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Abstract

Training large language models (LLMs) on heterogeneous data requires selecting minibatches that
balance convergence speed with coverage across domains. Existing methods either select samples
independently within each domain or rely on computationally expensive proxy models to learn continuous
domain weights. We propose PartitionSel, a cross-domain minibatch selection approach that maximizes
a validation-guided gradient-matching utility under per-domain budgets encoded as a partition-matroid
constraint. By coupling the per-domain budgets through a single utility, PARTITIONSEL is designed to
reduce redundancy in selections across domains. The proposed objective is weakly submodular and
admits an orthogonal matching pursuit algorithm with provable approximation guarantees. Empirically,
we evaluate PARTITIONSEL for minibatch selection during the fine-tuning of QWEN2.5 and LLAMA-3
on METAMATHQA and MOL-INSTRUCTIONS. PARTITIONSEL achieves robust gains over per-domain and
domain-agnostic baselines on both benchmarks. It also reduces the number of conflicting gradient pairs
within each batch, indicating that the cross-domain coupling translates into more compatible training
updates. Code is available herel

1 Introduction

Training large language models (LLMs) with larger mini-batches is known to improve convergence rates and
can lead to superior performance. However, large mini-batches incur substantial GPU memory overhead.
Recent works propose selectively training on targeted samples within each mini-batch (Wang et al., [2024;
[Nguyen et al. 2025), thereby significantly reducing memory consumption. The selection of such samples
is typically performed using influence functions (Fahrbach et al.,[2019; [Pruthi et al., 2020} Gasteiger et al.|
2022)), gradient-matching techniques (Mirzasoleiman et al., [2020a; [Killamsetty et al., 2021bla)), or distribution
based matching approaches (Kim et al., 2016} Gurumoorthy et al., |2019, 2021} Liu et al., 2024b; Chanda
20%)

The minibatch selection problem becomes more challenging when the data includes multiple heterogeneous
domains. Several works emphasize on identifying optimal domain representations during training (Tishby &
Zaslavskyl, [2015; Maurer et al.| [2016; [Namkoong & Duchi, 2016)). Consequently, recent works
Liu et al., 2025)) aim at optimizing the domain representation mixture via proxy models which are trained
alongside the main LLM. However, training proxy models involve computational and practical concerns as
one needs to ensure that the proxy model faithfully mirrors the optimization trajectory or emergent behaviors
of the main LLM.
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In this work, we take a discrete, combinatorial view of domain-aware minibatch construction that sidesteps
the need for any auxiliary proxy model. We encode per-domain capacities directly as a partition-matroid
constraint on the minibatch and select samples jointly under this constraint by maximizing a common utility
function across domains. Overall, the samples are rewarded not only for aligning with the signals within
their own domain, but also for being non-redundant with samples chosen from other domains. The resulting
objective is weakly submodular and admits an efficient orthogonal matching pursuit algorithm with provable
approximation guarantees — effectively inducing an implicit domain mixture at the batch level without the
computational overhead of training a proxy alongside the LLM. In summary, our contributions are as follows:

e A unified, domain-coupled formulation. We cast cross-domain minibatch selection as the maxi-
mization of a single, validation-guided gradient-matching utility subject to per-domain budgets encoded
as a partition-matroid constraint. The proposed weighted-prototype objective, PARTITIONSEL, recovers
the GREATS selection rule (Wang et al., |2024) as the binary special case, while, unlike GREATS ,being
provably monotone and weakly submodular.

e A discrete bridge to continuous data-mixture methods. PARTITIONSEL offers a principled
connection between discrete subset selection and continuous reweighting strategies such as DoReMi (Xie
et al., |2023a)), by inducing a discrete, sample-level domain mixture at each training step.

e Empirical gains and gradient-level evidence. Across QWEN2.5 and LLAMA-3 fine-tuned on
METAMATHQA and MOL-INSTRUCTIONS, PARTITIONSEL based minibatch selection consistently im-
proves upon strong baselines including GREATS (Wang et al., [2024)), COLM (Nguyen et al.l 2025)),
and DoReMi (Xie et al. 2023a). PARTITIONSEL also reduces the number of conflicting gradient pairs
within each batch, indicating that the proposed cross-domain coupling translates into more compatible
training updates.

1.1 Related Works

Coresets and subset selection for language models. Coreset methods select small training subsets
whose aggregate gradient approximates that of the larger dataset. CRAIG (Mirzasoleiman et al.| [2020b]) and
GradMatch (Killamsetty et al.l 2021a)) formalize this as gradient-matching, while GLISTER (Killamsetty|
et al., 2021b) adds a bilevel validation objective. Recent works extend these ideas to LLMs at the mini-batch
level: CoLM (Nguyen et all [2025) performs memory-efficient coreset selection in the Adam-normalized
gradient space for fine-tuning on heterogeneous mixtures while UniProT (Chanda et al., [2026) selects
uniformly weighted mini-batch selection for improving minority class representation. Our work shares this
gradient-matching philosophy but couples per-domain selections through a single validation-guided utility
under partition-matroid constraints.

