Rethinking Bayesian Optimization for Co-Optimizing
LLM Training Configurations

Zhiliang Chen'*, Alfred Wei Lun Leong'*, Shao Yong Ong'*, Apivich Hemachandra',
Gregory Kang Ruey Lau', Chuan-Sheng Foo?, Zhengyuan Liu?, Nancy F. Chen?,
Bryan Kian Hsiang Low!

! Department of Computer Science, National University of Singapore, Singapore
?Institute for Infocomm Research, A*STAR, Singapore
{chenzhiliang,alfred_leong,ongshaoyong,apivich,gregorylau}@u.nus.edu
lowkh@comp.nus.edu.sg

Abstract

Fine-tuning an LLM to maximize performance on a downstream task requires
finding the optimal data and model configuration. This is a black-box optimization
problem that Bayesian optimization (BO) addresses by sequentially evaluating
training configurations and using observed performance feedback to adaptively
guide the search towards better configurations. However, directly applying BO
to the joint data-model space suffers from two fundamental challenges: the pro-
hibitive cost of full LLM training at each iteration, and the large number of BO
iterations required for effective exploration due to the high problem dimension-
ality. This paper introduces JoBS, a BO-based approach that co-optimizes data
and model configurations without requiring a full training run at every iteration.
JoBS allocates an initial portion of the optimization budget to learn a scaling-
law-inspired performance predictor that estimates fully trained LLM performance
from only a small number of training steps. The remaining budget is then used
to run BO with this predictor, eliminating the need for full training runs and en-
abling JoBS to explore significantly more data and model configurations within
the same budget. We analyze JoBS’ average regret and derive the optimal budget
allocation between predictor learning and BO iterations. Empirically, JoBS outper-
forms independent data and model optimization methods and existing multi-fidelity
BO baselines across a diverse set of downstream tasks. Our code is available at
https://github.com/a35453779/J0BS.

1 Introduction

Fine-tuning an LLM for a downstream task hinges on two intertwined decisions: which training data
to use, and how to configure the model architecture. From the data perspective, performance can
be improved by selecting more relevant or higher-quality training data [21} 44, 46] or by optimizing
the mixture of data domains [2} 15} 26,45} 47]]. From the model perspective, a range of methods have
been proposed to identify the most suitable architecture or fine-tuning configuration [[14, 29} 40, 52].

Despite their individual successes, existing data and model optimization methods are developed
in isolation, ignoring their interdependence that critically affects performance. The optimal data
configuration (e.g., training data mixture) depends on the chosen model configuration (e.g., fine-
tuning configuration), but determining the optimal model configuration also depends on the chosen
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data configuration. This leads to a chicken-and-egg dilemma, as optimizing either component

independently leads to sub-optimal LLM performance [4], as demonstrated empirically in Sec. [6]
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Figure 1: JoBS optimally balances budget between learning a performance predictor and running
Bayesian optimization iterations.

Our work tackles this by co-optimizing the data and model configurations of LLMs to maximize a
downstream task metric. In practice, these metrics, such as user ratings, engagement, or benchmark
accuracy, are observed as feedback from the deployed LLM across successive training iterations.
This formulation yields a classic black-box optimization problem as the relationship between the
training configuration and metric feedback has no closed-form expression. Bayesian optimization
(BO) is a principled approach for such problems, using observed performance feedback to adaptively
guide the search toward better configurations. Crucially, this iterative structure allows BO to directly
exploit downstream task feedback — an advantage that non-adaptive methods lack by design. For
instance, gradient-based data selection methods [44]] cannot utilize black-box feedback, limiting their
effectiveness in this setting [S} [11,131]]. A naive approach would be to directly apply BO over the
joint data-model space. However, this suffers from two fundamental challenges: the prohibitive cost
of full LLM training at every iteration, and the high dimensionality of the joint search space, which
demands many iterations to explore effectively. Together, these render naive BO computationally
infeasible under a finite optimization budget.

Our method, Joint Bayesian Optimization with a Scaling-law-inspired predictor (JoBS), addresses
both challenges by allocating an initial portion of the optimization budget to learn a scaling-law-
inspired performance predictor that estimates the performance of a fully trained LLM for any training
configuration from only a small number of training steps. The remaining budget is then used to run
BO with this predictor, eliminating the need for full LLM training at each iteration and enabling
significantly more BO iterations within the same optimization budget. Importantly, even if the
predictor’s estimates introduce errors, BO naturally absorbs this as observation noise, ensuring
theoretical convergence guarantees (Sec. [5.4).

The main contributions of this paper are:

e We propose JoBS, an algorithm that co-optimizes LLM data and model configurations by running
BO (Sec. with a scaling-law-inspired performance predictor (Sec. that predicts the
performance of a fully trained LLM for any training configuration from only a small number of
training steps. This reduces the cost of each BO iteration, enabling significantly more iterations
within the same optimization budget.

e We empirically analyze the prediction error and identify an inherent tradeoff: more initial full-
training runs improve predictor accuracy, but reduce the number of subsequent BO iterations
available under a fixed optimization budget (Sec.[5.3).



e We theoretically analyze how predictor error propagates into JoBS’ average regret, and derive
the optimal budget allocation between predictor learning and BO iterations to minimize regret
(Sec.[5.4).

e We empirically demonstrate that JoBS consistently outperforms independent data and model
optimization (Sec. @), vanilla BO, and multi-fidelity BO (Sec. [@) baselines across a diverse set
of downstream tasks, with ablation studies validating our theoretical finding that an optimal budget
allocation exists (Sec.[6.4).

2 Related work

Data and model optimization. Data optimization methods select or reweight training data to
improve downstream performance: gradient-based selection (LESS) [44] identifies influential data
points by aligning training gradients with task gradients; influence functions (IF) [21] rank data
points by their estimated effect on model outputs; distributionally robust mixing (DoReMi) [45]
optimizes domain weights to perform well across task distributions; and diversity-based selection
(Diversity) [38] maximizes the log-determinant score of the selected subset. Model optimization
methods identify suitable architectures or fine-tuning configurations: differentiable architecture search
(DARTS) [25] relaxes discrete architecture choices into a continuous optimization; AutoLoRA [52]
automatically optimizes LoRA rank; and RoBoT [14] selects configurations using training-free
metrics. Crucially, these methods optimize data and model configurations in isolation, ignoring their
critical interdependence. Furthermore, they cannot exploit iterative black-box metric feedback (e.g.,
user ratings or benchmark scores) to guide optimization, and may require access to task gradients,
which are unavailable in black-box settings. These methods will serve as baselines in our experiments

(Sec.[6.1).

