be elaborated in the o update part.

Unlike the proxy model w, which is maintained throughout training (green line in Figure[I(b)), we do

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

by setting w( ) = u(() ) as a initialization of the K w updates. By doing so, we control the disparity

between w and u during the optimization. Intuitively, w and u should not diverge from each other as
u acts as a proxy of w(a) € S*(a) and w approximates w’ (a) € S} () := arg min,, H, (¢, w).
Clearly, the ideal 'wi:(a) under penalized problem will approxnnate the w® when v — oo, since the
penalized Lagrange problem (2} approximates the original problem ().

Update on o: The mixture ratio update in (5) seeks a solution of (2)). That says, a data mixture ratio
yields a trained model with good performance on data from the validation set under all domains. The
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Table 1: Summary of A in DoReMi, DoGE and TANDEM. Figure 2: SFT exhibits higher gra-

All three methods update o with two models. dient variance than pretraining
Method Hyper-gradient A 0 7| Pretrain
DoReMi —max{LeM (o u®) = £EM (&, w), 0} _ :.:
proxy model reference model 2

DoGE L&;ﬁf(a<t)7 u® — 'I’]vaal(u(t))) - Ltlrz;iﬁf(a(i)a u(t)) %’o 4 X

reference model proxy model “o0.2
TANDEM LEM(a® wt) — chM (a(t>, uﬁ?) 0.0 W%Wﬂw

r———— DE—TE 0 200 400 600 800 1000

Steps

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

train train

Q) =11, | a® = pery | LM (a(t),wgf(/)) _ LM (a(t)’u(l?> (5)

reference model proxy model

(Pink line in Figure|1(b).) The post-updated ug? and w(I? are applied to capture the domain-wise loss
difference £, (w(Y) — ﬁ{r;ain(u%)). Since the uf,? and 'wg? are respectively trained on training
set and training set plus validation set, the aforementioned gap captures the gain of incorporating the
additional validation data. Larger loss differences indicate that the model gets significant improved

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

In each episode ¢, K steps training on w and w are conducted to probe the proper direction of «
update. Notably, the proxy model u and reference model w are synchronized at the beginning of
probing, forming a Twin Networks for bi-level DatA mixturE optiMization (TANDEM) framework.
Since the updating of « requires u, w probing, in practice, we decrease the frequency of updating o
to reduce the computational cost, and leave the proxy model u trained freely for E steps before the
next o update. Altogether the updates of u, w, o, the data mixture optimization (DMO) problem
can be solved efficiently. The overall computation graph of TANDEM is outlined in Figure[I(b)| and
a detailed workflow is summarized in Algorithm[I]in Appendix[A.

Convergence Analysis Next, we explore the convergence rate of our proposed method. For a
non-convex bi-level optimization problem, it is standard to study its first-order stationary convergence
result e.g., [28,[17]. Notably, our problem (2)) is a constrain problem over a € A. Thus, it should be
considered in first-order stationary condition as in [8} 28]]. The convergence result of our method is
summarized in the following theorem.

Theorem 1 (Informally). For sufficiently large T, under mild assumptions (Detailed in Appendix|A),
for o) obtained in TANDEM Algorithmlz, the problem converge to its first-order stationary
point in the rate ofO(T*i)by properly selecting v, K, E, Mo, Ny, and B,

The proof is left in Appendix [A. Theorem [I indicates that TANDEM theoretically ensures the
optimality of the learned mixture ratio.

2.3 TANDEM Improves Existing DMO Methods

We discuss the relationship between TANDEM and two existing methods, DoReMi [36] and DoGE [7]).
By comparing the hyper-gradient A that determines o updates in different methods, we show that
our TANDEM draws common insights from previous works and improves upon them.

DoReMi updates the mixture ratio according to the excess loss of a proxy model u relative to a
reference model w trained on uniformly sampled data. DoGE [7] pioneers bilevel optimization to
settle data mixtures and tracks the influence [26] of each domain on the validation data. Specifically,

'DoReMi and DoGE utilize exponential gradient descent to update o where o' o o) exp(—naA)
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Apoce = (VLyain (@®,u®) VL (a®,u®)). The inner product (-) is essentially a first-
order approximation of the domain-wise loss difference between a proxy model and a reference
model, where the reference model is obtained by one-step update on the validation data.

Outlined in Table[I] we see that A of all three methods takes the form of per-domain loss difference
between a proxy model and a reference model. Nevertheless, contrasting DoReMi which adopts
a fixed reference model, the reference model w in TANDEM is dynamic, which better captures
the current training status. In its original form, DoGE inurs significant computational and memory
overhead as it maintains the per-domain gradients. Relaying explicitly on the gradient estimation
makes it vulnerable to instability issues in high gradient variance scenarios like supervised fine-
tuning (SFT). Our TANDEM, in the contrary, better adapts, as increasing the probing step K helps
reduce the variance on A as will be elaborated in Section[4.3] In Figure 2] we show that SFT exhibits
higher gradient variance than pretraining. The alignment of g; and gs cos(gi, g2) is used as a proxy
of the gradient variance, where g; and g, are gradients evaluated on different batches and lower
alignment cos(g1, g2) indicates larger gradient variance.