Validation-guided and influence-based selection. A complementary line of work scores examples by
their estimated influence on a held-out signal using influence functions or gradient-based approximations (Koh
& Liang, 2017; [Pruthi et al.| [2020). LESS (Xia et all [2024b]) computes low-rank gradient features for targeted
instruction tuning, and GREATS (Wang et al., 2024) proposes an efficient gradient-matching selection rule at
the mini-batch level. Quality-scoring methods such as Ask-LLM and QuRating (Sachdeva et al.l [2026; |Wettig
et al.l 2024)) use model-derived signals to filter pretraining data, while DSIR (Xie et al.| [2023b)) performs
importance resampling against a target distribution. PARTITIONSEL similarly leverages validation guidance,
but performs joint selection across domains under explicit per-domain capacity constraints, which we show
reduces redundancy and gradient conflicts within each batch.

Continuous data-mixture and reweighting methods. Rather than selecting discrete subsets, mixture
methods learn continuous domain weights to reweight the training distribution. DoReMi (Xie et al., |2023a)
optimizes the mixture via a group-DRO proxy, RegMix (Liu et all 2025 fits a regression surrogate over
small-scale runs, and CLIMB (Diao et al.| 2025)) iteratively bootstraps clusters and weights. MATES (Yu
et al., [2024b) learns a model-aware data selector and Sheared-LLaMA (Xia et al., |2024a) couples data
selection with (model) structured pruning. These approaches build on group-robust and distributionally
robust optimization (Sagawa et al., 2019)) but typically require auxiliary proxy models or extra optimization
loops. Our batch-level constrained selection can be viewed as a discrete alternative that induces an implicit
mixture without an auxiliary proxy.



2 Background

Notations. The n-dimensional non-negative orthant is denoted by R". Sets are denoted by calligraphic
notation (e.g. S). For any set A, the corresponding index set is denoted by A. Vectors are typeset in lowercase
boldface (e.g., x), and matrices are typeset in uppercase boldface (e.g., X). Sub-vectors and sub-matrices
indexed by index sets are denoted using bracketed subscripts (e.g., X7 X[T],ﬁ])’ where 7 and J are the

n

index sets. The probability simplex set is denoted by A" = {x € R : > ", x; = 1}. The operator (spectral)
norm of a matrix A is [|Allop := supxj,=1/[Ax[[2. We let & denote the disjoint union of sets and I[-] the
indicator function. For a vector & > 0, supp(x) = {j : ¢; > 0} denotes the support of x.

Submodularity and submodularity ratio. Let f : 2¥ — R be a set function over a ground set V. For any
subset A C V and element e € V\ A, the marginal gain is defined as A f(e|A) = f(AU{e})— f(A). The function
f is submodular if it exhibits diminishing returns: for all AC B CV and e € V\ B, Af(e|]A) > Af(e|B).
The submodularity ratio v captures how close a non-submodular function is to being submodular: f is said
to be y-weakly submodular for some « € (0, 1] if it satisfies: ) .5 Af(e|A) > yAf(B|A) for all disjoint sets
A,BCV, where Af(B | A) = f(AUB) — f(A). For submodular functions, v = 1. To maximize a monotonic
~-weakly submodular function under cardinality constraint, the classical greedy algorithm (based on marginal
gains) achieves (1 — e™7) approximation of the optimal value (Nemhauser et al., [1978; Das & Kempe| 2018).

RSC and RSM. A differentiable function [ : RY — R is restricted strong concave (RSC) with parameter cq
and restricted smooth (RSM) with parameter C on a domain Q C R? x R if V (z,y) € Q,

CQ CQ
i)~ 1(y) + (Viw),y — ) € [Lly — al3, Ly o]
RSC and RSM have been studied in the context of weakly submodular functions (Elenberg et al.; |2018;
Gurumoorthy et al. [2019). Let Q, := {(x,y) : |x][o< &, ||yllo< &, %,y > 0}, and let ¢, and C,, denote the
RSC and RSM parameters of [ on 2. Since €, C €2, whenever k < &, it is easily verified that c; > ¢, and
Cr < Cy. Finally, define Q := {(x,y) : ||x — y||o< 1}, with associated smoothness parameter C;.

Partition matroid. A partition matroid M = (V,7) is defined by a partition of the ground set V into
disjoint sets V1, ..., Vp, (le., V =W, V;) with capacities k1, ko, . .., km, respectively. Here Z is the set of all
independent subsets of V, defined as Z={S CV ||[SNV;|< k;Vi=1,...,m}.

Conflicting gradients. We define ¢;; as the angle between two sample gradients g; and g;. The gradients
are conflicting if cos ¢;; < 0(= (g:,8;) < 0). In Section we use this notion of gradient conflict to analyze
how samples from different domains interfere with one another during training.

