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ABSTRACT

Co-optimizing data and model configurations for training LLMs presents a classic
chicken-and-egg dilemma: The best training data configuration (e.g., data mixture)
for a downstream task depends on the chosen model configuration (e.g., model
architecture), and vice versa. However, jointly optimizing both data and model
configurations is often deemed intractable, and existing methods focus on either
data or model optimization without considering their interaction. We introduce
JoBS, an approach that uses a scaling-law-inspired performance predictor to aid
Bayesian optimization (BO) in jointly optimizing LLM training data and model
configurations efficiently. JoBS allocates a portion of the optimization budget
to learn an LLM performance predictor that predicts how promising a training
configuration is from a small number of training steps. The remaining budget is
used to perform BO entirely with the predictor, effectively amortizing the cost
of running full-training runs. We study JoBS’s average regret and devise the
optimal budget allocation to minimize regret. JoBS outperforms existing multi-
fidelity BO baselines, as well as data and model optimization approaches across
diverse LLM tasks under the same optimization budget. Our code is available at
https://github.com/a35453779/JoBS.

1 INTRODUCTION

There is great commercial and practical interest in maximizing the performance of an LLM for down-
stream tasks. To do so, practitioners typically optimize the LLM training components, particularly the
training data and model architecture. From the data perspective, better training data can be chosen
via data optimization (Koh & Liang, 2020; Xia et al., 2024; Xie et al., 2023b) and mixing (Chen
et al., 2025a;c; Liu et al., 2025; Xie et al., 2023a; 2025). From the model perspective, various model
optimization methods (Raschka, 2020; White et al., 2020; Zhang et al., 2024b; He et al., 2024) have
been introduced to select the most appropriate model for a given task.

In practice, optimizing training data and model architecture is a highly interdependent process.
Finding the best training data configuration (e.g., data mixture) depends on the chosen model
configuration (e.g., model fine-tuning architecture), but determining the best model configuration
also depends on the chosen data. This presents a classic chicken-and-egg dilemma where the optimal
choice of training data depends on the optimal choice of model configuration, and vice versa.
Optimizing data and model independently often leads to sub-optimal LLM performance (Chen et al.,
2024). This is demonstrated in Sec. 6 where we naively combined data and model optimization
methods.

Unfortunately, jointly optimizing training data and model configurations is often deemed challenging
and budget-intensive. Prior scaling law works (Hoffmann et al., 2022; Kaplan et al., 2020; Shukor
et al., 2025; Zhang et al., 2024a) attempt to quantify the effects of each training component on
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Figure 1: JoBS optimally balances budget between learning a performance predictor and running
Bayesian Optimization iterations.

downstream performance while prescribing simple guidelines for choosing good training components.
However, they require an exhaustive search over a large number of training configurations, which is
infeasible in practice.

Our paper frames this chicken-and-egg dilemma as a joint optimization problem w.r.t. training data
and model configurations for LLMs. To solve it efficiently, we present Joint Bayesian Optimization
with a Scaling-law-inspired predictor (JoBS), an algorithm that uses a novel performance predictor
to aid BO in accelerating joint optimization. We show that the predictor does not need to be perfectly
accurate; it only needs to provide sufficiently informative signals during the optimization process.
We summarize JoBS in Fig. 1 and present our main contributions:

• We propose JoBS (Sec. 5), an algorithm that efficiently optimizes LLM training configurations by
interleaving BO (Sec. 5.1) with a performance predictor that predicts how promising a training
configuration is, amortizing the cost of performing full-training runs. This enables far more BO
iterations within the same optimization budget.

• We show that learning an accurate performance predictor requires us to fully train an LLM over a
good coverage of initial training configurations (Sec. 4.2). We demonstrate an inherent tradeoff
under a fixed budget: performing more full-training runs to train the predictor improves the quality
of each BO observation, but reduces the subsequent number of BO acquisition steps available.

• We theoretically analyze how the performance predictor’s error propagates into JoBS’s average
regret. From this, we find the optimal budget allocation that one should use to train the predictor
and minimize regret (Sec. 5.4).

• We show that JoBS attains performance improvement over existing data optimization, model
optimization and multi-fidelity BO baselines on a variety of LLM tasks (Sec. 6). We also run abla-
tions to demonstrate how the performance of JoBS varies w.r.t. the accuracy of our performance
predictor, affirming our theoretical findings.

2 RELATED WORK

Multi-fidelity BO. BO has been widely adopted for optimizing black-box functions where evaluations
are costly (Srinivas et al., 2010). In particular, multi-fidelity BO (Wu et al., 2019; Yen et al., 2025;
Swersky et al., 2014; Lee et al., 2025) models the relationship between low-fidelity and high-fidelity
observations to strategically select which fidelity to perform trials in. In our setting, the LLM
performance at a small training step can naturally be viewed as a low-fidelity observation. JoBS
differs from multi-fidelity BO by first using an optimal portion of the optimization budget to learn a
performance predictor, before performing BO entirely using this neural network predictor without
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revisiting any high-fidelity evaluations. In App. A, we provide a detailed analysis of the difference
between our work and existing multi-fidelity BO works, such as freeze-thaw methods (Swersky et al.,
2014) and early-stopping (Dai et al., 2019).

Data and model optimization. Conventional data (Koh & Liang, 2020; Xia et al., 2024; Chen
et al., 2025c; Wang et al., 2024b) and model (Liu et al., 2019; He et al., 2024; Zhang et al., 2024b)
optimization works have only optimized either the data or model component independently. To our
knowledge, JoBS is the first algorithm that jointly optimizes LLM data and model components.

LLM Scaling Law. Existing scaling laws (Kaplan et al., 2020; Hoffmann et al., 2022; Zhang et al.,
2024a; Shukor et al., 2025; Wu & Tang, 2024; Chen et al., 2025b) establish symbolic formulas that
extrapolate LLM performance from a small number of training steps. Unfortunately, as shown in
Sec. 4.2, these formulas do not work well in our problem setting because they are defined w.r.t. a fixed
training configuration (e.g., the same training data pool), while we need to predict LLM performance
for a wide range of different LLM training configurations. Notably, Yen et al. (2025) explored data
mixtures optimization by using neural networks to predict LLM performance, but did not consider
the cost of training the predictor as part of their optimization budget.

3 PROBLEM SETUP

We consider two types of training components: training data X and model M. Given these training
components, we define a training process PB that fine-tunes an LLM for B training steps to produce
trained LLM weights θX ,M,B ≜ PB(X ,M), which can be evaluated over a predefined performance
metric L. Our formulation is flexible enough to accommodate different, possibly black-box metrics
(e.g., question-answering accuracy, evaluation loss). This is similar to the setting introduced by Chen
et al. (2025c) where we do not have any fine-grained knowledge of data involved in the evaluation task.
Our goal is to find training component configurations X ,M that maximize the LLM performance
metric:

max
X ,M

L(θX ,M,B) . (1)

Data X . Assume we have N training datasets D ≜ D1

⋃
D2

⋃
· · ·
⋃
DN from N different domains

(e.g., Wikipedia, TruthfulQA (Lin et al., 2022) for language tasks). The training data component
consists of a subset of data X ⊆ D. In general, the selection of X ensures the selected data points
are more relevant to the given task (Chen et al., 2025c) or of higher quality (Wang et al., 2024a;
Xia et al., 2024; Zhang et al., 2025). In our work, we overload the notation X to represent a data
mixture’s mixing ratio (Chen et al., 2025c), represented by a probability simplex of dimension N − 1
(X ∈ ∆N−1 ⊂ RN ). This implies that optimizing the data mixture requires us to find the optimal
mixing ratio across the N data domains.