Multi-fidelity BO. BO has been widely adopted for optimizing black-box functions where evaluations
are costly [31]. Multi-fidelity BO methods [22} 132} 143} 49]] incorporate fidelity as an additional input
dimension and use cost-aware acquisition functions to determine which fidelity to query at each
iteration. Examples of such methods include MF-KG [43]], which uses knowledge gradients, and
MF-UCB [31]], which uses upper confidence bound (UCB). However, these methods suffer from
three key limitations. First, they rely on a GP to jointly model low- and high-fidelity observations,
which is often insufficiently expressive to capture the complex relationship between fidelities. Second,
few works provide theoretical backing on the optimal number of queries per fidelity level. Third,
freeze-thaw methods [22}|32] assume monotonically improving performance via an exponential decay
kernel, but this assumption breaks down when suboptimal data mixtures cause LLLM performance
to decrease with more training steps (Fig.[3). Early-stopping BO [9] shares the same limitation of
relying on a GP across different fidelities. A detailed comparison is provided in App. [B]

LLM scaling laws. Existing scaling laws [3], [16] 20} 30} 42} [50] establish symbolic formulas that
extrapolate LLM performance from a small number of training steps. However, as shown in Sec.[4.2,
these formulas do not transfer to our setting as they are defined w.r.t. a fixed training configuration
(e.g., a fixed training data pool), whereas we require performance predictions across a wide range of
LLM training configurations. Notably, Yen et al. [49] explore the optimization of data mixtures using
neural networks to predict LLM performance, but do not account for the cost of training the predictor
within the optimization budget.

3 Problem setup

We consider two types of training components: data X and model M. Given these training
components, we define a training process Pp that fine-tunes an LLM for B training steps to produce
trained weights 6x a1, £ Pp (X, M), which are evaluated under a predefined downstream metric
L. Our formulation accommodates a broad class of downstream metrics, including black-box metrics
such as benchmark accuracy or evaluation loss. Formally, this yields a black-box optimization
problem over training configurations X', M:

r)g%(ﬁ(eX,M,B) . (H



Data X'. We assume access to n training datasets D £ D, UDyU---U D, drawn from n distinct
domains (e.g., General Knowledge, Math), and define the data component as a subset X C D. An
optimal X selects data samples that are relevant to the target task [S]] or of higher quality [37, 44, |51].
In this work, we consider X’ as the training data mixture (5], represented by a probability simplex
(X € Am~! C R™). This data mixture represents the proportion of each data domain used to train
the LLM.

Model M. Our formulation supports optimization over arbitrary model configurations. In this work,
we focus primarily on parameter-efficient fine-tuning (PEFT) using low-rank adaptation (LoRA) [17],
but also show that JoBS extends to full-parameter fine-tuning (see App.[M.2 for details). Concretely,
the model configuration M € R™ is a vector of dimension m comprising: (1) the LLM layers to
which LoRA is applied, (2) the LLM modules to which LoRA is applied (e.g., @), K-projection [36]),
and (3) the LoRA hyperparameters, including rank, «, and dropout [17].

Optimization budget C. A key aspect of our work is the incorporation of an explicit total optimiza-
tion budget C' > B, which prior work [49] does not consider. Without such a budget constraint,
brute-force search could be applied over all possible training configurations [1, 23]. For instance,
given a budget of C' = 50000 steps with each full training run costing B = 1000 steps, only
C/B = 50 training configurations can be evaluated. Our algorithm accommodates other budget
metrics as well, such as FLOPs or tokens, as detailed in App.[G.

4 Preliminary findings

To motivate the design of JoBS, we first present empirical findings on the structure of the performance
landscape and the feasibility of using neural networks as performance predictors.

4.1 Performance landscape

We examine the performance landscape of our
optimization problem. In Fig. 2, we fine-tune

a Llama-3-8B-Instruct [[13] model across Truthfules
varying data mixtures and LoRA configurations
and use GSMS8K [8]] accuracy as the downstream
metric (averaged over 5 trials). The landscape
reveals two key properties. First, jointly optimiz-
ing LoRA layer and rank yields over 10% perfor-
mance improvement over an arbitrarily chosen
configuration (Fig.[2b). Second, the landscape
varies rather smoothly across the input dimen-
sions (Fig. [2a), suggesting that it can be effec- Figure 2: LLM performance varies with different
tively modeled by a smooth surrogate function configurations.

[L1], making BO well-suited for this problem.
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4.2 Extrapolating LLM performance

Next, we investigate whether LLM performance can be predicted from only a small number of
training steps. Fig. [3|shows that performance trajectories vary substantially across different training
configurations.

For instance, a good training configuration (green) yields improved performance as training steps
increase, whereas a suboptimal training configuration ( ) causes performance to decrease. This
is unsurprising as poorly chosen data mixtures can degrade LLM performance on downstream tasks.
To capture this variability, JoBS uses a flexible neural network (Sec.[5.2) that predicts performance
from only a small number of training steps, across diverse training configurations. By contrast,
existing scaling law formulas [3} 150] are defined for fixed training configurations and cannot be
applied here. While our predictor lacks the symbolic representation of classical scaling laws, its
primary role is to provide useful signals to guide optimization.

S Introducing JoBS



Predicting performance

JoBS consists of two main steps: (i) Predictor learn- 0.72

ing. We allocate an initial portion of the budget to (L
learn a performance predictor that estimates the fully __—

trained LLM performance from a small number of £ ;. | # — - @ Good config
training steps (Sec.[5.2). (ii) BO with predictor. We £ #Rugpos A Good config
iteratively evaluate candidate training configurations E, 4 6® 83 #  Badconfig
following the standard BO feedback loop (Sec. [5.1). %
Unlike vanilla BO, which requires the LLM to be ®
trained to completion at each iteration, JoBS queries 065 Training steps

the predictor to estimate the fully trained LLM per-

formance after only a small number of training steps. Figure 3: Training a neural network to predict

fully trained LLM performance from a small
A key question is how much of the optimization bud- number of training steps.

get to allocate to learning the predictor. This involves

a clear tradeoff: allocating more budget to learn the

predictor leaves fewer BO iterations to effectively search for the optimal training configuration, while
reducing the learning budget results in a less accurate predictor that does not faithfully recover the
true performance landscape. We analyze the performance tradeoff between the number of initial full
training runs and remaining BO iterations both theoretically (Sec.[5.4) and empirically (Sec. [6.4), de-
riving the optimal budget allocation. Notably, JoBS does not require a perfect performance predictor
because the BO framework naturally treats the prediction error as observation noise, and we show
theoretically that JoBS converges to the optimal configuration despite this noise.