3 Problem Formulation

We consider the standard setting for training a language model. Let Dy, denote the training dataset and
{: Z x ® — R be an instance-wise loss function, where Z = X x ) is the instance space and © is the model
parameter space. We seek to minimize the expected loss via iterative stochastic optimization (e.g., Adam).
At each step t € [T, the model receives a mini-batch B; C Dy,, and the parameters 0; are updated using the
cumulative batch loss Li(0;) = ), 5 £(z;6;). To guide the learning process, we assume access to a small
validation set Dy, (Wang et al [2024; Xia et al., [2024Db; [Xie et al.; |2023a)), from which a validation mini-batch
B}’a' C Dy is sampled at each step.

Domain heterogeneity and mixture strategies. We consider the setting where the data distribution
is hetero§eneous7 i.e., the training dataset spans C distinct domains. Accordingly, D;, decomposes as
Dy, =4,_, V., where V. denotes the samples belonging to the c-th domain. Recent domain-aware mixture
strategies typically learn an optimal continuous weight vector w € A® over the domains. However, estimating
these weights requires computationally expensive techniques such as training auxiliary proxy models to
predict downstream performance (Liu et all, [2025; Diao et al.l [2025) or employing group distributionally
robust optimization (Xie et al., [2023a; |Sagawa et al., 2019).

Domain-aware batch selection. To circumvent the computational costs of the above techniques, we

reformulate the problem as domain-aware mini-batch selection. Instead of learning global domain weights, we
optimize the data mixture locally, at the batch level, by selecting a subset of samples that maximizes a utility



function subject to domain constraints. For a given training batch B; at step ¢, we consider the disjoint
union of samples across all C' domains, B; = L*'JS:1 Bf, where Bf = B; N'V.. Our objective is to select a subset
S; C B; that maximizes a time-dependent utility ;(S) while respecting per-domain cardinality constraints
{kL}S . We define the selection problem as:
c

max U (S) s.t. |SNBYI< KL Ve, Ko = K. 1

max Uy(S) | | 2:1 (1)
where k is the per-step selection budget. The constraint in (1] is precisely a partition-matroid constraint
with capacities {k%}. This formulation lets us enforce domain-specific budgets (and effectively inducing a
data mixture) without proxy models or continuous weight optimization.

3.1 Validation-Guided Gradient Matching

The utility U (S) quantifies the marginal value of training samples by balancing alignment with the validation
signal (to ensure relevance) against intra-subset diversity (to limit redundancy and gradient conflicts). To
instantiate it, we adopt a validation-guided approach: we select a training subset & C B; such that the
model update derived from S maximally reduces the loss on the validation batch By2'. Let 8; be the current
model parameters. Following (Koh & Liang), 2017} Killamsetty et al.l 2021b} Xia et al.| |2024b; |Wang et al.|
2024), we define the utility of a set S C B; as the expected reduction in validation loss after a stochastic
gradient-descent step with learning rate 7;. For a validation instance z,,|, the expected reduction in validation
loss is ~
Un(S) = U(zas; 0) — e(zva.; 0t+1(5)) .

where 8;,1(S) = 6, —n; Y zcs 9e,(2z) denotes the parameters updated using the subset S, and gy, (z) :=
Vol(z;0)|g=0, is the gradient of {(z;8) at 0,.

Given the partially constructed selection S := {z1,2a,--,2;-1} at step ¢, we compute the marginal gain
of the utility as follows:

AUy (z; | S) = U(zval; 0141(S)) — U(zval; 0141(S U {2,:}))
~ M <get (2i), 9o, (Zval)> - 77t2 <got (2i), HZval(et)(ZzeS 9o, (Z))> .

Equation ([2)) follows from two successive first-order Taylor expansions (Wang et al., 2024): a first-order
expansion of the loss difference, together with the update relation 0y, 1 (SU{z;}) = 0441 (S ) M ggt( z;), followed
by a first-order expansion of the validation gradient Vg/(zai;-) about 8;. Here H,,(0;) := V3 {(2yal; 0) o=,
denotes the validation-loss Hessian at 6.

The first term in is the importance score of z; with respect to the validation point z,,. It captures
how effectively the gradient of the training instance z; reduces the validation loss. The second term is the
Hessian-weighted similarity of the candidate z; to the training instances in S. It is subtracted and hence
promotes diversity (Wang et al., [2024)).

(2)

3.2 GREATS (Wang et al., 2024)

Wang et al.| (2024) proposed the GREATS algorithm, which approximates the vanilla greedy algorithm by
iteratively updating the set as S <~ S U {z*} (while respecting the cardinality constraint |S|< k), where

z" = argmax <99t (z), 9o, (Zva|>> <99t Z 90.(% > ’

zEB\S z;€8

Since the Hessian-gradient product is expensive, [Wang et al.| (2024)) approximate H ~ I in to obtain .
It should be noted that, while appears to be an instance of greedy selection that maximizes a specific
marginal-gain function, [Wang et al.| (2024) observed (on the review-discussion forum) that it is not an instance
of submodular maximization. They conjectured that the GREATS objective may “potentially fall into the
category of weakly submodular functions.” As discussed in Section [2| (weak) submodularity is a desirable
property of set functions, since it yields an approximation guarantee for the vanilla greedy algorithm.