Model M. Our formulation is flexible enough to incorporate any model configuration that needs
to be optimized. To simplify our formulation, our work focuses on parameter-efficient fine-tuning
(PEFT) of LLMs with LoRA (Hu et al., 2021), but we also extend our work to the full-parameter
fine-tuning setting in App. H. The optimization problem takes as inputs: (1) the LLM modules where
PEFT is applied (e.g., Q,V -projection (Vaswani et al., 2017)), (2) the layer(s) where LoRA is applied
(e.g., layer 30), and (3) the PEFT hyperparameters, including LoRA rank, α, and dropout (Hu et al.,
2021). These inputs can be concatenated into an M -dimensional vector M ∈ (Z+)

M ⊂ RM .

We also consider a total optimization budget C ≥ B, which prior work (Yen et al., 2025) does not.
A practitioner needs to optimize the training configuration within this budget. For instance, if our
optimization budget is C = 50000 training steps and each full-training run consumes B = 1000
training steps, then we can only evaluate C/B = 50 different training configurations. JoBS amortizes
the cost of each training run to Bsmall < B with a performance predictor, allowing it to run many
more BO iterations. Our work also theoretically analyzes the tradeoff between the cost of training the
predictor and BO iterations in Sec. 5.4.

4 PRELIMINARY FINDINGS

The objective function of Problem 1 that describes the relationship between selected training com-
ponents X ,M and fine-tuned LLM performance L has no closed-form expression. As mentioned,
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JoBS uses BO and a performance predictor to solve the problem. To motivate these design choices,
we present several empirical findings that give us a clearer understanding of the optimization problem
at hand.

4.1 PERFORMANCE LANDSCAPE

(a) LLM performance varies with data mix-
tures.

(b) LLM performance varies with LoRA
configurations.

Figure 2: LLM performance varies with different configurations.

We first investigated the performance landscape of our optimization problem. In Fig. 2, we fine-tuned
a Llama-3-8B-Instruct (Grattafiori et al., 2024) model with varying LoRA configurations and
data mixtures and plotted its performance on the GSM8K (Cobbe et al., 2021) task (averaged over
5 trials). The landscape shows that certain LoRA layer, rank, and data mixture yield better perfor-
mance (more than 10%) than an arbitrarily chosen configuration. While optimizing LLM training
configurations leads to significant performance improvements, the optimal training configuration is
difficult to find via heuristics (Radford et al., 2019; Gao et al., 2020). In addition, the performance
landscape varies rather smoothly, making BO a suitable black-box optimization approach, since we
can effectively model the landscape with a smooth surrogate function (Frazier, 2018).

4.2 AMORTIZATION BY PREDICTING PERFORMANCE

We then investigated how well a small number of training steps can predict LLM performance at
larger training steps in the fine-tuning setting. Fig. 3 shows that the change in LLM evaluation
performance varies widely depending on the chosen training configuration. For instance, if a good
training configuration is chosen (green), performance improves with more training steps. In contrast,
training with a suboptimal training configuration (orange) causes performance to decrease as training
steps increase. This is unsurprising as we expect certain data mixtures to degrade LLM performance
for a mismatched task. In our setting, we need to predict LLM performance for different training
configurations that we do not know beforehand. While existing scaling law formulas (Zhang et al.,
2024a; Chen et al., 2025b) attempt to predict LLM performance, we cannot reuse them since they are
defined for a fixed training configuration. Therefore, JoBS uses a more expressive and generalizable
neural network (Sec. 5.2) to predict LLM performance from a small number of training steps across
different training configurations. While this network does not admit an interpretable or symbolic
representation like scaling laws, its primary role in our work is to provide useful signals and accelerate
the optimization process.

5 INTRODUCING JOBS

JoBS features two main components: (i) We use a surrogate Gaussian process (Williams & Ras-
mussen, 2006) to model the empirically smooth performance function landscape L (shown in Fig. 2),
allowing BO to search for the optimal training configuration in a sample-efficient manner (Sec. 5.1).
(ii) Before optimization, we allocate a portion of the optimization budget to learn a performance
predictor that estimates the trained LLM performance from a small number of training steps (Sec. 5.2),
amortizing the cost of full-training runs and increasing the BO iterations available.
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Figure 3: A neural network can be trained to predict LLM performance from small training steps.

A key question is how much optimization budget we should allocate to learn our predictor. Suppose we
have an optimization budget of C = 50000 training steps and each full-training run consumes a budget
of B = 1000 training steps. Running BO without a predictor admits only 50 BO iterations. However,
if we use 60% of the optimization budget to collect full-training runs and train our performance
predictor to predict the full-training performance from Bsmall = 100 training steps, we can run four
times as many BO iterations: (C − 30000)/Bsmall = 200.

A clear tradeoff exists: allocating too much budget to train the predictor leaves fewer BO acquisition
steps available to effectively search for the optimal training configuration, while collecting too few
full-training runs leads to an inaccurate predictor that does not faithfully recover the true performance
landscape and degrades the optimization performance. We analyze the performance tradeoff between
the number of initial full-training runs and remaining BO iterations theoretically (Sec. 5.4) and
empirically (Sec. 6.4), allowing us to mathematically derive the optimal budget allocation. Notably,
the performance prediction does not need to be perfect; the BO framework gracefully treats any
prediction noise as observation noise, allowing JoBS to converge to the optimal training configuration
(Theorem 5.1).

5.1 BO AS THE BACKBONE OF JOBS

We consider LLM performance as a function L : Rd 7→ R over the space of inputs x = [X ,M] ∈ Rd

where d = N +M (see Sec. 3). We treat our objective function in Problem 1 as a black-box function
whose maximum x∗ ≜ argmaxx L(x) we want to recover. In line with existing work, we model L as
a surrogate Gaussian process (GP) (Williams & Rasmussen, 2006). In each iteration t = 1, 2, . . . , T ,
we use an LLM training configuration xt to obtain a noisy realization of the LLM performance (after
training with xt) yt ≜ L(xt) + ϵt, which we assume is corrupted with sub-Gaussian noise ϵt (e.g.,
normally-distributed noise) to form the sample (xt, yt). Consistent with the work of Chowdhury &
Gopalan (2017), our GP is specified by its prior mean µ(x) and covariance κ(x, x′) for all x, x′ ∈ Rd,
where κ is a kernel function that characterizes the correlation between two inputs x and x′.

Given the noisy observations yt ≜ [yτ ]
⊤
τ=1,...,t at inputs x1, . . . , xt, the posterior belief of L at any

new input x′ is a Gaussian distribution with the posterior mean and variance given by

µt(x
′) ≜ κ⊤

t (x
′)(Kt + ζI)−1yt

σt(x
′) ≜ κ(x′, x′)− κ⊤

t (x
′)(Kt + ζI)−1κt(x

′)
(2)

where κt(x
′) ≜ [κ(x′, xτ )]

⊤
τ=1,...,t is a column vector, Kt ≜ [κ(xτ , xτ ′)]τ,τ ′∈1,...,t is a t × t

covariance matrix, and ζ > 0 is viewed as a free hyperparameter (Chowdhury & Gopalan, 2017). By
learning the correlation between inputs and observations, modeling L with a GP allows us to model
the relationship between training configurations and LLM performance.

Using BO for our joint optimization problem. To determine the best configuration x∗, we strategi-
cally choose an LLM training configuration to evaluate at each iteration to determine its performance
and continually update the GP in (2) to better estimate L. In round t, the BO algorithm proposes
the next configuration xt+1 that maximizes an acquisition function, e.g., the upper confidence
bound (UCB) (Srinivas et al., 2010). More details on BO can be found in App. B. We assess the
convergence of a BO algorithm by analyzing its average regret after T BO iterations, given by
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RT ≜ T−1
∑T

t=1(L(x∗) − L(xt)) (Tay et al., 2023) where L(x∗) is the optimum. We provide a
theoretical analysis of JoBS’s average regret in Sec. 5.4.