5.1 BO as the backbone of JoBS

We first provide an overview of the standard BO algorithm in a sequential feedback setting. We
consider LLM performance as a function £ : R? — R over the space of inputs = = [X', M] € R?
where d = n + m (see Sec.[3). We treat our objective function in Eq. [l as a black-box function
whose maximizer r* £ argmax, £(z) we want to recover. In line with existing work, we model
L as a surrogate Gaussian process (GP) [41]]. At each iterationt = 1,2,...,7, we use an LLM
training configuration x; to obtain a noisy realization (after training with z;) of the LLM performance
Yt £ L(xt) + €;, which we assume is corrupted with sub-Gaussian noise €; (e.g., normally-distributed
noise) to form the sample (x;, y;). Consistent with the work of Chowdhury and Gopalan [6], our GP
is specified by its prior mean pu(z) and covariance x(z,z') for all x, 2’ € RY, where & is a kernel
function that characterizes the correlation between two inputs = and z’.

Given the noisy observations y; = [yT]TT:Lm,t at inputs x1, . . ., 74, the posterior belief of £ at any
new input 2’ is a Gaussian distribution with the posterior mean and variance given by

pe(x') £ wf () (K + CD) ™My

2
o2(a') & w(a'sa’) — w] () (K + CI)~"ro(a) @

where r¢(z') £ [k(2/,x,)]]_; , is a column vector, K; £ [k(2r,@)]rrrer,..pisat x t

covariance matrix, and ¢ > 0 is a free hyperparameter [6]. By learning the correlation between
inputs and observations, modeling £ with a GP allows us to capture the relationship between training
configurations and LLM performance.

Using BO for data and model co-optimization. At each iteration, BO proposes a candidate data
and model configuration by maximizing an acquisition function (e.g., upper confidence bound
(UCB) [31]); the LLM is then trained under that configuration, and its downstream task per-
formance is observed. We measure convergence via average regret after 7’ iterations, given by
Ry & T71 Zle(ﬁ(x*) — L(x4)), where £(z*) is the optimum [335]. More details on BO are
provided in App.[D.

5.2 Amortization with performance predictor

Directly applying BO requires training an LLM to completion at every iteration, which is computa-
tionally prohibitive under a finite optimization budget. To amortize this cost, we learn a performance
predictor that estimates fully trained LLM performance from a small number of training steps, allow-
ing us to run significantly more BO iterations within the same budget. In Sec. we further provide



a theoretical analysis of the computational cost tradeoff associated with learning this predictor, which
is absent in prior literature [33}49].

For the predictor to generalize, it must estimate LLM performance for different training configura-
tions, which are not known in advance. To this end, JoBS learns a neural network that takes any
training configuration [, M| and a sequence of performance observations {L£(0x a1,p) } o< By UP tO
Bgman < B training steps, and predicts the fully trained LLM performance £(6x s, ). For instance,
in our experiments we use multiple sequential observations up to Bsman = 100 steps to predict final
performance at B = 1000 steps. Examples of predictions are shown in Fig.[3. As expected, our
ablation studies in Sec.[6.4]show that a larger Byyan yields more accurate predictions at the expense
of consuming more optimization budget.

Learning the predictor consists of two stages. (i) Data collection: To ensure diversity, we sample a
random Sobol sequence [28]] of V training configurations over X and M. For each configuration, we
train the LLM to completion, recording performance at several sequential steps up to By, as well as
the final performance £(6x a4, 5) at B steps; these full training observations also warm-start the GP
surrogate (Sec. [5.1). (ii) Training: JoBS fits a neural network F : (X, M, {L(0x rb) }o<Boar) —
L(0x r,B) on these observations, mapping performance after a small number of training steps to
fully trained LLM performance. Once learned, F replaces full training runs: at every subsequent BO
iteration, the LLM is trained for only B,y steps and F predicts the fully trained LLM performance.

5.3 Prediction error and performance tradeoff

Prediction error. The accuracy of F directly influences
the quality of BO iterations in JoBS, making it important /B N=20
to characterize how prediction error behaves in practice. N N=30
Fig. ] shows that as IV increases, prediction accuracy im- i \R*=0.672
proves, reflected in higher R? scores and tighter error

v
III//’——\\\
) K
concentration around zero. Empirically, the prediction er- f "5 2.R?=0.463
B

Count

-

ror is well-approximated by a normal distribution, whose - ' B o
variance decreases with increasing N. Crucially, JoBS 010 -005 000 005 010 015

. L. absolute prediction error
converges both theoretically (Theorem [5.T) and empiri-

cally (Fig.[3)), despite this prediction noise. Figure 4: Predictor error w.r.t. N

Tradeoff. However, increasing N comes at a cost. Under

a fixed optimization budget C, collecting N full training runs each requiring B steps consumes an
initial budget of N x B, leaving only | (C' — N B)/Bsman | BO iterations remaining. Thus, a larger
N produces a more accurate predictor but allows fewer BO iterations, and vice versa. In the next
section, we formally analyze how the choice of NV influences the convergence of JoBS.

5.4 Theoretical analysis of JoBS

We analyze how the regret bound of JoBS varies w.r.t. the prediction error and the choice of N. While
the prediction error cannot be precisely quantified analytically, Fig. ] suggests it is R-sub-Gaussian
[6] with increasing variance as /N decreases. The following assumption formalizes this characteristic

based on the empirical observations in Fig. 4]
Assumption. Let € be the prediction error of the performance predictor learned from N full training
runs, whose empirical distribution is shown in Fig. 4l We assume € is R-sub-Gaussian with R =

VN
for some constant k, reflecting that prediction error decreases as N grows.

With this assumption, the following theorem characterizes JoBS’ average regret given an optimization
budget C' and N initial full training runs.

Theorem 5.1. Let L(0x r,5) be the performance landscape of the LLM training configuration with

bounded RKHS norm: ||L|,. = \/(L,L). < Bw.rt. kernel k. Assume our performance predic-
tor is learned from N full training runs and makes predictions F (X, M, {L(0x rmp) }o<Bou) =
L(0x am,B)+ € from Byyay < B training steps where € satisfies the assumption above. Then, running
JoBS over LLM training configurations X, M until an optimization budget of C'is exhausted yields

T = {CB—NHBJ BO iterations, and with the IGP-UCB acquisition function [l6]], JoBS achieves the




following average regret with probability at least 1 — §:

Bsmall k
Ry =0 ByAT + —= /7% + v In(1/6)) 3
! (\/C—NB—BW,( TN VT”T“(/)) )
where ~yr is the maximum information gain of L after T = LCB_J N, ,B J BO iterations.

Theorem[5.T implies JoBS is essentially no-regret, as the average regret reduces to zero with increasing
budget C'. The proof is provided in App. [El This bound is also tighter than the average regret bound
of vanilla BO [6] under some reasonable assumptions (see App. [E.T).