We also note that the marginal gain for an element z € B; \ S in can easily be negative. A simple
scenario is when a candidate’s gradient is near-orthogonal to the validation gradient (<g6,t (), 9o, (zva|)> ~ 0)
yet highly correlated with the samples already in §. Thus the optimization problem of Wang et al.| (2024) is
non-monotone, as adding an element may decrease the objective.

In the following section, we address these concerns by associating each sample z € B; with a non-negative
weight indicative of its importance. Introducing these importance weights alleviates the above issues and
ensures that the resulting problem is a monotone, weakly submodular maximization problem.

4 Proposed Approach

We propose to select a subset S C B; that maximizes the following objective:

S). 4
scirax _ J(S) (4)

where f(S) defines the utility of a set S as
f(S) = max Uy (W, Bt; zval), (5)

WGJR‘ftl, supp(w)CS

Us(w, By zat) = (W, pg, ) — 5 (W, Ko,w). (6)
where g, = G, go, (Zval) + Lve,, Ko, = Go, Gy, , v, = diag(Kao,), Gg, denotes the batchwise gradient
matrix over all the samples, i.e., Go, = [gg,(21),---, 90, (25,))]", and diag(-) denotes the vector of diagonal

entries of a square matrix. See Appendix for our memory-efficient construction of per-example gradient
features. We note that, given S, computing f(S) in is a convex problem (concave maximization over
a convex set) and can be solved optimally using gradient-based solvers. Moreover, as the per-sample
LLM gradients are very high-dimensional (d > |B;|), the Gram matrix Kg, = thth is positive definite
(Kg, = 0). Such properties make the proposed formulation amenable to efficient optimization techniques
such as accelerated gradient descent and orthogonal matching pursuit (discussed in Section |§[) We further
note that f is monotone non-decreasing: enlarging the support set S only enlarges the feasible region of the
inner maximization, and U; (0, By; zya) = 0.

The following remark shows that the GREATS optimization objective is a special case of our formulation.

Remark 4.1. Consider the setting in which the weights w are restricted to be binary, i.e., w € {0, 1}'1’3”7 in
(5). Then the marginal gain Af(z | S) coincides with the objective maximized by GREATS (Wang et al.
2024) in (3) .

Domain-wise cardinality constraints and expected utility. As discussed in Section [3] the data
distribution is heterogeneous in real-world applications. To handle this, we (i) aggregate the utility over the
validation set and (ii) enforce per-domain selection budgets. For (i), define the expected utility gain

Ut (W) = EzvalNDval Z/{t (W7 Bt’ Zval)

— Uiz
= <w,u9t> -y (w, Ko, W) .
where E,_p,, [] denotes the empirical average over the validation set Dy, . Since the batchwise gradient
matrix Gg, does not depend on z,,, the quadratic term is unchanged under the expectation, and only the

linear term is averaged: fig, = Go, gg, + 2

5 Ve with gg, = Ez~D,, (g0, (Zval)]. Our subsequent analysis uses

this aggregated utility U () throughout.

For (ii), we enforce the per-domain budgets {x%}<_; through a partition matroid on the index set of B,
rather than through explicit sparsity constraints on w. Construct M; = (B, Z;) with the canonical domain
partition B; = 4, B and per-block capacities {x.}Z_,, so that S € Z(M,) <= Ve € [C], |S N BE|< k.

For any A C By, let A C [|B,]] denote its index set; the map A <+ A is a bijection. We define the index-set
utility

fuA) = max  Uy(w) (7)

w>0: supp(w)C.A



where the subscript M merely signals the matroid context and pose the domain-aware selection problem as

s I%(aj\); : fm(S). Crucially, no per-domain sparsity constraint is needed inside fuq: matroid independence
€ t

S € I(M,) together with supp(w) C A already forces ||wpe|lo= |supp(w) N Bf|< |S N Bf|< kL for all ¢, so
the budgets are enforced entirely by the matroid. Consequently, the inner program fa4 is convex (concave
maximization over the support-restricted non-negative orthant), and the only combinatorial structure resides
in the outer matroid selection.

Let ((A) = arg max U (w) be the inner maximizer, which is unique since Kg, >~ 0 makes U;
w>0, supp(w)C.A

strictly concave, so faq(A) = U (¢(A)). Thus maximizing faq(-) over independent index sets is equivalent to
maximizing U;(-) over the corresponding partition-sparse non-negative cone.

5 Theoretical Results

We now state our key theoretical results; the proofs are provided in the supplementary material (Appendix |C)).
The proof strategy relies on establishing the restricted strong concavity (RSC) and restricted smoothness
(RSM) of the proposed objective. The relationship between RSC/RSM and weak submodularity has been
studied in (Elenberg et al., 2018; |Gurumoorthy et al.l |2019), and our proofs build on those results.

Our first result shows that the proposed weighted mini-batch selection objective is monotone. Hence,
unlike (Wang et al.| |2024)), the marginal gain of any element is non-negative.

Lemma 5.1. (Monotonicity) Let fap(:) be defined as in . Then for any index sets A C B we have
frm(A) < faa(B).