2.4 Domain Reweighting Beyond Traditional Settings

In the above, we discuss our method to design the data mixture ratio by solving bi-level problem ().
The circumstances under which DMO is most effective remain to be explored. Theoretically, the
standard training setting sets «,,, = 1/M for every m. Let us check the following proposition.

Proposition 1. Assume L], = L7, the uniform data mixture ratio o, = ﬁ form=1,... M

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

The proof is left in Appendix [B} As can be seen, when the generalization gap |£7 — L% | goes to
zero, uniform weighting emerges as a valid solution, so that the reweighting becomes less significant.
This aligns with the empirical observations that uniform weighting is highly competitive that many
DMO methods can not consistently outperform [2]]. In conventional pretraining scenarios with

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

However, when there is limited data in specific domains or the trained model overfits to some domain,
since both phenomenons result in a large generalization gap, the reweighting technique over data
domains becomes significant. In fact, even though LLMs are trained on massive datasets overall, it is
common for specific domains to be relatively small e.g., specialized scientific literature, low-resource
languages, or domain-specific user interactions. In practice, the data-restricted scenario is ubiquitous.
Furthermore, in SFT, repeated passes over the same domain data exacerbate overfitting and widen the
generalization gap [9], which presents more interesting opportunities for domain reweighting.

3 Related Work

Data mixture optimization is drawing increasing attention to design LLMs with comprehensive
and balanced capabilities. Our work follows the recent trend of formulating the DMO as a bilevel
optimization. We summarize the related literature from these two strands of research in the following.

Data Mixture Optimization Conventional industry practices determine the optimal cross-domain
composition with human expertise [6}133,[10]. To circumvent the exhaustive trial-and-error, various
heuristics has been explored. DoReMi [36] settles the mixture ratio by minimizing the worst-domain
excess loss relative to a well-trained reference model, perusing good performance in all domains.
[22, 39/ 114] fit global data mixing laws, predict the performance on other mixtures and search for
those with good performances. Skill-It [3]] trains several models to fit an inter-domain relation matrix,
which is later used to establish a local data mixing law that predicts the per-domain loss given certain
data mixture and the current model loss. Aioli [2] improves Skill-It by dynamically updating the
inter-domain relation matrix according to current model states. Nevertheless, these approaches remain
theoretically ungrounded due to their inductive nature, and incorporating the fitting of the mixing
law incurs additional approximation error. DOGE [[7] pioneers bi-level optimization to settle data
mixtures and tracks the influence [26] of each domain on the validation data. However, assessing the
influence relies directly on the per-domain gradient estimation, which undermines its efficacy in high
gradient variance scenarios while incurring large computational and memory overhead.
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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 scientific
disciplines, however, solving the bi-level optimization problem is challenging due to the complicated
dependency of the upper-level and lower-level problems. Typical bi-level optimization algorithms [23}
51127, 1111 144 [13] requires estimation of the implicit gradient, which requires second-order derivatives
on the lower-level variables. Incorporating the Hessian makes it computationally prohibitive for
large-scale problems. Recently [28} |17, [18] pioneer the penalized methods, where the inner-level
problem is reformulated into an optimality constraint. As first-order gradient-based approaches, the
penalized methods avoid the estimation of Hessian or Jacobian. Though effective in theory, their
practical applications in large-scale LLM settings remain rarely explored. Our TANDEM belongs to
this category, and is specially tailored for large-scale data mixture optimization problems.

4 Experiments

In this section, we first compare TANDEM to state-of-the-art algorithms in Section[4.2] Then we
analyse the effectiveness of each design ingredient in Section Code will be released upon
acceptance.

4.1 Experimental Setup

We consider three application scenarios, conventional data-abundant pretraining, data-restricted
training, and supervised fine-tuning. To the best of our knowledge, this is the first work to explore
DMO in supervised fine-tuning. A brief summarization of the experimental setup is introduced below,
while complete hyper-parameter settings and implementation details are in Appendix

Data-Abundant Scenario: For the data-aboundant scenario, we train 160M GPT-style LMs [[1]]
on a 6B sampled version of SlimPajama [29] as in [2]. SlimPajama consists of 7 domains: ArXiv,
Books, CommonCrawl, C4, Github, StackExchange, and Wikipedia. The statistics of this sampled
corpus are given in Figure[d] We set E' = 20, K = 5, train with batch size 8 and context length 2048
for 40000 steps (with respect to updates of proxy model w, so the mixture ratio ¢ is updated for
~2000 steps.) as [2]. Though the SlimPajama-6B corpus exhibits significant domain imbalance, 40K
steps of training doesn’t deplete even the smallest domain, so this setting constitutes a data-abundant
one-epoch scenario. The penalty constant -y is set to 1 across all the experiments. Experiments are
conducted on eight NVIDIA Hopper H-100s.

Data-Restricted Scenario: For the data-restricted scenario, we construct a 300M sampled version
of SlimPajama and keep the domain distribution unchanged. GPT-style LMs of size 160M, 410M and
1B are trained to examine the scalability of TANDEM. In this scenario, we train with K = E = 5,
batch size 128, and context length 512 for 5000 steps, which ensures that samples in small domains
like Arxiv, Books, StackExchange, and Wikipedia are exposed more than once. After DMO, the
learned mixture ratio is utilized to resample the 300M corpus for the final model training.