5.2 AMORTIZATION WITH PERFORMANCE PREDICTOR

We found that BO alone can already achieve a considerable improvement in LLM performance over
other data and model optimization baselines (Sec. 6.2). However, directly applying BO requires
us to fully train an LLM at each iteration. To amortize the cost of running these expensive trials,
we learn a performance predictor to estimate the full fine-tuned LLM performance from a small
number of training steps. This allows us to run significantly more BO iterations and enables us to find
better-performing training configurations. Contrary to previous work (Swersky et al., 2020; Yen et al.,
2025), we additionally provide a detailed analysis of the computational cost tradeoff from training
this predictor.

For our predictor to work, we need to predict LLM performance for different LLM training config-
urations (which we do not know in advance) at each BO iteration. To do so, JoBS learns a neural
network, which takes any LLM training configuration [X ,M] and its performance L(θX ,M,Bsmall)
at timestep Bsmall < B as inputs and predicts the final fine-tuned LLM performance. In our work,
we use the LLM performance at a few earlier, sequential training steps to make more accurate
predictions. For example, in our experiments we use the observed LLM performances before 100
training steps to predict the final LLM performance at 1000 training steps. Some examples of the
predictor’s predictions are shown in Fig. 3. In our ablations, we found that a larger Bsmall also allows
the predictor to make more accurate predictions at the expense of consuming more optimization
budget, which is consistent with Theorem 5.1.

JoBS learns the predictor in two stages. First, it collects a random Sobol sequence (Nguyen et al.,
2018) of N LLM training configurations over X and M. This ensures the predictor is trained
with a diverse set of data. For each configuration, the LLM is trained to completion, and we
observe LLM performance at a small number of training steps L(θX ,M,Bsmall) and after a full-training
run L(θX ,M,B). These observations are also used to fit the GP surrogate that approximates the
performance landscape (Sec. 5.1). Second, using this initial set of full-training observations, JoBS
fits a neural network F : (X ,M,L(θX ,M,Bsmall)) 7→ L(θX ,M,B), which predicts the final LLM
performance from a short training run. After learning the predictor, JoBS proceeds with BO normally
(Sec. 5.1) but at every iteration, it only trains the LLM for Bsmall steps and uses F to predict the
corresponding full-training performance L(θX ,M,B). The predicted full-training performance is then
used to update the GP model for that iteration.

5.3 PREDICTION ERROR AND PERFORMANCE TRADEOFFS

Figure 4: Prediction error of the predictor in JoBS w.r.t. different number of initial full-training runs
N

Prediction error. Fig. 4 illustrates how the prediction error of F varies with the number N of
initial full-training runs. Increasing N improves the predictor F’s accuracy, as shown by the higher
R2 scores and tighter error concentration around zero. Empirically, we observe that the prediction
error is well approximated by a normal distribution, whose variance decreases as more full-training
observations are collected (i.e., increasing N ). It is worth mentioning that despite prediction errors,
JoBS is still shown to converge theoretically (Theorem 5.1) and empirically (Fig. 5).
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Tradeoffs. It is not practical to use an excessively large N to reduce these errors. Under a given
optimization budget, increasing the number of full-training observations N reduces the number of
BO iterations that JoBS can perform, and vice versa. This tradeoff can be characterized analytically.
Collecting N full-training runs, each requiring B training steps, consumes a budget of N×B initially.
After the predictor is learned, each BO iteration incurs only Bsmall training steps. Hence, given an
optimization budget C, the remaining budget C −NB allows for ⌊(C −NB)/Bsmall⌋ BO iterations
(i.e., acquisition steps). In the next section, we formally analyze how the choice of N influences the
convergence of JoBS.

5.4 THEORETICAL ANALYSIS OF JOBS

We analyze how the regret bound of JoBS varies w.r.t. the predictor error and the choice of N in
JoBS. Although we cannot precisely quantify the prediction error, Fig. 4 suggests that it is R-sub-
Gaussian (Chowdhury & Gopalan, 2017) whose variance increases with smaller N . The following
assumption describes this characteristic.

Assumption. Let ϵ be the prediction error of the performance predictor, learned from N full-training
runs over random training configurations, and its empirical distribution is shown in Fig. 4. We assume
ϵ is R-sub-Gaussian with R = k√

N
for some constant k, suggesting that the prediction error variance

decreases with a larger N .

Using this assumption, the following theorem captures JoBS’s average regret given an optimization
budget C and a choice on the number of initial full-training runs N .

Theorem 5.1. Let L(θX ,M,B) be the performance landscape of the LLM training configuration with
bounded RKHS norm: ∥L∥κ =

√
⟨L,L⟩κ ≤ B w.r.t. kernel κ. Assume our performance predictor

is learnt from N full-training runs and makes prediction F(L(θX ,M,Bsmall)) = L(θX ,M,B) + ϵ
from Bsmall < B training steps and satisfies the assumption above. Then, running JoBS over LLM
training configurations X ,M until an optimization budget of C is exhausted yields T =

⌊
C−NB
Bsmall

⌋
BO iterations, and with the IGP-UCB acquisition function (Chowdhury & Gopalan, 2017), JoBS
yields the following average regret with probability at least 1− δ:

RT = O

(√
Bsmall

C −NB −Bsmall(
B√γT +

k√
N

√
γ2
T + γT ln(1/δ)

))
,

(3)

where γT is the maximum information gain of L after T =
⌊
C−NB
Bsmall

⌋
BO iterations.

The proof is provided in App. C and considers how the choice of N affects the prediction error and
the number of BO iterations available for optimization. We also show in App. C.1 that this bound is
smaller than the average regret of vanilla BO (Chowdhury & Gopalan, 2017) under some reasonable
assumptions.

Optimal budget allocation. Theorem 5.1 presents a compute-performance tradeoff: collecting more
(N ) initial full-training runs allows JoBS to make a more accurate performance prediction at each
BO iteration. This decreases the k/

√
N term in the average regret given by Eq. 3. However, a larger

N also reduces the number of BO iterations available and increases the left term in Eq. 3. Using
Bsmall = 100, C = 50000, and B = 1000 (the values adopted in our experiments), the optimal N
(used to train our predictor) that minimizes the average regret RT lies approximately between 25
and 35 (depending on other constants). In our ablation studies (Sec. 6.4), we empirically illustrate
this tradeoff and provide practical guidelines for choosing N .

6 EXPERIMENTS

We use JoBS to jointly optimize training configurations for LLMs in a variety of language tasks and
LLM model types. Our experiments are divided into three parts. First, we compare JoBS against
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Initial cost of learning predictor

Figure 5: Comparison of LLM performance of best-found configuration at each iteration of JoBS
as compared with other BO-centric approaches under the same total optimization budget of 50000
training steps, across different language tasks. JoBS’s plot begins later because it allocates an initial
budget to learn a performance predictor. Optimization budget is 50000 training steps.

independent data and model optimization methods. Next, we compare JoBS’s convergence with
various multi-fidelity BO baselines. Lastly, we perform ablations to tease apart several components
in JoBS, illustrating the tradeoff between the choice of N and the number of BO iterations available
for optimization.