Lemma 5.2. (Lipschitz continuity of the gradient) For the utility function Uy(w) = (w, pg,) — %WTthW

defined in @ with Kg, = 0, the gradient VU, is Lipschitz continuous (in the Euclidean norm) with Lipschitz
constant £ =1, [|Ke, [lop = n¢ [Ge, G, llop-

Lemma 5.3. (Finite RSC/RSM) Let Ko, € RIB:IXIBil be symmetric positive definite and consider the concave

quadratic Uy(w) == <w, u0t> — % w T Kg,w. Then, for any sparsity level s, Uy(-) is restricted strongly concave

and restricted smooth on the domain Qs of s-sparse non-negative vectors, with parameters cs = 1 )\](;i)n(th)
and CS =Mt )\I(q:?;x(th), where /\gl)n(K) = min”vHUSS’ Iv]l2=1 VTKV and AS;X(K) = maXHVHOSS, [v|l2=1 VTKV
are the extremal s-sparse (restricted) eigenvalues of Kg,. In particular, since Kg, = 0, we have c¢; > 0 for

every s.

Our next result shows that the proposed weighted subset-selection function is weakly submodular; positivity
of the submodularity ratio is a direct consequence of Kg, = 0 (Lemma , which forces the restricted
minimum eigenvalue, and hence the RSC constant, to be strictly positive.

Lemma 5.4. The proposed function fa(-) in @ is y-weakly submodular with submodularity ratio v > 0.

Lemmas and together imply that PARTITIONSEL (Algorithm enjoys the following approximation
guarantee.

Theorem 5.5. Let S, € T(M;) be the subset returned by PARTITIONSEL and let S* € arg maxsez(am,) fm(S)
be an optimal independent set under the partition matroid My. Then

]E[fM(St)] > (14 Ci/e) > fra(S*).

where the expectation is taken over the internal randomness of PARTITIONSEL.

The proof follows from (Manupriya et al. 2024a, Lemma 3.3), where ca, is the RSC constant of U (-) on
the 2k-sparse domain g, and C; is the RSM constant on 2 = {(w,w’) : ||[w — w'|o< 1} (see Section .
Note that the approximation factor (1 + C}/ca.) 2 is invariant to 7, since both C; and ¢, scale linearly
with 7;.



6 Algorithm

Algorithm 1 PARTITIONSEL Algorithm 2 OMP: Weakly Submodular Maximization
1: Input: T € N (total training steps) under a Matroid Constraint
2: Output: Final model parameters 011 1: Input: Objective Us(:), ground set B, partition matroid
3: Initialize model parameters 6 M, with capacities {x%}<_;, budget x = 25:1 KL
4: for t =1 to T do 2: Output: Selected support R,
5: Receive mini-batch B; = Lﬂil Bf 3: Initialize Ko < 0, wx, < O
6:  Set domain budgets {x{},; build parti- 4 g < Vg Ut(Wx,, Br)
tion matroid M, 5: for i =1 to k do
:  Form aggregated utility U, (-) over B, (6) 6: Let M; be a maximal independent set of M /R;_1 maxi-
8 S+ OMPU(-), By, My) (Alg. [2) mizing > c . max(0, [g])
9:  Update model using S; 7:  Sample & uniformly at random from M;
10: end for 8 I+ N1 U{x}
11: return 67, 9: Wy, ¢ argmaxXw>o:supp(w)ck; Ut(W) (APGA, Alg.
10: g < Vwg Us(wg,)
11: end for '

12: return R,

Algorithm [I| summarizes the training procedure for PARTITIONSEL. At each training step ¢t € [T], we
receive a mini-batch B; partitioned into C' domains and specify per-domain cardinality (matroid) constraints
{k1}C . We then form the step-specific utility U; over subsets of B; and invoke the orthogonal matching
pursuit (OMP) subroutine (Algorithm [2)) to select a feasible support S; under these constraints. Finally, we
update the model parameters using the selected subset S; and continue until step T

OMP subroutine. Algorithm [2| approximately maximizes the weakly submodular utilitcy U; subject to
the partition matroid M, (encoding the domain-wise budgets) with total sparsity k = >_._; xL. Starting
from an empty support Ry, OMP iteratively adds one element per round. At iteration ¢, it computes the
gradient g = VU (wg,_, ), constructs a maximal independent set M; in the contracted matroid M;/R;_;
that maximizes the aggregate positive gradient mass ) M, max(0, [g]z), samples an element uniformly
from M;, and augments the support. Given the updated support R;, it refits the weights by solving
Wx, € argMaXy>o:supp(w)CR,; Ut (W) (via APGA) and refreshes the gradient for the next round. After s
rounds, the selected support R, is returned.

In step 6 of Algorithm 2 M;/R = (B; \ R, Tr4,/») denotes the contraction of M; by f: a matroid on
B; \ ® whose independent sets are Zyq, /» := {S C By \ ®: SUR € Z;}. We present the pseudocode for the
accelerated projected gradient ascent (APGA) subroutine in Appendix [F| (Algorithm .
Complexity of Algorithm |2} The per-iteration cost of Algorithm [2is O(N + 7M), where N is the cost of
computing the candidate gradients (line 10), M is the gradient cost per APGA iteration (line 9), and 7 is the
number of APGA iterations. Since OMP runs  rounds, the total cost is O(k(N + 7M)).
Uniform Constraints. We allocate the per-domain selection budget at iteration ¢ proportionally to domain
size, Kt = |k |B¢|/|B:], so that each domain ¢ receives a budget in proportion to its representation in the
mini-batch (rounded so that Zle KL = k).