Supervised Fine-tuning: For supervised fine-tuning, we select 6 tasks from Natural Instruc-
tions [24}134], SQuAD1.1, AMRSum, MuTual, SemEval, SST2 and BoolQ. Prioritizing diversity of
capabilities and formats, this corpus is comprised of open-ended text generation, multiple choice, and
True/False tasks. Each task contains ~6000 samples, where we split 1000 samples for test. In this
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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]. T denotes the results
reported use the mixture ratio given in Aioli [2].

Methods  Arxiv Book C4 CommonCrawl Github Stackexchange Wikipedia Average

Uniform 11.46 62.53 66.43 59.29 6.71 13.98 28.31 25.74
Data DoReMif 12.71 80.09 82.60 71.76 5.75 14.26 29.54 28.32
Abundent Do_GET 12.89 51.50 54.32 49.34 8.48 16.77 37.21 26.60
Regime S1.<111.-ItT 11.76 62.24 64.58 59.84 6.36 12.36 34.87 25.87
Aiolit 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
Uniform  18.05 65.86 71.05 63.76 9.37 17.94 34.27 31.53
Data DoReMi 18.90 80.29 89.05 79.02 10.24 19.74 43.20 36.91
Restricted DQGE 17.76 60.88 65.08 58.81 9.00 17.71 33.94 30.10
Regime S1.<111.—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, and
context length 512 for 2000 steps. Different from pretraining where the majority of samples are only
trained once, in instruction tuning, each sample is on average exposed 2.5 times.

4.2 Comparisons with State of the Arts

We compare TANDEM against various state-of-the-art methods. Uniform A simple baseline that
uniformly mixes groups and requires zero extra training runs. DoReMi [36] adopts the idea of
distributionally robust optimization and searches for the data mixture ratio by minimizing the worst-
domain excess loss over a reference model trained with the uniform strategy. DOGE [7] solves the
DMO problem by tracking the data influence of each domain on the validation set and up-weights
the most influential domains. SKkill-It [3] trains several models to fit an inter-domain relation matrix,
which is later used to establish an incremental data mixing law that induces a mixture ratio oc update
rule. Aioli [2] improves Skill-It by dynamically updating the inter-domain relation matrix according
to current model states. For the baselines, We use the published implementations. || Averaged results
from 3 runs are reported. Due to limited space, the standard deviation is given in Appendix [D

Data-Abundant Pretraining In Table[2 (Upper), we see that TANDEM discovers mixture ratios
with comparative performance. As discussed in Section in this scenario, the uniform strategy
is highly competitive. The mixture ratio for the baselines is obtained from Aioli [2]]. We show the
step-wise data mixture ratio evolution during TANDEM in Figure 3 (Left). Note that the uniform
strategy is not the only valid solution to the DMO problem, and TANDEM finds another solution that
performs equally well. The detailed learned mixture ratio of each method is given in Appendix [E).

Data-Restricted Pretraining For the data-restricted training scenario, TANDEM significantly
outperforms baselines as shown in Table [2 (Lower). For instance, it achieves 28.07 averaged
perplexity, surpassing the most competitive Skill-It by 1.17 and the uniform baseline by 3.46. In this
scenario, the uniform strategy is no longer competitive. Equally assigning ﬁ weights potentially leads
to overfitting in small domains (repeated multiple times), while leaving the large domains underfitting.
The mixture ratios learned with TANDEM and other baselines are shown in Figure[5, and the step-
wise data mixture ratio evolution during the data mixture optimization is given in Figure 3| (Middle).
We see that after DMO, CommonCrawl and C4 take the majority, driven by their extensive lexical
diversity and complex semantics. Nevertheless, compared to the original data distribution, TANDEM
up-weights the small domains Arxiv, Books, Github, StackExchange and Wikipedia from 3.4%, 3.7%,
4.2%,2.8%, 3.1% to 8.9%, 8.5%, 7.6%, 11.5%, 7.9% respectively, preventing these small domains
from being overwhelmed while avoiding potential overfitting. Besides, we inspect the scalability

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

o B o 160M 410M 1B

a0 -352'2_';2@3..9, Avg. Time| Avg. Time | Avg. Time
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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 E TANDEM consistently
outperforms the baselines with large margin while not incurs much computational overhead. We omit
DoGE for the 1B model experiment due to its large memory consumption.

Supervised Fine-tuning The results for supervised fine-tuning are given in Table[4, For the text
generation tasks SQuADI1.1 and AMRSum, we report the Rouge-L score, For the multi-choice
tasks (MuTual, SemEval) and Yes/No tasks (SST2, BoolQ), the Accuracy is reported. We also outline
the averaged metric value as well as the test loss. TANDOM outperforms all the baselines. In SFT, the
improvement in test loss is more significant than that in the final evaluation metrics. We hypothesize
this is caused by the imperfect alignment between them [21} 30].

4.3 Analyses

To evaluate the effectiveness of each design component, we conduct ablation experiments with the
160M GPT-style model.