In our main results, we used LoRA (Hu et al., 2021) to fine-tune the Llama-3-8B-Instruct
LLM. We also extend our experiments to different model families (Qwen), larger models (14B, 32B),
and full-parameter fine-tuning in App. H, where the results remain consistent with our key findings.
Our goal is to maximize the LLM’s evaluation task performance after B = 1000 training steps,
given an overall optimization budget of C = 50000 training steps. This evaluation is done using
lm-evaluation-harness (Gao et al., 2024) and evaluates the LLM performance across six
language tasks (See Fig. 5). We used N = 30 initial full-training runs to train our performance
predictor to make predictions from Bsmall = 100 training steps. This allows us to run T = C−NB

Bsmall
=

200 BO iterations of cheaper trials in JoBS. We also used the UCB acquisition function (Srinivas
et al., 2010) in JoBS. We perform ablations in Sec. 6.4 to investigate and justify our choice of N and
Bsmall. More details on the experimental setup, including batch size, learning rate, and BO parameters
can be found in App. D.

Data configuration. There are 9 data domains in our training data mixture: Wikitext (Merity et al.,
2016), GSM8K (Cobbe et al., 2021), PubmedQA (Jin et al., 2019), SciQ (Welbl et al., 2017),
TriviaQA (Joshi et al., 2017), TruthfulQA (Lin et al., 2022), MMLU (Hendrycks et al., 2021), AI2
ARC (Clark et al., 2018) and CommonsenseQA (Talmor et al., 2019). We construct a fine-tuning
dataset consisting of 10000 data points by randomly sampling data points from the training datasets
(Chen et al., 2025c; Xie et al., 2023a; Ye et al., 2024). As mentioned earlier, we define the data
configuration X ∈ R9 as the mixing ratio (a probability simplex) across these data domains.

Model configuration. The model configurations M we consider are LoRA hyperparameters. These
include: which LLM layers to apply LoRA to, which LLM modules to apply LoRA to (e.g., Q-
projection), LoRA rank, LoRA dropout and LoRA alpha, resulting in 10 model configuration
dimensions in total. More information on the training configurations is provided in App. D.

6.1 BASELINES

Data optimization. LESS (Xia et al., 2024) searches for more relevant data points based on their
training gradients. DoReMi (Xie et al., 2023a) adopts a distributionally robust approach to produce
data-mixtures that work well for all evaluation task distributions. Influence Function (IF) (Koh &
Liang, 2020) selects data points with the highest influence scores. Diversity (Wang et al., 2024b)
finds the subset of data points with the highest log-determinant score.

Model optimization. We use a variant of Differentiable Architecture Search (DARTS) (Liu et al.,
2019) applied to our LoRA weights by tuning an additional mixture coefficient on each LLM layer (so,
when this coefficient approaches zero for a layer, we do not apply LoRA to that layer). AutoLoRA
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(a) Varying N (b) Varying Bsmall

Method Time (hours)

LESS 16.3
DoReMi 18.5
IF 52
Diversity 122
JoBS 13.3

(c) Wall-clock runtime

Figure 6: (a) Ablation on choice of N , the amount of budget used to learn the performance predictor.
(b) Ablation on choice of Bsmall. (c) Wall-clock runtime of JoBS compared to other data optimization
approaches.

(Zhang et al., 2024b) is a baseline that automatically tunes the LoRA rank, but does not consider
how we should select the layers to apply LoRA to. RoBoT (He et al., 2024) adopts a training-free
approach to select different model configurations by aggregating different training-free metrics to
measure how promising a given configuration is.

Multi-fidelity BO. We would like to emphasize that our work is the first to use BO to jointly optimize
data and model components. Hence, our aim is to compare using a predictor to amortize the cost
of full-training runs against other fidelity regimes. We consider multi-fidelity BO baselines that use
two discrete fidelities at Bsmall = 100 and B = 1000. MF-KG uses Knowledge Gradients (Wu et al.,
2019) and MF-UCB uses cost-aware UCB (Srinivas et al., 2010). Both implementations adopt an
acquisition formula that is cost-aware (https://botorch.org/docs/tutorials/multi_
fidelity_bo/). More details on baseline implementations can be found in App. E.

6.2 COMPARISON WITH DATA AND MODEL OPTIMIZATION APPROACHES

Table 1: Combination matrix of different model and data optimization methods on GSM8K (higher is
better). Subscripts denote standard deviations over 5 trials.

↓ Model | Data → Default LESS DoReMi IF Diversity JoBS

Default 71.9±1.5 71.1±1.2 72.3±3.2 68.7±1.0 74.4±2.0 -
DARTS 73.1±0.9 71.7±0.7 74.7±1.4 69.3±0.5 66.8±0.8 -
AutoLoRA 72.9±1.2 75.2±0.4 70.9±0.8 68.5±0.5 74.0±0.6 -
RoBoT 71.8±0.7 72.7±1.6 74.0±1.9 73.1±1.6 70.2±1.8 -
JoBS - - - - - 86.4±1.2

First, we mixed and matched conventional data optimization and model architecture optimization
methods and applied them to Llama-3-8B-Instruct’s training components independently. Due
to space constraints, we only display the results for GSM8K here. Our result in Table 1 shows
that pairing data and model optimization methods independently yields worse LLM performance
than JoBS. This is because independently applying data and model optimization methods does not
consider their joint interaction. In addition, these baselines (compared to BO-centric methods) cannot
exploit performance feedback effectively. In contrast, JoBS models the complex interaction between
data and model configurations and uses performance feedback directly to optimize them jointly. By
doing so, JoBS performs significantly better than other baselines. The results for other tasks are
shown in App. H and are generally consistent with our findings.

6.3 COMPARISON WITH MULTI-FIDELITY BO (MF-BO) APPROACHES

Next, we compare JoBS with a variety of MF-BO baselines mentioned earlier in Sec. 6.1 in Fig. 5
across all six language tasks. Given the two discrete fidelities of Bsmall = 100 and B = 1000
mentioned earlier, we allocated the same budget of C = 50000 steps for all methods to ensure
fairness. Fig. 5 shows the best LLM evaluation performance achieved by each method under the same
amount of total optimization budget. It is important to note that JoBS allocates a portion of the total
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optimization budget to learn the predictor initially and hence has a shorter line plot that starts later.
The result shows that after a fixed amount of optimization budget, JoBS consistently outperforms
MF-BO baselines across all six tasks in terms of optimizing the evaluation task performance (Fig. 5).
This suggests that using a neural network is more effective than using a covariance kernel to model the
relationship between low and high fidelity performance observations (Wu et al., 2019). Furthermore,
another weakness of MF-BO lies in the handcrafted cost-aware acquisition function (Yen et al., 2025)
that cannot directly control how many low and high fidelity observations are queried. In contrast,
our work allows us to directly control the number (N ) of high-fidelity observations used to build the
performance predictor. Notably, we can even drive an optimal N (approximately 25 to 35) in our
setting.

Additional results on larger models, training settings, and performance metric. We also extended
our experiments to larger models (Qwen3-14B) and the full-parameter fine-tuning setting. Addition-
ally, we repeated the experiment in Fig. 5 to minimize evaluation loss to showcase the flexibility of
our approach. The results are shown in App. H and are generally consistent with our main results,
suggesting JoBS is equally effective across different model families, sizes, and training settings.

6.4 ABLATION AND ADDITIONAL ANALYSIS

We run several ablations to investigate key design choices in JoBS. For instance, how does the choice
of N influence the convergence of JoBS under a fixed optimization budget? What happens if we ad-
justed Bsmall? Unless otherwise stated, our ablations are performed with Llama-3-8B-Instruct
and evaluated on the CommonsenseQA task.