6.1 Independent Domain wise selection

We also consider an independent domain-selection baseline based on (Wang et al., 2024)), in which each
domain is allotted a budget % and selected separately. The resulting objective is
c
f'P(s) = max Ur(We, BY; Zyal).
o1 wee{0,1}/5E: lwe o<t

We additionally consider a relaxed variant (IWD) that performs domain-wise independent selection with



continuous prototype weights:
c

FWP(8) = Z nax Ur(We, BE; Zal)- (8)
o1 weeR! lwello<nt
where the overall selection is S = Ule supp(w.). We term this baseline ID. Each domain-specific selection

vector w, is binary-valued, inducing a hard subset selection within each domain. Again S = UCCZ1 supp(w,).

6.2 Is PartitionSel a Scalable Proxy for Continuous Data Mixture Methods?

DoReMi Objective. Continuous data mixture methods such as DoReMi (Xie et al., [2023al) compute
optimal domain weights by explicitly optimizing a minimax objective over domains. Formally, DoReMi solves

c
min max £(0, o) := Zac L Z (Lo(x) — lres(x)).

0 acAC |VC| wov,

The optimal a defines a continuous mixture distribution over training data, II, = chzl acﬁ Emevu Oy
which upweights domains with higher excess loss fg(x) — lef(x). In practice this objective is optimized via
Group Distributionally Robust Optimization (Group DRO) (Sagawa et all |[2019): domains exhibiting higher
excess loss are upweighted, increasing their influence on subsequent gradient updates. The resulting effective
data mixture is the time-averaged iterate o = Zle /T, which is then used to train the final main model

(parameterized by 6,,):
c
. _ 1
pin [Zl ac(m ZV to,.(@))]
c= xreEV,

Crucially, DoReMi represents domain importance through a continuous reweighting of the data distribution.
This raises the question of whether similar information can be captured using only discrete sample selection.
To this end, we view PARTITIONSEL as inducing an implicit domain mixture through its per-step selected
subset S;.

PartitionSel. For a direct comparison, we define the induced domain weight of PARTITIONSEL at iteration
tas Q%™ = ‘S’t N VC‘ / ‘S’t‘, which measures the empirical mass assigned to domain ¢ by the selected samples.
We denote by a®™ = & the domain mixture obtained by DoReMi. This construction lets us interpret

PARTITIONSEL as a discrete, sample-level approximation to the continuous domain reweighting. Figure
and Table Bl indicate the effectiveness of our method.

7 Experimental Results

Table 1: Downstream results on math-reasoning benchmarks after fine-tuning QWEN2.5-3B on META-
MATHQA (subset fraction=50%).

Method NumGLUE MMLU-Math GSM8K SVAMP SimulEq DeepMind AQuA SAT ‘ Avg

Random 0.5704 0.5332 0.7771 0.832 0.5027 0.3281 0.6086 0.6594 0.6014
GradNorm (Katharopoulos & Fleuret|2018) 0.6084 0.5565 0.7612 0.8410 0.5156 0.3340 0.5945 0.6727 0.6105
COLM (Nguyen et al.||2025) 0.5988 0.5503 0.7627 0.8420 0.5156 0.3570 0.5827 0.6864 0.6119
GREATS (Wang et al.|[2024) 0.5873 0.6109 0.7892 0.8480 0.5000 0.3700 0.6142 0.6727 0.6240
ID 0.5960 0.5965 0.7771 0.8540 0.5117 0.3700 0.5866 0.7182 0.6263
IWD 0.6115 0.5795 0.7699 0.8500 0.5218 0.3675 0.5980 0.6818 0.6225
PARTITIONSEL (Ours) 0.5998 0.6099 0.7665 0.8410 0.5467 0.3500 0.6220 0.7545 | 0.6363

Baselines We compare our method PARTITIONSEL against the following baselines (i) GREATS (Wang
et al.l |2024)), (ii) ID: An independent domain selection baseline. While GREATS objective have a single overall
cardinality constraint across all the domains, ID selects mini-batches from each domain independently using
GREATS (iii) IWD as defined in Section [6.1] (iv) COLM (Nguyen et al., [2025) (v) GradNorm (Katharopoulos &
Fleuret, |2018) Random: Selects mini-batches randomly.



Table 2: Performance by training QWEN2.5-3B on MOL-INSTRUCTIONS (Fang et al. 2023) with |§t|: 128,
evaluated using BLEU / Edit-distance. Reported at x = 16 / 32, meaning subset-fractions of 12.5 / 25%. For
BLEU higher is better. For Edit-distance, lower is better. PARTITIONSEL consistently beats baselines.