Optimal budget allocation. Theorem [5.1]presents a compute-performance tradeoff: a larger N
yields more accurate predictions, reducing the k/+/N term in Eq. 3} but also reduces the number of
BO iterations available, increasing the left term in Eq. E Using the experimental values By, =
100, C' = 50000, and B = 1000, the optimal N that minimizes the average regret R lies
approximately between 25 and 35 (depending on other constants). We empirically illustrate this
tradeoff and provide practical guidelines for choosing N in our ablation studies (Sec. [6.4).

6 Experiments

We empirically validate JoBS across a variety of downstream task metrics and settings. Our experi-
ments are organized into three parts: (i) comparison against all combinations of independent data and
model optimization methods, (ii) comparison against vanilla and multi-fidelity BO baselines, and (iii)
ablation studies to isolate the contributions of key design choices, and computational cost analysis.

In our main experiments, we fine-tune Llama-3-8B-Instruct with LoRA [17]]. Extensions to
different model families (Qwen), larger models (14B, 32B), and full-parameter fine-tuning are provided
in App.[M.2| where JoBS remains consistently effective. Our objective is to maximize downstream
task performance after B = 1000 training steps, and within an optimization budget of C' = 50000
training steps. We evaluate benchmark accuracy using 1m-evaluation-harness [12] across six
language tasks (Fig.[5). We use N = 30 initial full training runs to train the performance predictor,
which makes predictions after By, = 100 steps — enabling 4 x more BO iterations within the same
budget. We use the UCB acquisition function [31] with an increasing ; schedule, and a mixed kernel
that combines a Hamming-distance kernel with an SE kernel (App. [G). Ablation studies in Sec.
justify the choices of N and By, and full experimental details are in App.

Data configuration. Data configuration & is a mixture over 9 training domains: Wikitext [27]],
GSMEK [8]], PubmedQA [18]], SciQ [39], TriviaQA [19], TruthfulQA [24], MMLU [15], AI2
ARC [[7], and CommonsenseQA [34]. We construct a fine-tuning dataset consisting of 10000 data
points by randomly sampling from these training datasets [3, 145} 48], with train and test splits kept
separate to prevent data contamination.

Model configuration. Model configuration M comprises five LoRA hyperparameters: the LLM
layers to which LoRA is applied, the LLM modules to which LoRA is applied (e.g., (), K-projection),
rank, o, and dropout. This gives a total of 10 model configuration dimensions. Further experimental
details are provided in App.

6.1 Baselines

We compare JoBS against three categories of baselines (described in Sec.[2). Data optimization:
LESS, DoReMi, Influence Function (IF), and Diversity. Model optimization: DARTS, AutoLoRA,
and RoBoT. BO methods: vanilla BO, MF-KG, and MF-UCB, with discrete fidelities of By = 100
and B = 1000. Since task gradients are not available in our black-box setting, gradient-dependent
baselines use training gradients as a proxy. Further implementation details are provided in App.[J}

Since JoBS is, to our knowledge, the first method to co-optimize data and model configurations with
iterative black-box feedback, no existing baseline offers a direct comparison in this setting. Our
experiments therefore serve two purposes: (i) to assess the value of co-optimization by comparing
against all combinations of data and model optimization baselines, and (ii) to evaluate the advantage
of our predictor-based approach over kernel-based multi-fidelity BO methods.



6.2 Comparison with data and model optimization methods

Table 1: GSMSK accuracy (higher is better) for all combinations of data and model optimization

methods vs. JoBS.

} Model | Data —  Default LESS DoReMi IF Diversity JoBS
Default 719415 Tl1ly19 723439 687110 744400 -
DARTS 7311009 717197 747114 693105 66.8403 -
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 73-111.6 70-2:|:1.8 -
JoBS - - - - - 86.4.,.

We evaluate all combinations of conventional data and model optimization methods applied inde-
pendently to L1ama-3-8B-Instruct. These are strong baselines under the standard paradigm of
independent data and model optimization. However, they cannot exploit iterative black-box feed-
back or model the interdependence between data and model configurations, which are precisely
the capabilities that JoBS introduces. Table [T shows that JoBS consistently outperforms all such
combinations, achieving the best accuracy of 86.4% on GSMS8K and highlighting the clear value of
joint co-optimization with iterative feedback. Additional results for other language tasks are provided

in App.

6.3 Comparison with BO methods
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Figure 5: Best-found LLM performance against optimization budget (training steps, in thousands) for
JoBS and BO baselines across six language tasks, as well as out-of-domain (OOD) and multi-task
settings. JoBS consistently achieves the highest performance across all settings. JoBS’ curve begins
later as an initial portion of the budget is allocated to predictor learning.

In-domain setting. We compare JoBS against the three BO baseline methods (vanilla, MF-KG,
MF-UCB) described in Sec. across six language tasks, where the downstream evaluation task
(GSMEK) is part of the training domain. All methods are allocated the same optimization budget
of C' = 50000 steps, with two discrete fidelities at B,y = 100 and B = 1000 steps for multi-
fidelity methods. Note that JoBS’ curve begins later as an initial portion of the budget is allocated to
predictor learning. As shown in Fig.[5] JoBS consistently outperforms all baselines across all six tasks.
Outperforming vanilla BO confirms that reducing the per-iteration cost via the performance predictor
enables more effective exploration within the same budget, while outperforming multi-fidelity BO
baselines shows that the performance predictor is more effective than using a GP kernel for modeling
the relationship between low- and high-fidelity observations [43]]. Further details on the comparison
with multi-fidelity BO are provided in App. [B]

Out-of-domain setting. We evaluate JoBS in an out-of-domain (OOD) setting where the target
benchmark (GSMS8K) is withheld from the pool of training data domains, forcing the optimizer to rely
on knowledge transfer from related domains. As shown in Fig.[5 (bottom-right), JoBS outperforms
all BO baselines even in this harder setting, consistently finding configurations that generalize to
the held-out domain. This indicates that the performance predictor generalizes beyond the training



domains, and JoBS remains effective provided the training domains have sufficient coverage of the
target task distribution, which is a reasonable assumption in practical deployment scenarios.

Multi-task setting. We evaluate JoBS in a multi-task setting where the downstream metric is an
aggregation of multiple benchmarks to demonstrate its flexibility to arbitrary black-box objectives.
Specifically, we evaluate on five benchmarks—GSMS8K, TruthfulQA, TriviaQA, CommonsenseQA,
and MMLU—using the test splits that are excluded from training, and aggregate their accuracies
into a single composite objective (average normalized score). As shown in Fig.[5 (top-right), JoBS
remains effective in this setting, highlighting that JoBS is agnostic to the form of the downstream
metric and naturally extends to arbitrary black-box objectives, including composite ones. JoBS is
also compatible with the multi-objective BO setting [10]], though a thorough investigation is left for
future work.