The Effect of Synchronizing v and w One obvious characteristic of our method is that the proxy
model u and the reference model w are synchronized by setting wét) = u(()t). We show the effect
of the synchronization by inspecting Dist(u, w) = ||lu — w||2 along the DMO training process.
From Figure[/(a), we see that with synchronization, the distance between u and w is well controlled
under 1.5e~* and gradually contracts during the whole DMO process. This contraction is critical
for w and o in the penalized problem (2)) converges to the original bi-level optimization problem

Table 4: Comparison for the S00M Qwen-2 model on a mixture of 6 supervised fine-tuning tasks.
Method  SQuADI.1 AMRSum MuTual SemEval SST2 BoolQ Avg. Metric 1 Test Loss |

Uniform 72.62 45.18 7272 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 4481 71.67  89.00 88.30 81.04 74.35 0.563
Skill-It 72.14 4421 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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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 w and the
reference model w incurs blown-up distance Dist(u, w) as shown in Figure[7(b)

The Effect of the Probing Steps K During DMO, 0.8 boce
the hyper-gradient A determines the update of . To 3 — b s
validate the effectiveness of K in reducing the variance =~ § 0-6 YT
A A g
of A, we trace cos (A, A} through the training. A is > 0.4
the hyper-gradient evaluated using another batch of data £ 0.2
other than that of A, so cos (A, A) Serves as a proxy s 0.0
~ <
of the variance, the better A and A aligns, the smaller 0.2
the variance of hyper-gradient is. We inspect under the 0 200 400 600 800

SFT setting where the model parameters exhibited large Steps

variance. During the training, c is fixed to prevent the Figure 8: The variance of A decreases with
interference of inaccurate mixture ratio. more probing steps.

From Figure[8, we see that DoGE exhibits the largest

A variance as it explicitly depends on the noisy parameter gradient estimation. As K increases, the
variance of A decrease, leading to more reliable update of the mixture ratio. Nevertheless, large K
increases the computational cost. So in practice and we need to deliberately choose the proper K.

The Effect of the Model Scale To investigate how the model size will impact the final mixture ratio.
In Figure |§ we compare « learned with models of size 160M, 410M, and 1B. We see that learned
« with larger models are slightly "sharper" than the smaller ones. More specifically, the 1B model
further increases the weights of the already large CommonCrawl and C4 while down-weights the
others. For large models, due to the increasing capability of memorizing samples, smaller domains
are less likely to be overwhelmed, while the risk of potential overfitting increases. The capability of
capturing this subtle difference further demonstrates the effectiveness of TANDEM. Nevertheless,
the optimal mixture ratios under different model scales share the same trend, so a smaller model can
work as a valid proxy for efficient searching.

5 Conclusion

In this paper, we propose TANDEM, a principled, efficient and versatile data mixture optimization
framework. By solving the DMO bilevel optimization problem, TANDEM ensures the optimality

of the learned mixture ratios, along with a O(T*i) convergence rate. Besides the algorithmic
contribution, from the bilevel optimization perspective, we further demonstrate the limitation of the
conventional data-abundant setting in DMO and advocate new settings like data-restricted scenario as
well as supervised fine-tuning. Extensive experiments and analysis are conducted to demonstrate the
effectiveness of our approach. Our work deepens the understanding of data mixture optimization and
expands its application scenarios.
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A Convergence of Bi-level Data Mixture Optimization

A.1 The Proposed Algorithm

As mentioned in the main part of this paper, the data mixture optimization problem is bi-level. Here
we present a theoretical analysis of the proposed TANDEM. The original bi-level optimization
problem

P IHGIJI}‘ Lya (w* () st w*(a) € S*(a) := argmin Lipain (o, w) (6)

is difficult to solve owing to the imposed hard constraint. We turn to the Lagrangian problem of P
such that

P’Y : aren.i\nw Eval (w) + Y (Ltrain(av ’LU) - H}}]n Ltrain(aa w)) (7)
There is a vast variety of existing literature e.g., [28, 17, [35]] discuss the relationship between the
Lagrangian problem P., and the original problem P. In a word, when taking  sufficient large, the
solution of P., will approximate the solution of P. Thereafter, we can develop the algorithm to P, to
solve P, as we did in this paper.

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

Input:

Train set Dsrain, validation set Dy, comprised of M domains.

Episode number T, Episode length E, Probing length for each episode K,

Learning rate 1w, Nu, Na for w (reference), u (proxy) and o (mixture) respectively.
Initialize proxy model parameters ©° and domain weights a:°.

2: fort =0 to T'—1 do

Ju—

/I Mixture ratio o update.

3: Set w8t>, uét) —u®,

4: fork=0to K —1do

5: u,:}rl = u,(:) — nuvuﬁtrain(a<t),u,(:)).

6w} =w — nu(VaLuw(w) + 7V Liain (@@, w)).

7:  end for

8 " =Ta(al? —na(Lutm(@” wid) Lol (@, uid))
reference model proxy model

/I Free model weights u update.
9: fore(t:()toE— 1do

}(1): g?+e+1 = ug":—e - nuvu‘ctrain(a(t+1)v ug?—&-e)'
. end for

12:  Setu®tD) « ugz_E

13: end for

Output:

model weights 'wg), domain weights ™.