Baseline Desc. guided design Forward reaction pred. Reagent pred. Retrosynthesis Average

12.5% 25% 12.5% 25% 12.5% 25% 12.5% 25% ‘ 12.5% 25%
Random 0.37 /47.69 0.83/19.76 0.49/31.78 0.81/23.83 0.62/30.77
GradNorm 0.27/48.30 0.32/45.70 0.67/23.09 0.73/21.21 0.19/65.40 0.23/58.62 0.74/28.33 0.78/26.92 | 0.47/41.28 0.52/38.11

COLM (Nguyen et al.||2025) 0.34/49.30 0.28/46.90 0.84/19.37 0.83/19.57 0.48/31.10 0.46/32.27 0.81/23.39 0.81/23.80 |0.62/30.79 0.59 /30.64
GREATS (Wang et al.|[2024) 0.34/50.93 0.35/46.96 0.83/19.73 0.82/20.56 0.48/31.84 0.50/31.37 0.81/24.01 0.81/24.48 | 0.61/31.63 0.62/30.84

i) 0.35/47.59 0.36/46.70 0.83/20.09 0.82/20.50 0.49/31.79 0.47/32.50 0.81/24.67 0.81/24.10 | 0.62/31.04 0.61/30.95
IWD 0.38/48.25 0.42/47.60 0.83/19.73 0.83/19.58 0.48/32.92 0.47/33.32 0.81/24.39 0.81/23.76 | 0.62/31.32 0.63/31.07
PARTITIONSEL (Ours) 0.39/49.15 0.42/47.27 0.84/19.44 0.84/19.60 0.48/32.03 0.54/28.29 0.82/23.44 0.82/23.70 | 0.63/31.02 0.66/29.71
sk — || o6 — poremi || Table 3: Comparison of data mixture strate-
—— PartitionSel ' —— PartitionSel gies
5 001 4 015 |
& &
0 04 | @ Dataset DoReMi PartitionSel A
~ = 0.15 —
MMLU-Math 53.08 60.57 +7.49
02 7 AQuA 58.66 61.02 +2.36
014 | w I L] SAT 72.27 76.36 +4.09
0 1,000 2,000 3,000
Steps Steps Average 61.34 65.99 +4.65

Figure 1: Validation log-pplx on METAMATHQA (Left), comparison with DoReMi in terms of validation
log-pplx (Middle), and downstream benchmark performance (Right).

7.1 Standard Finetuning

Models and Training Details. We evaluate on QWEN2.5 (3B and 7B) (Team, 2024), LLaMA3 (3B
and 8B) (Dubey et all |2024). For finetuning, we employ LoRA with rank 16, « = 96, and dropout 0.05.
Following (Nguyen et al., 2025), LoRA is applied to all attention matrices (QKV ;) and two fully connected
layers, with a learning rate of 2e-5.

Finetuning Datasets. We train on the METAMATHQA dataset (Yu et al., |2024a)), which consists of 260K
instruction tuning samples curated from 14 highly imbalanced data sources. Please see Appendix for
detailed description.

Evaluation datasets. Following (Yue et al.| [2024)), we evaluate the finetuned models on both in-domain and
out-of-domain benchmarks. The in-domain set comprises GSM8K (Cobbe et al.l 2021), MATH (Hendrycks
et al., [2021b), and NumGLUE (Mishra et al., [2022), whereas the out-of-domain set includes SVAMP ([Patel
et al} |2021), Mathematics (Davies et al., |2021]), SimulEq (Koncel-Kedziorski et al., |2016]), MMLU (Hendrycks
et al., 2021al), and AQuA (Ling et al., |2017)).

Results on finetuning for Math-reasoning: We train all models for 2048 steps with batch size of 128
and prototype-ratio as 50% (thus effective batch size k = 64). Table [1| shows the results of source-wise
fine-tuning on METAMATHQA. The table indicates that PARTITIONSEL is significantly better than other
baselines. Additional results for QWEN2.5-7B, LLAMA-3.2-3B, and LLAMA-3.1-8B are reported in the
supplementary material (Figure |§| and Tables |§| to .

7.2 Molecule generation Experiments

Finetuning Datasets. To determine the effectiveness of PARTITIONSEL on out-of-domain datasets, we
inspect baselines on the task of Molecule generation. Roughly, the model must generate valid and parseable
molecule in the SMILES (Weininger), 1988) format, given an instruction like:

Design a protein which possesses methylglyoxal synthase activity.

Please see the Appendix for a detailed example. We utilise MOL-INSTRUCTIONS (Fang et al., |2023)
and evaluate on four domains:



1. Description-guided design: generate a valid molecule (SMILES) from a natural-language functional
description.

2. Forward reaction prediction: predict the reaction product given reactants and reagents.
3. Reagent prediction: predict auxiliary reagents given reactants and product.
4. Single-step retrosynthesis: infer feasible reactants given a target product.

Models and Training Details. We finetune QWEN2.5-3B using LoRA (Hu et al 2022) of rank 16 and
alpha 96, using a learning rate of 2e-4 for 1024 steps using Adam (Kingma & Baj, 2015). Following the
experimental setup in (Wang et al., |2024), we use a validation batch of size 2 to guide the minibatch selection.
We split the dataset into validation and test datasets, with each domain containing 1000 examples. We set
the S't, the full-batch size to be 64 for all experiments.