Extended settings. We further evaluate JoBS on different model families (Qwen), larger models
(14B, 32B), full-parameter fine-tuning, and evaluation loss as the metric. As shown in App.[M.2]
JoBS remains consistently effective across different model families, model sizes, training settings,
and downstream metrics, demonstrating its flexibility to various settings.

6.4 Ablation studies and computational cost

We conduct several ablation studies (using L1ama-3-8B-Instruct evaluated on CommonsenseQA)
to investigate key design choices in JoBS, and additionally analyze its computational cost.

Ablation on choice of N Ablation on choice of Bsmail

0.88 0.88

— N=5 — Bimai =50 Method Time (hours)
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Figure 6: (a) Ablation on choice of N. (b) Ablation on choice of Byyay. (¢) Wall-clock runtime of
JoBS vs. data optimization methods.

Effects of varying V. Fig.|6a illustrates the tradeoff between the number of initial full training runs
N used to train the performance predictor 7 and the number of available BO iterations under a fixed
budget. A larger N improves predictor accuracy, but consumes more budget, while a smaller N
allows more BO iterations but yields a less accurate predictor. As such, a value of N that is too small
or too large degrades JoBS’ performance. Empirically, N = 30 strikes the best balance under our
experimental setting, which is consistent with our theoretical findings in Sec.

Effects of varying Bgpan. Fig. @ shows a similar tradeoff for Bgya. A larger Bgman gives more
accurate predictions but reduces the number of available BO iterations, while a smaller By, allows
more BO iterations but yields a less accurate predictor. From our experiments, we find By = 100
steps (10% of B = 1000) provides the best balance between prediction accuracy and BO iterations.

Computational costs. Lastly, Fig. [6c|shows that JoBS has a lower wall-clock runtime than all data
optimization baselines under the same budget C' = 50000 steps. A detailed computational cost
analysis is provided in App.[K| and qualitative case studies of the optimal training configurations
found by JoBS are presented in App.|L.

7 Conclusion and future work

We introduced JoBS, a BO-based approach that co-optimizes data and model configurations for
LLMs. JoBS learns a scaling-law-inspired performance predictor to estimate fully trained LLM
performance from only a small number of training steps, eliminating the need for full LLM training
at every iteration. We showed that JoBS enjoys theoretical convergence guarantees and derived the
optimal budget allocation between predictor learning and BO iterations. One limitation is that JoBS



requires iterative deployment to optimize the training configuration, though as we discuss in App. [H,
this reflects real-world LLM development cycles.

Several promising directions remain. Can existing scaling law formulas be directly incorporated
into GP priors to further improve optimization efficiency? Can the performance predictor be reused
across different tasks to amortize its training cost? Addressing these questions would further reduce
the computational demands of JoBS, bringing principled black-box co-optimization closer to the
practical requirements of LLM development.
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A Impact statement

JoBS reduces the computational cost of fine-tuning LLMs by eliminating the need for full training
runs at every optimization iteration. The primary societal benefit is democratization, as by making
principled LLM optimization more computationally accessible, our method lowers the barrier for
smaller research groups and organizations to develop high-quality, task-specific models without
requiring large-scale compute infrastructure. We also show empirically that JoBS improves the
overall performance for LLMs in the sequential feedback setting.

B Additional related works on multi-fidelity BO

Multi-fidelity BO methods typically offer the option to query a black-box function at either high
or low fidelity. High-fidelity queries faithfully evaluate the true objective function but are more
expensive, while low-fidelity queries provide cheaper but approximate estimates. Multi-fidelity BO
incorporates fidelity as an additional input dimension and uses a cost-aware acquisition function [43]]
to determine which fidelity to query at every iteration.

In our setting, observing 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. The key distinction between JoBS and standard multi-fidelity BO lies in how
fidelities are modeled. Rather than jointly modeling low and high-fidelity observations with a GP (by
treating fidelity as an additional input dimension), JoBS explicitly models the relationship between
low and high-fidelity observations using an expressive neural network — the performance predictor
— which is decoupled from the GP surrogate. This decoupling is important, as a GP is often not
expressive enough to jointly model the relationship between fidelities, which explains why multi-
fidelity BO methods underperform in our experiments. The same limitation applies to early-stopping
BO [9], which relies on a GP to model across fidelities. Furthermore, most multi-fidelity BO works do
not analyze the optimal number of queries per fidelity. JoBS addresses this by providing theoretical
guidelines for choosing an optimal number of high-fidelity observations to query (Sec.[5.4).

A related line of work, freeze-thaw BO [32}22], decides at each iteration whether to continue training
an existing configuration or to explore a new one. We find this approach ill-suited to our setting
for two reasons. First, freeze-thaw methods require storing multiple copies of fine-tuned LLMs
simultaneously, which is memory-intensive at the current scale of LLMs. Second, they typically
model performance improvement with an exponential decay kernel, which assumes monotonically
improving performance with more training. However, Fig.[3 shows that in our setting, the change
in LLM performance can decrease with more training steps when the chosen data mixture poorly
matches the downstream task. As such, the exponential decay kernel introduced in these works is
unable to capture this behavior and is ill-suited to our setting.

C Downstream task metrics and sequential feedback setting

JoBS uses BO as its algorithmic backbone, leveraging iterative downstream task metric feedback to
improve the training configuration. Crucially, JoBS is agnostic to the form of this feedback. In the
most practical deployment scenario, the metric could reflect real-world user behavior, such as user
ratings or time spent on a chatbot, aggregated over a set of users.

In our experiments, we consider three forms of downstream task metrics to demonstrate JoBS’
versatility: downstream evaluation loss, performance on a specific QA benchmark, and aggregated
performance across multiple QA benchmarks (i.e., a multi-task setting). Importantly, the specific
benchmark used for evaluation is never revealed to our optimization algorithm (only its numeri-
cal output is observed), mirroring real-world conditions where the evaluation data distribution is
unknown [5].

D Additional background on Bayesian optimization
At every BO iteration, the BO algorithm proposes the next configuration x, as the configuration

which maximizes some acquisition function, such as the upper confidence bound (UCB) [31]], given
by 441 = argmax, p(x) + Bir10¢(x), where B;11 is an exploration parameter.
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A common kernel choice is the squared exponential (SE) kernel x(z,z") = exp(—||z —2'||3/(2m?))
with a length-scale hyperparameter m that can be learned via maximum likelihood estimation from
observations.

E Proof of Theorem

Theorem 5.1. Let L(0x a1, B) be the performance landscape of the LLM training configuration with

bounded RKHS norm: ||L||,. = \/(L, L) < Bw.rt. kernel . Assume our performance predic-
tor is learned from N full training runs and makes predictions F (X, M, {L(0x ) }o<Byu) =
L(Ox m, B)+ € from By < B training steps where € satisfies the assumption above. Then, running
JoBS over LLM training configurations X , M until an optimization budget of C' is exhausted yields

T = LC'%NHBJ BO iterations, and with the IGP-UCB acquisition function [6l], JoBS achieves the

following average regret with probability at least 1 — §:

_ Bpait i 2
Rr=0 (\/C " NB — Bown (BvaT + T\ 1n(1/5))>, 3)

where ~yr is the maximum information gain of L after T = {CB_‘N, ,B J BO iterations.