A full workflow of Twin Networks for bi-level DatA mixturE optiMizatio (TANDEM) is shown
in Algorithm[I. TANDEM alternates between updating the mixture ratio o and the proxy model
u, whereas wu is used to approximate the minimum of L., (, w). Update of the mixture ratio
« requires probing the data efficacy of each domain. During probing, we optimize the reference
model w, as well as the proxy model u for K steps. w and u are respectively trained on the train
set and the train set plus validation set, their incurred loss gap captures the gain of incorporating the
additional validation data. TANDEM then up-weights domains that benefit more from additional data.
Notably, the proxy model u and reference model w are synchronized at the beginning of probing.
Since the updating of « requires u, w probing, we decrease the frequency of updating o to reduce
the computational cost, and leave the w trained freely for E steps before the next o update.

A.2 Convergence Rate

Next, we explore the convergence rate of the proposed Algorithm[I} For the original problem P (6)
its convergence property under the iterates obtained by solving the Lagrange problem (7) has been

13
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explored, under different regularity conditions [28, |17]. In this paper, we will present our result under
a mild Polyak-Eojasiewicz (PL) condition [41}[15} 28} 42, 25]], which has been widely imposed to
study the bi-level optimization problem. Technically, we will impose the following Assumptions to
derive the convergence rate. Before illustrating our Assumptions, we need the following definitions
to simplify the notations. We denote

H'y(aa ’LU) = Eval(w) + Y (‘ctrain(ay ’UJ) - IIL.I)H Etrain(aa ’UJ)) ) (8)
with S¥(a) = {w : w € argming H,(,w)}, and define S*(a) = {w : w €
arg ming Lerain (o, w)} and

H(a) = inf Loa(w), 9)
weS*(a)

where H () is well-defined since Ly, 4in (e, w) is continuous to w. Besides that, the minimum of
H () is exactly the solution to original problem P (6).

Assumption 1 (PL condition). For any o € A, both Liyain (0, w) and H~ (o, w) satisfy the PL
inequality with coefficient | and ., respectively. That says:

1
»Ctrain(av w) — min »C'train(a» ’lU) é 27 ||Vw£train(a7 u’)”2 (10)
w H
and .
H (o, w) — minHy (o, w) < ﬂHV’HW(a,w)HQ. (11)
w Y
Moreover, the coefficient ji-, satisfies lim_, o “7” =1

Assumption 2 (Smoothness). For any o € A,

1. Both V. Liraim(o,w) and VLo (w) are Lipschitz continuous to o (hold for
Vo Lirain (@, w)) and w on coefficient L.

2. Forany a € A, both Lipain (o, w) and La (w) are Lipschitz continuous to w with coeffi-
cient B.

Assumption 3 (Bounded Hessian). For any o € A, w € S*(a), and positive constants A, p, the
Hessian matrices V yyap Lirain (0, W) = and V2, Lirain (0, w) < p.

Assumption 4 (Lipschitz Hessian). For any o € A, Liyain (@, w) is two-times continuous differen-
tiable, and the Hessian matrices V2, Lirain (06, W), V2, Lirain (e, w) are all Lipschitz continuous
to w with coefficient H.

Assumption 5 (Bounded Loss Function). The non-negative loss function Liyain (o, w), Lya1(w) are
uniformly bounded by positive constant D.

Notably, for the bounded Hessian condition, due to the structure of Lt ain (¢, w), it can be implied
by the lower bounded V 4, L1, (w) and an upper bounded V o, Liyrain (w) for any m. Moreover, it
worth noting that for bi-level optimization problem, it is standard to impose some regularity conditions
to the Hessian matrix. For examples, the smooth Hessian in [28} |17]] and lower bounded Hessian in

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

Next, we present a lemma to characterize the gap between the gradient of V,H(a) and
VaH, (o, w).

Lemma 1. Under AssumptionsE}H for any given o and w; () € S5 (ev), it holds

0 . 1 (HB? /p pLB
C,)a?-iy(a,wv(a))H < ( v (5+1)+ M) (12)

o

Proof. Without loss of generality, suppose that H () = Lya1(w* (), due to the chain rule, we have

Vat(a) = Vi Lyal(w* () = Vaw* () T Vo Loat (w* (). (13)

3For two matrices A, A > X means A — A is a positively semi-definite matrix.
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s03  To simplify the notation, we denote w () and w* () as w? and w* in the sequel. On the penalized
504 probelm, for any wfy(a), we have

0

%Hy(a, w?)

= VaoH, (o, w}) + VawaTVw”Hy(a, wy)
= Vo, (o, w?)