Optimal number of initial training samples N . Fig. 6a illustrates the tradeoff (mentioned earlier in
Sec. 5.3) between the number of initial samples N used to train the performance predictor F and the
number of BO iterations under a fixed optimization budget. Increasing N improves the accuracy of
predictor F , but also consumes more optimization budget, leaving fewer BO iterations available. As
such, a value of N that is too small or too large degrades JoBS’s performance. Empirically, under
the optimization budget described in Sec. 6, we find that N = 30 strikes a good balance between
predictor quality and number of BO iterations; this also agrees with our theoretical results in Sec. 5.4.
This suggests that this N value optimizes the average regret bounds shown in Theorem 5.1.

Effects of varying Bsmall. Fig. 6b shows the tradeoff in the choice of Bsmall. A large Bsmall consumes
more optimization budget and reduces the number of available BO iterations. On the other hand, a
small Bsmall makes it difficult for us to predict the LLM performance. Both cases degrade optimization
performance. In our experiments, we find that using Bsmall = 100 (10% of B = 1000) serves as a
good balance, allowing JoBS to accurately predict future LLM performance while leaving sufficient
budget for optimization later on.

Computational cost and other qualitative discussion. Lastly, Table 6c shows that the wall-clock
runtime of JoBS (for budget of C = 50000) is lower than that of existing data optimization baselines
(model optimization baselines are anytime algorithms so runtime comparison is not necessary). We
provide a detailed computational cost analysis in App. F. We also present a few interesting case
studies of the optimal LLM training configurations found by JoBS in App. G.

7 CONCLUSION AND FUTURE WORK

We illustrated the chicken-and-egg dilemma in LLM training and introduced JoBS, an algorithm
that leverages BO and a novel scaling-law-inspired performance predictor to jointly optimize data
and model configurations efficiently. We analyzed the tradeoff between the budget used to learn the
predictor and the leftover budget for optimization, showing that JoBS enjoys theoretical guarantees
and better empirical performance than other baselines.

We foresee several exciting future research directions that address JoBS’s limitations. For instance,
can we incorporate existing scaling law formulas into GP priors directly to improve optimization effi-
ciency? Can we reuse the same performance predictor across different tasks to improve amortization
efficiency? Answering these questions can help reduce the computational cost of JoBS even further.
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8 ETHICS STATEMENT

Our work strives to improve the performance of LLMs for the greater good. We do not foresee any
ethical concerns related to our work. From our theoretical findings and experiments, our method does
indeed improve the performance of LLMs.
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A RELATIONSHIP WITH MULTI-FIDELITY BAYESIAN OPTIMIZATION

Multi-fidelity BO works typically have the option to query the black-box function at high-fidelity
or low-fidelity, with low-fidelity queries being cheaper (and the acquisition function is incentivized
to query them). High-fidelity function queries follow the real black-box function faithfully, while
low-fidelity queries are inaccurate estimations of the real function. Multi-fidelity BO considers an
additional dimension of fidelity in the input variables and uses a cost-aware acquisition function (Wu
et al., 2019) to propose which fidelity to query at every BO iteration.

In our setting, observing the LLM performance after a fraction of the training steps can be considered
a low-fidelity evaluation, while observing the LLM performance after full-training can be viewed
as a high-fidelity evaluation. JoBS first uses many high-fidelity evaluations to build a performance
predictor. Then, we perform BO entirely using low-fidelity evaluations given by the predictor. JoBS
models the relationship between low-fidelity observations and high-fidelity observations explicitly
with an expressive neural network (called a performance predictor in our work), which is decoupled
from the GP surrogate model. In contrast, Multi-fidelity BO jointly models the relationship between
low and high-fidelity observations and inputs with a GP (by treating fidelity as an additional input
dimension). While this sounds practical on paper, a GP is often not expressive enough to model them
jointly and hence Multi-fidelity BO on its own does not work well in our experiments. The same can
be said for early-stopping BO (Dai et al., 2019), which uses a GP to model different fidelities. In
addition, most of these works do not work out the optimal queries to each fidelity. To overcome these
limitations, our work provides theoretical guidelines for choosing an optimal number of high-fidelity
observations to query (Sec. 5.4).

There is another line of work called freeze-thaw BO (Swersky et al., 2014; Lee et al., 2025) that
decides whether to continue training/fine-tuning an old training configuration or to explore a new set
of training configurations. We do not find this approach suitable for LLM training for a few reasons.
First, they require storing multiple copies of fine-tuned LLMs with different training configurations,
which is memory-intensive. Second, they typically use an exponential decay kernel to model the
increase in LLM performance (or decrease in loss) with more training time. However, Fig. 3 shows
that in our setting, the change in LLM performance can even decrease with more training steps
because a chosen data mixture might be irrelevant for the downstream task. As such, existing
exponential decay kernel introduced in these works does not work well in our setting.

B ADDITIONAL BACKGROUND ON BAYESIAN OPTIMIZATION

At every BO iteration, the BO algorithm proposes the next configuration xt+1 as the configuration
which maximizes some acquisition function, such as the upper confidence bound (UCB) (Srinivas
et al., 2010), given by xt+1 = argmaxx µt(x) + βt+1σt(x), where βt+1 is an exploration parameter.

A common kernel choice is the squared exponential (SE) kernel κ(x, x′) ≜ exp(−∥x−x′∥22/(2m2))
with a length-scale hyperparameter m that can be learned via maximum likelihood estimation from
observations.

C PROOF OF THEOREM 5.1

Theorem 5.1. Let L(θX ,M,B) be the performance landscape of the LLM training configuration with
bounded RKHS norm: ∥L∥κ =

√
⟨L,L⟩κ ≤ B w.r.t. kernel κ. Assume our performance predictor

is learnt from N full-training runs and makes prediction F(L(θX ,M,Bsmall)) = L(θX ,M,B) + ϵ
from Bsmall < B training steps and satisfies the assumption above. Then, running JoBS over LLM
training configurations X ,M until an optimization budget of C is exhausted yields T =

⌊
C−NB
Bsmall

⌋
BO iterations, and with the IGP-UCB acquisition function (Chowdhury & Gopalan, 2017), JoBS
yields the following average regret with probability at least 1− δ:
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RT = O

(√
Bsmall

C −NB −Bsmall(
B√γT +

k√
N

√
γ2
T + γT ln(1/δ)

))
,

(3)

where γT is the maximum information gain of L after T =
⌊
C−NB
Bsmall

⌋
BO iterations.

Proof. To begin, recall that we are trying to maximize our LLM performance, a black-box func-
tion L(θX ,M,B) (Sec. 3). Using our scaling law predictor (Sec. 5.2), we instead train our LLM
for Bsmall training steps (or time) and observe L(θX ,M,Bsmall). We then use the performance pre-
dictor to produce F(L(θX ,M,Bsmall)), estimating the LLM performance if we trained it fully for B
training steps. Since we are predicting the LLM performance, our model prediction is noisy with
F(L(θX ,M,Bsmall)) = L(θX ,M,B) + ϵ. Hence, we only have access to a noisy estimate of our black-
box function: L(θX ,M,B) + ϵ. The prediction error is also R-sub-Gaussian as suggested from our
empirical findings (Fig. 4). As such, this formulation is in line with the BO algorithmic framework
introduced in Sec. 5.1, where we observe noisy observations of the true underlying function.

Next, we aim to draw relationship between the choice of N with our prediction error ϵ and con-
sequentially, JoBS’s regret. First, we present the following lemma from (Chowdhury & Gopalan,
2017):

Lemma C.1. Let ||f ||κ =
√
⟨f, f⟩κ ≤ B. Also, assume that the observation noise associated with

each BO iteration is R-sub-Gaussian with R > 0. Then with probability at least 1− δ, the following
holds for BO iteration t ≤ T :

|µt(x)− f(x)| ≤
(
B +R

√
2(γt + 1 + ln(1/δ)

)
σt(x) (4)

where γt is the maximum information gain after t observations and µt(x), σ
2
t (x) are mean and

variance of posterior distribution of GP defined in Eq. 2 with ζ = 1 + 2/T .