Proof. To begin, recall that we are trying to maximize our LLM performance, a black-box func-
tion L(0x rm,B) (Sec. E). Using our scaling law predictor (Sec. , we instead train our LLM
for Byman training steps (or time) and observe L£(6x a B, ). We then use the performance pre-
dictor to produce F(L(0x s, By ))> Stimating 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(LOx M, Boa)) = L(0x,m,B) + €. Hence, we only have access to a noisy estimate of our black-
box function: £L(0x a1, 5) + €. The prediction error is also R-sub-Gaussian as suggested from our
empirical findings (Fig. ). As such, this formulation is in line with the BO algorithmic framework
introduced in Sec. where we obtain noisy observations of the true underlying function.

Next, we aim to draw the relationship between the choice of N and our predictor’s error € and
consequently, JoBS’ regret. First, we present the following lemma from [6]:

Lemma E.1. Let ||f||x = /{f, f)x < 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 — 6, the following
holds for BO iterationt < T':

he(@) = f@)| < (B+ RV200 + 1+ n(1/9)) ) o1(x) @

where ; is the maximum information gain after t observations and . (x), 02 (x) are mean and
variance of posterior distribution of GP defined in Eq. with ¢=1+4+2/T.

In our setting, set f = £ (our LLM performance after fine-tuning) and + = X', M (our LLM training
configuration). This lemma indicates that our estimated mean pi;(x) of our performance landscape
from our fitted GP over historical observations of LLM performance deviates from the true LLM
performance f(x) = L(0x,m,5) by at most the right-hand side term in Lemma [E.1]

We are now ready to prove Theorem[5.1. First, we observe that the next LLM training configuration x;
at each BO iteration ¢ is chosen via the IGP-UCB acquisition function (i.e., x; = argmax,, piz—1(x) +
Bior—1(z) and By = B+ R\/2(74—1 + 1 + In(1/5)) where the observation noise associated with
each BO iteration is R-sub-Gaussian). Thus, we can see that at each iteration ¢ > 1, we have
we—1(xt) + Beor—1(xt) > pe—1(x*) + Bror—1(x*). It then follows that for all ¢ > 1 and with
probability at least 1 — 6,

@) = F@e) € B (@) + puos (1) — F(z)

(2) (5)
< Bror—1(xe) + pe—1(xe) + (Bror—1(xt) — pe—1(xt))

< 28401 (x¢)
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(1)
where < uses the fact that via Lemma and our acquisition function, f(z*) < Bior—1(z*) +

(2)
pi—1(x*) < Bror—1(x¢) + pe—1(x¢) and < once again uses Lemmal|E. 1

Next, we adjust the total number of BO iterations in our problem setting, depending on the chosen V.
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 LC Sl\af B | BO iterations. Hence, we analyze how
JoBS’ cumulative regret grows for up to 7' = LCBH{‘\; lB | iterations. Using Eq. l_, we can bound the
cumulative regret by
T T

Dore=> (f@) = fl@) <2 Biova(x) 6)

t=1 t=1 t=1
where r; is the per-iteration regret.

T
Since we know that Z or—1(z1) = O(\/Tyr) and used By = B+ R\/2(yi—1 + 1 + In(1/9)), the
t=1

cumulative regret in Theorem [5.1] can be written as

Rr=Y )

T
< QZBtUt () (3
< 20(\/Tyr)(B+ Ry/2(yr + 1+ 1n(1/4))) ©)
= O B\/Tyr + RVT\/¥2 +r 1n(1/5)> (10)
é (@) (B\/\\C ]\;B ’YT—FR\/\\C_]\;BJ ’YT+’7T1H(1/5)> (11)
2 C - NB C NB
-9 (B { small ’YT \/7 small fYT or ln 1/5 ) ’ (12)

where w uses the fact that if we collected N full-training runs initially, the number of BO iterations

available is T' = {C_N B J and © uses Assumption 1 that our prediction error is R-sub-Gaussian

Bimall
. _k
with R = TN

Lastly, because different numbers 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. (12 by {C N BJ throughout:

R 1) \/ IVTBsmall \/ Bsman 2
T (B C—NB — B T YNV CNB — By V17 T 1/0) )03

Bsmall
= \/ In(1/6 14
O((\/C—NB—Bsmall> <B ’YT \/7 ,YT+P)/T n( / )>> ( )
where & divides the cumulative regret in Eq. throughout by 7' = {CEZ n]]Vl IB J and uses the fact
that /o] /b ] < Eb when a > b > 0 (which holds here since C — N B > By, in our setting).

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 7', then the
average regret incurred when collecting training configurations initially can be removed in the big-O
notation. O
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E.1 Comparison of regret bound in vanilla BO

We 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 7" be the number of BO iterations available in the vanilla
BO case. Recall that in normal BO (without any performance predictor), the cumulative regret is
[4. 6]

o (B\/TWT + RVT /42 + 1 1n(1/5)> . (15)
Dividing by 7', we obtain an average regret of:
ByAr | Ry/vg +7yrIn(1/9)
@) + . 16
( VT VT 1o

Consider that in our case, JoBS allocates a constant number of iterations (e.g., N < T') to learn
the performance predictor, which yields noisy observations with error distribution that is 2;-sub-
Gaussian, where R; > 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(7" — N') more BO iterations. Assuming that the average regret of the first IV iterations
where we make random queries is constant (we can ignore it in the asymptotic bound), this implies
the average regret bound of JoBS is:

0 Bvir . Ryt +orIn(1/) (17
V/10(T — N) V/10(T — N) '

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 — ¢ if and only if:

<BM+R1 ’y%—k’yTln(l/(S)) < (B\/’yiT—i—R\/’y%—&—’yTln(l/é))f u (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: R; is larger than R (i.e., using a predictor gives noisier observations),

but as long as 1/ m“;;v) 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.

F Computational complexity

The computational complexity of the BO algorithm is well studied [31]; a detailed summary is
provided in Appendix F of Chen et al. [5]. Briefly, the dominant computational cost scales cubically
with the number of iterations 7', i.e., O(T?), due to kernel matrix factorization (e.g., via Cholesky
decomposition). The dependence on problem dimension n arises primarily from acquisition function
optimization, which incurs O(cnT?) per iteration, where c is the number of optimization restarts. In
typical regimes where n < T', the cubic dependence on 7' dominates, yielding an overall complexity
of O(T?) with only linear dependence on 7.