=7 (VaLorain (0, 2) = VaLiain (0, w*) = Vaw™ T Vi Loain (r, w*)) (14
=7 (VaLirain (0, wh) = VaLirain (@, w*) = Vi, Lirain (0, w*) (wl — w*))

— Va0 (Ve Lyal(W*) + ¥V Lirain (o, w*))
+ Vaw* " Vi Lyal (w*) + YV20 Lirain (o, w*) (w

L),

s05 Besides that, we have
vaw*T (Vwﬁval(w*) + 'Yvwﬁtrain(aa w*))
- Vaw*T (vwﬁval(w*) -V »Cval(w*))
+’7VQW*T (vwﬁtrain(a7w ) V £trauln(cu w )+wa£tra1n(a w )(w*

5
+ 'Yviw Lirain (o, w™) (wj;

15)
_ w*))

—w’),

s06  due to the optimal conditions V., Lyal(w2) + 7V Lirain (o, w) = 0, and V wLtrain (0, W) +
507 Vow* V2 Liain(a,w*) =0. Comblmng the two above equations and (13), we get

9 .
|l - V)|
H’V (V Etraln(a w ) v Etram(a w ) viwﬁtrnin(a ’LU )H
+ ||7vaw (vwﬁtrain(a w ) V £tra1n(a w )+ vwwﬁtraln(a w )(w:ky w*))H

+ ||V(xu’*—r (vw‘cval( ) v Eval )H
<AH (£ 41) fw —wi|? + %nw* — ),

(16)
s08  due to the bounded Hessian Assumption [3, Smoothness Assumption [2, and Lipchitz Assumption
509 E Then, due to the PL condition|l and Smoothness Assumption E we know there exists a w’ (the
sto projection of w* to S%(cx)) satisfies

* * 1 *
||w - 'LU,Y” < ;”Vwﬂtrain(aaw'y)”

1 * * *
fu (va‘cval('ww) + 'Yvw‘ctrain(ww)H + ”Vw‘cval(wy)n)

* a7
_ ”vwﬁval(w'y)”
TH
B
<=,
T
511 Combining this with inequality (16), we obtain the conclusion under such w’,. Finally, due to

stz the Lemma A.5 in [25], we know that 1., (o, w?) is invariant over w’ € S%(cx), we prove our
513 conclusion. O

st4 From Lemma |I, we know that the gap between the gradients of original problem H () and its
s15  Lagrange version 1. (c, w () can be extremely small by invoking penalty parameter y — 0.
st6 Thus, it implies that we can compute the gradient of Lagrange problem to implement the gradient-
517 based method. Next, we illustrate an useful lemma, which characterizes the (semi)-Lipschitz
s18  continuity of w () and w* () to cx.
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Lemma 2. Under Assumptions([l|and[2] for any o, o2 € A, it holds
* * L
[w* (1) —w*(ee)| < ;Hal — azl], (18)

for any w*(a1) € S*(a) and w*(cz) € S* () satisfies w* (o) = argMingeg«(ay) [[w —
w*(ay)||. On the other hand, it holds
* * L
e (@) — w3 ()| < =l — e (19)
gl
for any wX (1) € Sy(on) and some w’(a2) = arg minyes: (a) [|w — w3 ()]

Proof. The two conclusions are directly obtained from Lemma A.3 in [25]], we prove the second
conclusion due to the formulation of V,, H-, (o, w), we know

[Vt (a1, wi (@)l = [[VwHy (0, w)(az)) = Vi Hy (a2, w ()|
=7 ||V Lizain (@1, wl(@2)) = Vi Lirain (02, w ()| (20)
<Ll — g,
due to Assumption[2] On the other hand, by invoking the Assumption [I]and
19 (en, w7 (02) | = |V Lont (07 (@) + 7 Vo Lorain (01, w3 (c02))|
> 1y |[w () — w? ey

where w’ (e ) is the projection of w*(a2) to S (cx1). By combining the two above inequalities, we
obtain our second conclusion. The first conclusion can be similarly proved. [

2n

From this lemma, we can obtain the following Lipschitz smoothness of 1., (c,w’(c)) by the
following Lemma. It worth noting that 1., (o, w () is invariant over w’ (o) € S7(ev) as discussed
in the proof of Lemma|l} Thus, the Vo #- (o, w}(ex)) is well-defined.

Lemma 3. Under Assumptions and Vot (o, w’ () has semi-Lipschitz gradient such that

L L
[ Vats (1,07 (00)) = Vs (s, w (az))ll<wB<Z+u> lor —ewll. @)
\—W/_/
L’Y

Proof. From (14), we see
HVQ’Hﬂ,(al,wi(al)) —VoH (ag,w* as)) H
< || VaLirain (@1, wh(a1)) = VaLirain (o2, wk(az)) ||
+ 7 |VaLirain (a2, w*(az2)) — VaLiain (o, w* (al))H (23)
< B ([lwy () — wy(az)]| + [[w(on) — w(az)])

yL L
< B( + )|al—6¥2||,
My  H

which proves our conclusion. O

Notably, for the original optimization problem, there exists a constrain o € A. Thus, to prove
the first order stationary condition of constrain problem mingec 4 Hea, We consider the generalized
projected gradient stable condition, i.e., ;- a® —TL4(a® — 0o VaH(a®))|| < € for some small
negative e. This is a standard first order stationary condition for Non-convex optimization problem
with constrains [28] 40} [§]. Due to Lemma|l} we know that

77% Ha(t) — HA(a(t) — naVaH(a(t)))H _ 77% Ha(t) _ HA(a(t) _ naVaHv(a“),w’;(a“))))H
< "Iia HHA(a(t) — naVQH(a(t))) _ HA(a(t) _ Wavan(a(t),w:(a(t))))H