In our setting, set f = L (our LLM performance after fine-tuning) and x = X ,M (our LLM training
configuration). This lemma indicates that our estimated mean µt(x) of our performance landscape
from our fitted GP over historical observations of LLM performance deviates from the true LLM
performance f(x) = L(θX ,M,B) by at most the term in Eq. C.1.

We are now ready to prove Theorem 5.1. First, we observe that the next LLM training configuration xt

at each BO iteration t is chosen via the IGP-UCB acquisition function (i.e., xt = argmaxx µt−1(x)+

βtσt−1(x) and βt = B + R
√
2(γt−1 + 1 + ln(1/δ)) where the observation noise associated with

each BO iteration is R-sub Gaussian). Thus, we can see that at each iteration t ≥ 1, we have
µt−1(xt) + βtσt−1(xt) ≥ µt−1(x

∗) + βtσt−1(x
∗). It then follows that for all t ≥ 1 and with

probability at least 1− δ,

|f(x∗)− f(xt)|
(1)

≤ βtσt−1(xt) + µt−1(xt)− f(xt)

(2)

≤ βtσt−1(xt) + µt−1(xt) + (βtσt−1(xt)− µt−1(xt))

≤ 2βtσt−1(xt)

(5)

where
(1)

≤ uses the fact that via Lemma C.1 and our acquisition function, f(x∗) ≤ βtσt−1(x
∗) +

µt−1(x
∗) ≤ βtσt−1(xt) + µt−1(xt) and

(2)

≤ once again uses Lemma C.1.

Next, we adjust the total number of BO iterations in our problem setting, depending on the chosen N .
As mentioned in the analysis of Sec. 5.3, under an overall optimization budget of C, collecting N
initial full-training runs leaves enough budget for ⌊C−NB

Bsmall
⌋ BO iterations. Hence, we analyze how

JoBS’s cumulative regret grows for up to T = ⌊C−NB
Bsmall

⌋ iterations. Using Eq. 5, we can bound the
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cumulative regret by

T∑
t=1

rt =

T∑
t=1

(f(x∗)− f(xt)) ≤ 2

T∑
t=1

βtσt−1(xt) . (6)

Since we know that
T∑

t=1

σt−1(xt) = O(
√

TγT ) and used βt = B +R
√

2(γt−1 + 1 + ln(1/δ)), the

cumulative regret in Theorem 5.1 can be written as

RT =

T∑
t=1

rt (7)

≤ 2

T∑
t=1

βtσt−1(xt) (8)

≤ 2O(
√
TγT )(B +R

√
2(γT + 1 + ln(1/δ))) (9)

= O
(
B
√
TγT +R

√
T
√
γ2
T + γT ln(1/δ)

)
(10)

(1)
= O

(
B

√⌊
C −NB

Bsmall

⌋
γT +R

√⌊
C −NB

Bsmall

⌋√
γ2
T + γT ln(1/δ)

)
(11)

(2)
= O

(
B

√⌊
C −NB

Bsmall

⌋
γT +

k√
N

√⌊
C −NB

Bsmall

⌋√
γ2
T + γT ln(1/δ)

)
, (12)

where
(1)
= uses the fact that if we collected N full-training runs initially, the number of BO iterations

available is T =
⌊
C−NB
Bsmall

⌋
and

(2)
= uses Assumption 1 that our prediction error is R-sub-Gaussian

with R = k√
N

.

Lastly, because different number of initial full-training runs N will influence the number of remaining
BO iterations, we derive the average regret w.r.t. the number of BO iterations by dividing the
cumulative regret bounds obtained in Eq. (14) by

⌊
C−NB
Bsmall

⌋
throughout:

RT

T

(1)
= O

(
B
√

γTBsmall

C −NB −Bsmall
+

k√
N

√
Bsmall

C −NB −Bsmall

√
γ2
T + γT ln(1/δ)

)
(13)

= O

((√
Bsmall

C −NB −Bsmall

)(
B√γT +

k√
N

√
γ2
T + γT ln(1/δ)

))
(14)

where
(1)
= divides the cumulative regret derived in Eq. (14) throughout by T =

⌊
C−NB
Bsmall

⌋
and considers

the fact that 1

⌊ a
b ⌋

≤ b
a−b if a ̸= 0.

One interesting point to note is that our algorithm incurs some regret when collecting N random
training configurations initially. However, since our black-box function is bounded (under the
SE-kernel) and N is not assumed to be dependent on the total optimization budget T , then the
average regret incurred when collecting training configurations initially can be removed in the big-O
notation.

C.1 COMPARISON OF REGRET BOUND IN VANILLA BO

We will show the conditions in which the average regret upper-bound of JoBS is smaller than that
of the vanilla BO case. To simplify notation, let T be the number of BO iterations available in the
vanilla BO case. Recall that in normal BO (without any performance predictor), the cumulative regret
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is (Chen et al., 2024; Chowdhury & Gopalan, 2017)

O
(
B
√

TγT +R
√
T
√
γ2
T + γT ln(1/δ)

)
. (15)

Dividing by T , we obtain an average regret of:

O

(
B√γT√

T
+

R
√

γ2
T + γT ln(1/δ)√

T

)
. (16)

Consider that in our case, JoBS devotes a constant number of iterations (e.g., N << T ) to learn
the performance predictor, which yields noisy observations with error distribution that is R1-sub-
Gaussian, where R1 > R. This means the predictor does not recover the original performance
landscape perfectly. By doing so, each BO iteration consumes 10% of the original resources (since
we only need to fine-tune an LLM to 10% of the original number of training steps) and hence, we can
perform 10(T −N) more BO iterations. Assuming that the average regret of the first N iteration
where we make random queries is constant (we can ignore it in the asymptotic bound), this implies
the average regret bound of JoBS is:

O

(
B√γT√
10(T −N)

+
R1

√
γ2
T + γT ln(1/δ)√
10(T −N)

)
. (17)

Note that this is essentially the same bound as Theorem 5.1 but without the complication of deriving
the expression for the number of BO acquisition steps available under a limited optimization budget.
Comparing Eq.(16) and Eq.(17), we see that the average regret bound of JoBS is smaller than vanilla
BO with probability at least 1− δ if and only if:(

B√γT +R1

√
γ2
T + γT ln(1/δ)

)
<

(
B√γT +R

√
γ2
T + γT ln(1/δ)

)√
10(T −N)

T
. (18)

The differences between the left and right side are highlighted in red and this inequality admits a neat
form that is easy to interpret: R1 is larger than R (i.e., using a predictor gives noisier observations),

but as long as
√

10(T−N)
T is much larger (i.e., we can run more BO iterations; it is almost 10 times

larger in this case), the average regret of JoBS will be smaller than that found in the vanilla BO case.