Beyond the BO overhead, each iteration requires training an LLM, which is the dominant practical
cost. Naively, 7' BO iterations require 7" full LLM training runs. However, this cost need not be
front-loaded. In realistic deployment scenarios, the LLM can be rolled out to collect metric feedback
over an extended period, as is standard practice in real-world LLM development (e.g., ChatGPT and
Gemini are both rolled out and improved over months or years).

G Practical design choices

We discuss several practical design choices involved in JoBS. First, we use a mixed kernel for the
GP that combines a Hamming-distance kernel with an SE kernel, enabling more principled handling
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Kernel MMLU TriviaQA  GSMSK

Hamming + RBF (SE2) 74.8+0.6 72.6+£0.8 86.6+0.8
RBF (SE2) 745+£03 720+11 864+12
Matérn 73.7£08 71.0+£0.6 85.6+0.7

Table 2: Performance across different kernels on MMLU, TriviaQA, and GSM8K.

of the mixed discrete-continuous input space (data mixtures are continuous variables while LoRA
rank and layer are discrete variables). Second, data from prior training runs (earlier experiments or
published works) can be used to learn the predictor at no additional budget cost, further improving
prediction accuracy (Fig.[). Lastly, we choose the number of training steps as the budget constraint in
our problem formulation to keep the number of data samples used in the BO loop constant. However,
JoBS’ budget is a generalizable constraint, and other constraint choices such as total number of
training tokens or floating-point operations (FLOPSs) can be considered with little change to our
formulation, since the number of data points and model size is approximately constant in our setting
(the number of fine-tuning parameters is small relative to the model size).

H Further discussion of limitations

One limitation of JoBS is that it requires several rounds of feedback to iteratively optimize an LLM’s
training configurations. However, this characteristic is found in most black-box optimization settings
(e.g., BO [31])) and is not unique to our work. In addition, we view the process of obtaining feedback
as a natural part of the LLM deployment life-cycle. For instance, many commercial LLMs, such
as ChatGPT, Gemini or DeepSeek, are iteratively improved over many deployment iterations by
gathering feedback from users (in fact, it would not be surprising if such iterative optimization
approaches are already employed in practice under-the-hood).

In addition, in our setting, obtaining feedback is the only way we can optimize the LLM training
configurations. Other methods, such as data selection, cannot exploit feedback and hence are
suboptimal in our setting.

I Additional experimental details

Search space. The data configuration X’ consists of 9 dimensions representing the mixing ratio
(a probability simplex) over 9 training data domains. The model configuration M consists of 10
dimensions:

. Number of LLM layers to apply LoRA to € [1,31] (varies by LLM architecture),

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

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

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

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

. Whether to apply LoRA to MLP-up-projection (binary),

. Whether to apply LoRA to MLP-down-projection (binary),

. LoRA rank € [1, 256],

. LoRA dropout € [0, 1], and

. LoRA « € [1,500].

O 0 3 N L A W N =

—_
=]

Default configurations. For baselines that do not optimize a particular component, we adopt the
following default fine-tuning configuration: (a) LoRA applied to all LLM layers, (b) LoRA applied
to all @Q-, V-, K-, MLP-up-, MLP-down-projection, (c) rank = 16, (d) dropout = 0.1, (e) a = 16,
and (f) uniform data mixture. These defaults are consistent with standard configurations used in
existing works and off-the-shelf fine-tuning frameworks. In our experiments, we use 8-shot prompting
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with chain-of-thought reasoning, with Byyay = 100 training steps, B = 1000 training steps and
optimization budget C' = 50000 training steps.

Performance predictor. To learn the performance predictor (Sec.[5.2), we sample a random Sobol
sequence [28] of 30 LLM training configurations and fine-tune the LLM for B = 1000 training
steps (approximately 1.5 training epochs). During training, we collect the LLM evaluation loss or
performance at intervals of 25 training steps, up to Bsmay = 100 training steps. We construct the
neural network input from observations at steps 25, 50, 75, 100, together with the data and model
configurations. The performance at B = 1000 steps serves as the neural network’s prediction target.
We fit a densely-connected neural network F with 3 layers of width 64 on this dataset.

BO setup. The N = 30 full training observations are also used to warm-start the GP surrogate,
leaving a remaining budget of W = 200 BO iterations. We use a mixed kernel combining
a Hamming-distance kernel and an SE kernel for the GP, implemented via the BoTorch library.
Kernel hyperparameters are estimated via maximum likelihood at the end of every iteration. All
training configuration parameters are normalized to [0, 1] before fitting the GP. Experiments were run
on 4 H200 GPUs and a training batch size of 64.

J Implementation details of baselines

LESS [44]. We pass each training data point from each data domain into the LLM to construct a
gradient store [44]. Since we do not know the exact evaluation task (just like the setting considered
in Chen et al. [3]]), 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 [45]]. We use DoReMi to optimize the data mixing ratio across the training data domains, ac-
cording 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 [21]. 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 [38]. 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 points’ embeddings in a matrix and computing the determinant.
There is a greedy implementation [38] that improves the computational efficiency.

DARTS [23]. We optimize the same model configurations detailed in App. [l 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 O 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.

AutoLoRA [52]]. We follow the implementation in https://github.com/ruz048/AutoLoRA,
which tunes the LoRA rank for each layer.

RoBoT [14]. We utilize the training-free proxies given in [14] and perform BO over the weights
assigned to each training-free proxy. With the optimized weights, we then iterate through the model
configurations to find the one with the best (weighted) training-free measure.

MF-KG [43]]. The implementation is reproduced from https://botorch.org/docs/tutorials/
multi_fidelity_bo/.
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MF-UCB. We use a cost-aware UCB acquisition function that follows the framework in Yen et al.
[49].

K 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 [14, 25] 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 optimization methods (LESS, DoReMi, IF, Diversity),
we record their wall-clock runtime in Table[3] In general, we found data optimization methods to be
computationally more expensive than JoBS.

Table 3: 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

L. 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 E) and model (Table E)
configurations found for the GSMSK evaluation task.

Table 4: Optimal data mixing ratio found by JoBS vs. other baselines. The columns denote the ratio
allocated to each training domain.

CQA GSMS8K PubmedQA SciQ TrivQA TruthQA Wiki MMLU ARC
JoBS 0 0.34 0 0.10 0.19 0 021  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, DoReM:i 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
evaluation task, leading to lower performance when evaluated on specific individual tasks, such as
GSMS8K.

Table 5: Optimal model configuration found by JoBS vs. other baselines.
Rank NumLayers Order Q K V Up Down dropout «

JoBS 36 25 1 1 0 1 1 0 0.112 64
DARTS 12 13 0 1 1 1 1 0 0.058 45

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
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LoRA to only certain transformer layers. In particular, JoBS found that for the GSM8K evaluation
task, fine-tuning -, 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).