(24)
< [Vart(@®) = Vot (@@, wi (@)

o (2)
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when v — oo, where the second inequality is from the Lipschitz continuity of projection operation
[8]. Thus, the above inequality indicates that to prove the first order stationary condition of H (),
it is sufficient to prove the first order stationary condition of 7, (o, w). Next we present our main
theorem, i.e., the formal version of Theorem' which shows the convergence result of H« (o) under
Algorithm m

Theorem 1. For sufficiently large T', under Assumptions for the a'") obtained in Algorithm it
holds

S la® t) _ (t) -1
12%77 Ja® — Ta(@®) — e VaH(a®))| < O (T7F) (25)

3 3
. _ log 2D(1+—y) log pyT 4 _ 1 _ 1
by selecting v = VT, K > oa(1_r2Y) (17“7) E > min 1’71015( oy K} ne = T e = 1o

Nu =

S~

Proof. As mentioned in (24)), it is sufficient to prove the first-order stationary condition for H (a, w).
Due to the Lipchitz smoothness of it, we have

Hv(a(t+1)7w:(a(t+l>)) - Hv(a(t)a w:(a(t)))
* L
oty (@ wl (@), "V —a®) 4 et — o)

Vo, (a® w?, §§>),a(f+1>—a“>>

<(
=(

+{Vats (@, w(a) - VaFy (@, 0l ul), o+ — o) (26)
+% o+ _ @

e Vot @ wi(0) - Vo, @ wld uld) |

I

L 2
< (L2 _ H t+1) _ o ®
B ( 2 277a> “ i

where the last inequality is due to the property of projection operator and Jensen’s inequality. Let
us define a1 = T 4(al) — o VaH, (), wi(al?)))), we proceed to upper bound the gap
between ||a*+1) — a®| and ||a*t1) — a(?)||. By the triangle inequality

‘Ha(tﬂ) a®| = JaV - a(ﬁ)H’

< [|a®tth — o)

< 1 (0 = naVaF, (@@ wid ufd)) ~ T (¥ = na Vol (@, wi @) | @7
< o [V (@, w0 u?) - Vatty (), w! (@)

< nayBllw — wi(a™)| + navBlul — w(a)],

where the last inequality is from the smoothness Assumption wf/(a(t)) and w* () are respec-

tively the projection of w&? and u(l? to 57 (a®) and S*(a®). Firstly, due to the PL-condition and
Lipschitz smoothness of Ly;ain, We have

t t t t t t t) 12
Actrain( ’u’l(cJ)rl) ﬁtrain(a(t)»u}(c)) S <vw£train( 2 UEC)) u](cil - ( )> 7” ](ﬁ)Ll - ul(c)”

1
—5 1 VeLiman(a, u)|

S _E (Etrain(a(t)yus)) - Etrain(a(t)7 w*(a(t)))) )
L
(28)
which implies
() _ o Oy < 2 (1 B\ETE ) L ON () (D)
il —w (@) < (1= F) 7 (Loun(@® ) = Loun(a® w’ (@)
) u\EK+E
<21 E 29
_,u( L) @9
_3
:o(T 4)4
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due to the selection of K and F and the PL condition of L, (o, w) (which implies the error bound
condition [15]]). Similarly, we can prove that

® (a2 < 2 (1 2)V* () By _ ® 0 (e ®
i —wi@IF < = (1= 7)) (Hae?, wid) = Ho (o wi(@))
K
Sl( _lﬂ) (14++)D (30)
Hry L,

—o(r1).

Combining 27), 29), and (30), we have

2 2
Moy (@D, w3 (@) = 2, (o), wiy (@) < ——— [alD — a1 +o(”°‘7 ) (31)

1
Ane T

so that, by combining ({27), we get
T T
1 1 2 1 2
AN gy _ ol « LN 2 H (t+1) _ o ®
r gl et < 1 e -

* . * (0)
< Hn,(a(()),w(v )(a(o))) —infg, 7_#7(01(0)7“/&Y ) (e )) Lo ( 72 )

2 2
{10 — a®) — ) — ]| }

- naT 3
1
—o(—).
(7)
(32)
Due to the definition of a(*+1), combining this with (24), and the value of -y proves our conclusion.
O
B Proof of the Proposition
Proposition 1. Assume L}, = L7, the uniform mixture ratio o, = ﬁ form=1,.... M
constitutes a valid solution of (I)).
Proof. Let L7 = L7 = Equa[L,] := L. To establish the above, it suffices to show:
M M
Y Lawt (@) < Y Li(w* (@)
m=1 m=1
which is equivalent to:
M M
> amlm™(w (@) < > am L™ (w* (a)) (33)
m=1 m=1
Because w* (&) is the minimizer of the inner-level problem under uniform weighting, we have:
M M
Y anLm(w (@) < Y aml™(w) (34)
m=1 m=1

for any w. In particular, by choosing w = w™* (), the right-hand side becomes the expression
in (33), completing the proof. O

C Implementations and Hyper-parameters

Hyper-parameter settings The detailed hyper-parameters for the TANDEM algorithms in the
conventional data-abundant pretraining scenario, the data-restricted training scenario, and supervised
fine-tuning are shown in Table[5. Given the optimized mixture ratio, we resample the corpus to
construct the final dataset for model training.
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Table 5: Hyper-parameters of TANDEM for different application scenarios