D ADDITIONAL EXPERIMENTAL DETAILS

We provide details of how we performed our experiments for JoBS. Our data configuration consists
of 9 parameters representing the mixing ratio (a probability simplex). Our model configuration
consists of 10 parameters, which represent the following:

1. Number of LLM layers to apply LoRA to ∈ [1, 31] (this varies for different LLMs, depending
on how many transformer layers are present),

2. Whether to apply LoRA to front layers or rear layers (binary decision),

3. Whether to apply LoRA to Q-projection layer (binary decision),

4. Whether to apply LoRA to V -projection layer (binary decision),

5. Whether to apply LoRA to K-projection layer (binary decision),

6. Whether to apply LoRA to MLP-Up-projection layer (binary decision),

7. Whether to apply LoRA to MLP-Down-projection layer (binary decision),

8. LoRA rank ∈ [1, 256],

9. LoRA dropout ∈ [0, 1], and

10. LoRA alpha ∈ [1, 500].
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In the baselines in which we do not optimize a certain component, we adopt the following default
fine-tuning configuration: (a) Apply LoRA on all LLM layers, (b) apply LoRA to all Q-, V -, K-,
MLP-Up-, MLP-Down-projection layers, (c) LoRA rank = 16, (d) dropout = 0.1, (e) alpha = 16,
and (f) uniform training data mixture. These component configurations align with many off-the-shelf
LLM training configurations provided in existing papers and online tutorials. So, in the case where
we only optimize data configuration, we will use the default model configuration above. In all our
main results, we used 8-shot prompting with chain-of-thought. We used a shortened training time of
Bsmall = 100 training steps and an optimization budget of C = 50000 training steps.

To build our performance scaling law predictor (Sec. 5.2), we collected a random Sobol sequence
(Nguyen et al., 2018) of 30 LLM training configurations and fine-tuned the LLM for B = 1000
training steps. This is around 1.5 training epochs. During training, we collected the LLM validation
loss or performance (depending on the experimental setting) at training step intervals of 25. We build
a dataset consisting of the observed loss or performance at training steps = 25, 50, 75, 100 as the
neural network input. We also observe the full fine-tuning loss or performance at a large timestep
B = 1000 training steps and treat it as the prediction ground-truth. Using this dataset, we train a
densely-connected, 64-width, 3 layers neural network F to predict the full fine-tuning performance.

This random sequence of ground-truths collected initially is also added to our initial GP model to
warm-start BO in JoBS. This leaves an optimization budget for 50000−30×1000

100 = 200 BO iterations
of cheaper trials in JoBS. We used a SE-kernel for the GP used to model our LLM performance
landscape, and ran our experiments with the BoTorch library. At the end of every iteration, we use
maximum-likelihood to estimate the hyperparameters in kernel. We normalize and rescale all our
LLM training configuration parameters to be between 0 and 1 when fitting our GP. We also adopted a
SE-kernel for our GP. Throughout our experiments, we used 4 H200 GPUs and a training batch size
of 64.

E IMPLEMENTATION DETAILS OF BASELINES

LESS (Xia et al., 2024). We pass each training data from each data domain into the LLM to construct
a gradient store (Xia et al., 2024). Since we do not know the exact evaluation task (just like the setting
considered in Chen et al. (2025c)), we form a validation mixture consisting of uniformly sampled
data from each data domain, before retrieving a subset of 10000 data points from the gradient store
with the highest feature similarity with the evaluation dataset. We follow the implementation given in
https://github.com/princeton-nlp/LESS.

DoReMi (Xie et al., 2023a). We use DoReMi to optimize the data mixing ratio across the
training data domains, according to the implementation given in https://github.com/
sangmichaelxie/doremi. Again, since we do not have direct access to the evaluation task
(as DoReMi requires an explicit validation dataset), we form the validation dataset using a uniform
validation mixture similar to LESS (see above).

IF (Koh & Liang, 2020). We compute the influence scores of each data point (following the
implementation in https://github.com/alstonlo/torch-influence w.r.t. a uniform
validation mixture constructed from the training data domains (see above). Then, we retrieve the top
10000 data points with the highest influence scores.

Diversity (Wang et al., 2024b). We first project every data point into a continuous semantic space
using an off-the-shelf embedding model. Then, we retrieve the data subset with the highest log-
determinant value, which is derived by arranging data point’s embedding in a matrix and computing
the determinant. There is a greedy implementation (Wang et al., 2024b) that improves the computa-
tional efficiency.

DARTS (Liu et al., 2019). We optimize the same model configurations detailed in App. D by
introducing a differentiable parameter for each model component (e.g., LoRA rank). For example,
LoRA rank is controlled by a single differentiable parameter, while LoRA layer selection is controlled
by a softmax layer with weights, allowing us to drop certain LoRA layers (if the weight is decreased
to 0 after update). We alternate between freezing the differentiable parameters that control the
model configuration and model parameters that control the LLM behavior every 5 training steps.
We optimize these objectives in an alternating fashion, switching between updating configuration
parameters and model parameters every 5 steps.
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AutoLoRA (Zhang et al., 2024b). We follow the implementation in https://github.com/
ruz048/AutoLoRA, which tunes the LoRA rank for each layer.

RoBoT (He et al., 2024). We utilize the training-free proxies given in (He et al., 2024) and perform
BO over the weights assigned to each training-free proxies. With the optimized weights, we then
iterate through the model configurations to find the one with the best (weighted) training-free measure.

MF-KG (Wu et al., 2019). The implementation is reproduced from https://botorch.org/
docs/tutorials/multi_fidelity_bo/.

MF-UCB. We use a cost-aware UCB acquisition function that follows the framework in Yen et al.
(2025).

F COMPUTATIONAL COST OF JOBS VS. BASELINES

Quantitative comparison of wall-clock hours. JoBS is run for 50000 training steps in total. This
equates to approximately 50000 seconds of wall-clock time (13.3 hours) using a H200 GPU. All
model selection methods (He et al., 2024; Liu et al., 2019) used in our paper are iterative in nature
and require repeated fine-tuning of LLMs. Equal time budget was allocated to both JoBS and all
baseline methods for a fair comparison. We found that given equal computation time, JoBS achieves
better performance than all model selection methods. For data selection methods (LESS, DoReMi,
IF, Diversity), we record their wall-clock runtime in Table 2. In general, we found data selection
methods to be more computationally expensive than JoBS.

Table 2: Wall-clock runtime comparison of data selection methods vs. JoBS.

Method Time (hours)
LESS 16.3
DoReMi 18.5
IF 52
Diversity 122
JoBS 13.3

G OPTIMAL LLM TRAINING CONFIGURATIONS FOUND BY JOBS COMPARED
TO BASELINES

We show some of the optimal LLM training configurations found by JoBS vs. other baselines. We
divided the configurations into two tables detailing the best data (Table 3) and model (Table 4)
configurations found for the GSM8K evaluation task.

Table 3: Optimal data mixing ratio found by JoBS vs. other baselines. The columns denote the ratio
allocated to each training domain.

CQA GSM8K PubmedQA SciQ TrivQA TruthQA Wiki MMLU ARC

JoBS 0 0.34 0 0.10 0.19 0 0.21 0.16 0

DoReMi 0.08 0.11 0.18 0.05 0.08 0.14 0.04 0.16 0.13

Of particular interest is that JoBS optimizes the data mixture by placing greater weights on some
data domains based on their evaluation performance on the downstream task (in this case, GSM8K).
Specifically, JoBS successfully inferred (without knowing that the evaluation task is GSM8K) that
domains such as GSM8K, SciQ, TriviaQA, Wikipedia, and MMLU contain some math information
and therefore includes them in the optimized data mixture.

On the other hand, DoReMi is a distributionally robust data mixing method and results in a more
uniform data mixing ratio. As a result, the output data mixtures are not specialized for any single
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Table 4: Optimal model configuration found by JoBS vs. other baselines.

Rank NumLayers Order Q K V Up Down dropout α

JoBS 36 25 1 1 0 1 1 0 0.112 64

DARTS 12 13 0 1 1 1 1 0 0.058 45

evaluation task, leading to lower performance when evaluated on specific individual tasks, such as
GSM8K.