M

Additional experimental results and discussion

M.1 Additional experiments against data and model optimization methods

Tables[6] [7 [B] Pl and [I0]extend the evaluation from Table([T]to five other language tasks: TruthfulQA,
CommonsenseQA, MMLU, ARC, and TriviaQA. JoBS consistently outperforms all combinations of
data and model optimization methods confirming that co-optimizing data and model configurations
yields meaningful gains over treating them independently.

Table 6: Truthful QA [24].

| Model | Data —  Default LESS DoReMi IF Diversity BO JoBS
Default 59‘8i1.9 60.7i1.0 62~gi2.6 62.311_3 64.5i1.2 74~8i1.0 -
DARTS 619113 624:06 66.7113 638105 64.8119 77.0409 -
AutoLoRA 6]“7110 66.911_2 64.5i1‘1 65.3112 65~9i0.6 72.510.5 -
RoBoT 64210.6 65.8i0,7 58.911,3 56.911,0 65.810,6 73~9i1.3 -
BO 66.8412 679405 69.8409 709419 64.7414 761400 -
JoBS - - - - - - 80.6

Table 7: CommonsenseQA [34]].

J Model | Data —  Default LESS DoReMi IF Diversity BO JoBS
Default 76-3:t1.0 73~Oi0.8 74.2i1_7 79.3i0.7 77~4i1.7 80.6i0,8 -
DARTS 79.6413 763117 761111 737112 801411 T79.6+06 -
AutoLoRA 78.9i0.g 79.8i0.4 76.1i0.5 77.911.2 78.0i1.0 81.5i1_0 -
RoBoT 74~9:t048 75.5:5:0_9 77.1:5:0‘9 79.4:&1.5 76.3:5:0_9 80.2:|:0_2 -

BO 79.7413 794103 77.0004 8l.1ipo9 794411 80.7412 -
JoBS - - - - - - 84.3+2.4
Table 8: MMLU [15].

J} Model | Data —  Default LESS DoReMi IF Diversity BO JoBS
Default 61.2413 63.5409 H59.7418 579406 621414 642415 -
DARTS 583107 61.00907 629119 557116 601105 63.4190 -
AutoLoRA 62.5i1.4 64-310.6 60.8i2.2 58.211_9 63-710.8 61.5i1.1 -
RoBoT 59~9i0A9 60.7i1.2 63.4i1]7 61.5115 58312‘3 62.110.7 -
BO 55.8418 572404 613112 605416 639410 59.6115 -
JoBS - - - - - - 69.5. 5

Table 9: ARC [7].

J} Model | Data —  Default LESS  DoReMi IF Diversity BO JoBS
Default 54~7i1.3 59-2i0.7 61.4i2'0 52.811,5 60.6i0,9 62.3i1,2 -
DARTS 581108 61.0416 628105 543121 579417 60.54056 -
AutoLoRA 60.4411 63.24099 586419 H5.1igs 62.149¢ 59.8410 -
RoBoT 56.8:|:1_5 58.7:‘:1.4 61.1:|:1_2 60.3i(),7 55.7:|:2_2 61.4:|:1_3 -
BO 52.6120 559406 59.7113 585114 634410 HT74ip9 -
JoBS - - - - - - 704, ,
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Table 10: TriviaQA Gen [19].

J} Model | Data —  Default LESS  DoReMi IF Diversity BO JoBS
Default 55-5i1.4 57-2i0.8 53-1i0.9 55.8:&0.7 58-9i0.8 65-0:|:0.6 -
DARTS 582408 613112 61.0407 633110 592106 66.741.8 -
AutoLoRA 67.8i1.4 64.7i0.9 70.6i2.2 68.611.7 66.2i1.5 69.7i2_4 -
RoBoT 5&4iL5 623ilj 642iL4 512iL2 634iL5 6&2iL3 -

BO 70.7414 66.7408 725408 T1.74009 747410 727423 -
JoBS - - - - - - 76.2+1.9

M.2 Extension to different model sizes, full-parameter fine-tuning and evaluation loss

We extend our experiments to larger models (Qwen3-14B) (Fig.[7), full-parameter fine-tuning (Ta-
ble [TT), and evaluation loss as the downstream metric (Fig.[8). In the full-parameter fine-tuning
setting, LoRA 1is not used; instead, JoBS optimizes which LLM layers to fine-tune directly. Our
results show that JoBS remains consistently effective across different model families, model sizes,
training settings, and downstream metrics.
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Figure 7: JoBS performance for LLM evaluation performance with Qwen-14B.

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

1 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

M.3 Additional BO baselines

In Table[I2} we jointly optimized LLM training configurations using several other naive approaches
in our experiments. We experimented with 3 naive approaches: (a) Random randomly picks
500 different LLM training configurations, fine-tunes the LLM for 100 training steps each, use
our performance scaling law predictor to predict and select the best-performing LLM training
configuration. (b) Random Data performs JoBS on model configurations for only 10 iterations and
repeats 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 repeats 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.
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Figure 8: JoBS performance for LLM evaluation loss (instead of performance).

Table 12: 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

GSMSK 67.3141.6 71.540.9 86.4+1.2

Truthful QA 59.841.5 64.241.4 80.641.1

CommonsenseQA 76.441.2 76.3+1.2 84.349.4

Llama-3-8B-Instruct MMLU 66.410.7 63.141.1 69.510.8
ARC 65.241.7 64.640.6 704413
TriviaQA 61.710.4 63.241.5 76.211.
N Asset licenses
Asset License URL
Wikitext CC-BY-SA 3.0 https://huggingface.co/datasets/mindchain/wikitext2
GSMS8K MIT https://huggingface.co/datasets/openai/gsm8k
PubmedQA MIT https://huggingface.co/datasets/qiaojin/PubMedQA
SciQ CC-BY-NC 3.0 https://huggingface.co/datasets/allenai/sciq
TriviaQA Apache 2.0 https://huggingface.co/datasets/mandarjoshi/trivia_qa
Truthful QA Apache 2.0 https://huggingface.co/datasets/domenicrosati/TruthfulQA
MMLU MIT https://huggingface.co/datasets/cais/mmlu
AI2 ARC CC-BY-SA 4.0 https://huggingface.co/datasets/allenai/ai2_arc
CommonsenseQA MIT https://huggingface.co/datasets/tau/commonsense_qga
Llama-3-8B- Llama 3 https://huggingface.co/meta-1lama/Meta-Llama-3-8B-Instruct
Instruct Community
License

Qwen3 Apache 2.0 https://huggingface.co/collections/Qwen/qwen3
Im-evaluation- MIT https://github.com/EleutherAl/1lm-evaluation-harness
harness
BoTorch MIT https://github.com/meta-pytorch/botorch
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