Data Aundent Data Restricted Supervised Fine-tuning
GPT-like 1I60M 160M  410M 1B Qwen2-0.5B

Batch Size 8 128 128 128 32
Learning Rate 1, Se-5 Se-4 Se-4 Se-4 4e-6
Learning Rate 7, S5e-5 Se-4 Se-4 Se-4 4e-6
Learning Rate 74 2e-3 4e-3 4e-3 4e-3 4e-3
Learning Rate Scheduler Cosine Cosine Cosine  Cosine Cosine
Penalty v 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 le-2 le-2 le-2 le-2 le-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:|:(),13 31.53:|:()_11 29.59:|:().()2 29.91 +0.09
DoReMi 28.32i0,12 36-91i0.09 54'61i0.60 56.53i0,53
DoGE 26.60021 30.104005 27.4540.02 -

Skill-It 25.87 1007 29.24_ 08 27.704005 27.1540.17
Aioli 25.6610.14 31.194025  28.79 4006 28.07 4003
TANDEM 25.43.415 28.07 1007 25.00-00; 24.35 003

D Comparison with Standard Deviation

We test each method in Table [2, Table[3 and Table[d 3 times. The average accuracy and standard
deviation are reported in Table|6|and Table

E Visualization of the Optimized Mixture Ratios.

We visualize the mixture ratio learned in each application scenarios in Figure [9, Figure [I0] and
Figure For the baselines, the average proportion over the entire training trajectory is taken. While
for TANDEM, we use the average mixture ratio at the last 10% training trajectory.

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

Method  SQuADI1.1 AMRSum MuTual SemEval SST2 BoolQ Avg. Metric 1

Uniform 72~62i0.28 45.18i0_19 72~72i0.58 89-7510.58 87.75i0_20 80~29i0.60 74-72i0.18
DoReMi  71.404071 43.40100s 70.97 1057 88.504044 87.004045 77431016 73.111013
DoGE 71.264044 44.814034 71.67 1016 89.0040.16 88.301045 81.041016 74.35+0.18
SKill-It  72.144013 44.211037 73.074051 89.401014 88.401075 80.344020 74.6010.15
Aioli 72.354042 45.014018 73.57 1068 89.104032 88.1040.12 79.644041 74.6340.15
TANDEM 72.731010 45.191004 73.77 1044 89.701030 88.701060 80.041070 75.0310 14
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Figure 9: Mixture ratio learned by different methods in the data-abundant pretraining.
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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.

s53. F Summary of Notations

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.
D, The m-th domain data.
Dirain Train set.
Dyal 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*(a) Solution set for the lower level problem.
S’ () Solution set for the penalized problem.
o Data mixture ratio
A The probability simplex.
Problems & Losses trin Train loss on the m-th domain.
o Validation loss on the m-th domain.
Lirain Overall train loss weighted by the mixture ratio c.
Ly Overall validation loss.
H(ax) The upper-level loss with the lower-level problem optimized.
H~ (o, w) The loss of the penalized problem.
Function Properties 1 PL coefficient of the lower-level problem.
ey PL coefficient of the penalized problem.
Lipschitz constant for V., Ly (@, w) on w.
B Lipschitz constant for Ly, (o, w) and Ly, (w) on w.
Aand p  Hessian Ve Liain (0, w) = X and V2, Liin (o, w) < p
H Lipschitz constant for V?2,,, Liain (o, w) and V2, Liain (@, w).
D Upper bound for the train/validation loss.
L, Lipschitz constant for Vo 1, (o, w? (cv)).
Train t Mixture ratio o training step
T The total number of o update.
k u and w update step.
e Free u update step.
K The number of u, w probing update for one o update.
E The number of u free update.
N The learning rate on cx.
N The learning rate on w.
Nw The learning rate on w.
vy The penalty strength.
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G Limitations and Future Works

Despite the advancements introduced in this work, several challenges remain open for future research.
The limitations of this paper are as follows: (1) Due to limited computational resources, our ex-
periments were conducted using models of up to 1 billion parameters. Although our experimental
results demonstrate TANDEM'’s effectiveness at this scale, the constraint on model size limits our
ability to verify whether our findings generalize to significantly larger models, such as those with 405
billion parameters. (2) Our current data mixture optimization (DMO) approach is validated on coarse,
naturally occurring domain splits. For example, the SlimPajama corpus consists of seven domains
sourced from different origins. The impact of using more fine-grained and intentionally designed
domain splits on DMO performance remains unexplored and presents an interesting direction for
future investigation.

22



	Introduction
	Methodology
	Problem Formulation
	Twin Networks for Bi-level Data Mixture Optimization
	TANDEM Improves Existing DMO Methods
	Domain Reweighting Beyond Traditional Settings

	Related Work
	Experiments
	Experimental Setup
	Comparisons with State of the Arts
	Analyses

	Conclusion
	Convergence of Bi-level Data Mixture Optimization
	The Proposed Algorithm
	Convergence Rate

	Proof of the Proposition
	Implementations and Hyper-parameters
	Comparison with Standard Deviation
	Visualization of the Optimized Mixture Ratios.
	Summary of Notations
	Limitations and Future Works