Next, we examine the optimal model configurations found by JoBS. We noticed that JoBS prefers a
higher LoRA rank and number of layers (i.e., how many layers to apply LoRA), but chooses to apply
LoRA to only certain transformer layers. In particular, JoBS found that for the GSM8K evaluation
task, fine-tuning Q-, V -, and MLP-Up-projection layers is sufficient to achieve good fine-tuning
performance, and we should fine-tune the rear layers instead of the front layers (Order = 1).

H ADDITIONAL EXPERIMENTAL RESULTS AND DISCUSSION

In Tables 5, 6, 7, 8, and 9, we repeated the experimental set-up from Table 1 by performing mix-
and-match on different model and data selection methods over 5 other evaluation tasks (TruthfulQA,
CommonsenseQA, MMLU, ARC, and TriviaQA). The results show that JoBS outperforms all
combinations of data and model selection works. This suggests that jointly optimizing both data and
model configurations does indeed produce interaction improvement over optimizing the configurations
independently. In addition, from running our experiments, we find our approach significantly easier
to implement in code.

Table 5: TruthfulQA (Lin et al., 2022).

↓ Model | Data → Default LESS DoReMi IF Diversity BO JoBS

Default 59.8±1.9 60.7±1.0 62.9±2.6 62.3±1.3 64.5±1.2 74.8±1.0 -
DARTS 61.9±1.3 62.4±0.6 66.7±1.3 63.8±0.5 64.8±1.2 77.0±0.9 -
AutoLoRA 61.7±1.0 66.9±1.2 64.5±1.1 65.3±1.2 65.9±0.6 72.5±0.5 -
RoBoT 64.2±0.6 65.8±0.7 58.9±1.3 56.9±1.0 65.8±0.6 73.9±1.3 -
BO 66.8±1.2 67.9±0.5 69.8±0.9 70.9±1.0 64.7±1.4 76.1±2.0 -
JoBS - - - - - - 80.6±1.1

Table 6: CommonsenseQA (Talmor et al., 2019).

↓ Model | Data → Default LESS DoReMi IF Diversity BO JoBS

Default 76.3±1.0 73.0±0.8 74.2±1.7 79.3±0.7 77.4±1.7 80.6±0.8 -
DARTS 79.6±1.3 76.3±1.7 76.1±1.1 73.7±1.2 80.1±1.1 79.6±0.6 -
AutoLoRA 78.9±0.9 79.8±0.4 76.1±0.5 77.9±1.2 78.0±1.0 81.5±1.0 -
RoBoT 74.9±0.8 75.5±0.9 77.1±0.9 79.4±1.5 76.3±0.9 80.2±0.2 -
BO 79.7±1.3 79.4±0.3 77.0±0.4 81.1±0.9 79.4±1.1 80.7±1.2 -
JoBS - - - - - - 84.3±2.4

Table 7: MMLU (Hendrycks et al., 2021).

↓ Model | Data → Default LESS DoReMi IF Diversity BO JoBS

Default 61.2±1.3 63.5±0.9 59.7±1.8 57.9±0.6 62.1±1.4 64.2±1.2 -
DARTS 58.3±0.7 61.0±2.1 62.9±1.0 55.7±1.6 60.1±0.5 63.4±2.0 -
AutoLoRA 62.5±1.4 64.3±0.6 60.8±2.2 58.2±1.9 63.7±0.8 61.5±1.1 -
RoBoT 59.9±0.9 60.7±1.2 63.4±1.7 61.5±1.5 58.3±2.3 62.1±0.7 -
BO 55.8±1.8 57.2±0.4 61.3±1.2 60.5±1.6 63.9±1.0 59.6±1.5 -
JoBS - - - - - - 69.5±0.8
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Table 8: ARC (Clark et al., 2018).

↓ Model | Data → Default LESS DoReMi IF Diversity BO JoBS

Default 54.7±1.3 59.2±0.7 61.4±2.0 52.8±1.5 60.6±0.9 62.3±1.2 -
DARTS 58.1±0.8 61.0±1.6 62.8±0.5 54.3±2.1 57.9±1.7 60.5±0.6 -
AutoLoRA 60.4±1.1 63.2±0.9 58.6±1.9 55.1±0.8 62.1±2.0 59.8±1.0 -
RoBoT 56.8±1.5 58.7±1.4 61.1±1.2 60.3±0.7 55.7±2.2 61.4±1.3 -
BO 52.6±2.0 55.9±0.6 59.7±1.3 58.5±1.4 63.4±1.0 57.4±0.9 -
JoBS - - - - - - 70.4±1.3

Table 9: TriviaQA Gen (Joshi et al., 2017).

↓ Model | Data → Default LESS DoReMi IF Diversity BO JoBS

Default 55.5±1.4 57.2±0.8 53.1±0.9 55.8±0.7 58.9±0.8 65.0±0.6 -
DARTS 58.2±0.8 61.3±1.2 61.0±0.7 63.3±1.0 59.2±0.6 66.7±1.8 -
AutoLoRA 67.8±1.4 64.7±0.9 70.6±2.2 68.6±1.7 66.2±1.5 69.7±2.4 -
RoBoT 58.4±1.5 62.3±1.7 64.2±1.4 57.2±1.2 63.4±1.5 68.2±1.3 -
BO 70.7±1.4 66.7±0.8 72.5±0.8 71.7±0.9 74.7±1.0 72.7±2.3 -
JoBS - - - - - - 76.2±1.9

H.1 ADDITIONAL BASELINES AND EXTENSION TO LARGER MODEL AND DIFFERENT
EVALUATION METRICS

Additional baselines. In Table 10, we jointly optimized LLM training configurations using several
other naive approaches in our experiments. We tried 3 naive approaches: (a) Random randomly
picking 500 different LLM training configurations, fine-tune them for 100 training steps each, use
our performance scaling law predictor to predict and select the best-performing LLM training
configuration. (b) Random Data perform JoBS on model configurations for only 10 iterations and
repeat the experiment with 10 randomly chosen data configurations (this ensures the same amount of
compute as performing JoBS on all LLM training configurations for 100 iterations). (c) Random
Model repeat approach (b) on LLM training configurations instead. While these approaches serve as
good sanity checks, they do not yield good LLM performances, largely because randomly selecting
LLM training configurations does not exploit the learnt performance landscape from historically
observed LLM performances.

Extension to different model sizes, full-parameter fine-tuning and different performance metrics.
We extended our experiments to larger model sizes (Qwen3-14B (Fig. 8) and also to full-parameter
fine-tuning (Table 11). In particular, when performing full-parameter fine-tuning, we do not use
LoRA, but instead optimize which LLM layer to fine-tune.

Table 10: Comparison of some naive baselines with JoBS (Higher is better), averaged over 5 trials.
Random Data means that we randomly selected data mixtures and applied JoBS only on the model
configurations (and vice versa for Random Model).

Model Task Random Data Random Model JoBS

Llama-3-8B-Instruct

GSM8K 67.3±1.6 71.5±0.9 86.4±1.2

TruthfulQA 59.8±1.5 64.2±1.4 80.6±1.1

CommonsenseQA 76.4±1.2 76.3±1.2 84.3±2.4

MMLU 66.4±0.7 63.1±1.1 69.5±0.8

ARC 65.2±1.7 64.6±0.6 70.4±1.3

TriviaQA 61.7±2.4 63.2±1.5 76.2±1.2
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Figure 7: JoBS performance for LLM evaluation loss (instead of performance).

Figure 8: JoBS performance for LLM evaluation performance with Qwen-14B.

Table 11: JoBS applied to full-parameter fine-tuning of larger models.

↓ Model | Method → LESS + AutoLoRA DoReMi + DARTS JoBS
Llama-3-8B-Instruct 0.73 0.76 0.81

Qwen3-14B 0.76 0.81 0.83
Qwen3-32B 0.86 0.82 0.88
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