Results and discussion. Table [2| shows the BLEU score and Edit-distance of baselines on (Fang et al.,
2023). Table [2|indicates that PARTITIONSEL is consistently better than the baselines on both metrics and at
varying selection fraction k.

7.3 Mixture methods

As discussed in Section to compare with offline mixture methods like (Xie et al., 2023a)), we utilise the
baseline and proxy model as GPT2-300M (Radford et al.; 2019), and finetune on METAMATHQA (Yu et al.|
2024al), using LoRA rank 16, alpha 32, dropout 0.05 for 1 epoch using Adam (Kingma & Ba, [2015]). After
training the DoReMi proxy, the learned domain mixture deviates sharply from the uniform initialization.
Concretely, while the proxy is trained with uniform assigned weights (a. = 0.125 for all ¢ in 8 domains), the
learned mixture concentrates most mass on MATH Rephrased (0.608), with secondary weight on GSM_FOBAR
(0.177) and MATH_FOBAR (0.076); all other domains receive comparatively small mass (Fig. |2). This skew
suggests that, under our setup, the DoReMi proxy quickly allocates probability mass toward domains that
are closest in distribution to the finetuning target, potentially limiting the benefits of maintaining broader
coverage across the remaining domains.
This is also reflected in the training dynamics.
| 00 Assigned (uniform) Fig. [I] indicates that PARTITIONSEL has consis-
I8 Learned (DoReMi) tently lower validation loss and better downstream
| B2 ParrrrionSer performance as compared with DoReMi. Notably,
the gain persists even though DoReMi is allowed
to adaptively reweight the training mixture, which
supports our claim that PARTITIONSEL yields a

= e
IS >

Domain weights
o
o

0 S . i more reliable improvement signal than proxy-based
S & Y . S >
Q%?»\’ OQ,?» \&.@b@ %&,% \\3& Ogb \@%“ @2& mixture learning in this setting.
C’%g\/ C&xg (\gyfe & @2}’ Qg\? Q&Q&Q X\
G > RN -A . . .
S RN 7.4 Reducing Gradient Conflicts

across Domains

Figure 2: DoReMi: uniform assigned weights vs learned In multi-domain training, different domains can in-
domain mixture after 1 epoch of baseline and proxy train- duce gradients that point in competing directions,
ing. slowing convergence and degrading transfer across

tasks (Yu et al.l|2020; Liu et al., 2021)). This issue
is amplified under subset selection, where the selected mini-batch can become overly specialized to a single
domain or objective.

We compare two selection strategies: (i) ID that selects samples separately within each domain and
then concatenates them, and (ii) our joint selection approach PARTITIONSEL that coordinates choices across
domains under a global budget. The key distinction is that ID enforces per-domain quotas and therefore
cannot trade budget between domains when their candidate sets are redundant or antagonistic, whereas joint
selection explicitly accounts for cross-domain interactions when constructing the subset.

Operationally, joint selection prefers sets whose gradients are both high-utility and mutually compatible,
which reduces the chance of selecting examples that “fight” each other during the update step. This

10



coordination is particularly important when domains differ in scale or difficulty: forcing equal per-domain
selection can over-emphasize noisy or low-signal domains in a given step, increasing gradient variance and
inducing oscillatory training.

Figure [3] illustrates the resulting reduction in conflicting gradient pairs and a more stable optimization
trajectory. Consistent with this interpretation, we observe fewer near-opposite gradient pairs under joint
selection, which helps preserve progress on multiple domains simultaneously rather than repeatedly undoing
updates made by other domains.

60 ‘ . 8 Ablations
S o 8.1 Effect of Randomised FFT
2 |
g Vv 40
2 = We measure the effect of performing Randomised FFT |Ailon &
gz Chazelle| (2006) on the gradients to reduce inter-GPU memory
1§ ~ 20+ N traffic. In our setting, the utility computation requires repeated in-
o 1 ner products between per-example gradients; communicating these
PARTITIONSEL . . . . .
0 high-dimensional vectors across devices can become a dominant
T T T T T

bottleneck. Randomised FFT serves as a lightweight structured
projection that reduces the amount of data exchanged while ap-
proximately preserving the geometry of the gradient space.

Practically, this compression is most beneficial when we scale up
either (i) the number of examples scored per selection step or (ii)

0 200 400 600 800 1,000

Steps —

Figure 3: Reducing gradient conflicts. ID

ignores cross-domain redundancy and can pick
mutually conflicting gradients. PARTITION-
SEL trades off samples across domains, im-
proving alignment and reducing destructive
interference.

the number of layers from which gradients are extracted. The latter
case is particularly challenging because concatenating multi-layer
gradients increases both memory footprint and communication
volume. This motivates pairing multi-layer gradients with an
additional dimensionality reduction step such as FJLT.

8.2 Effect of number of layers for Gradients

To study the trade-off between signal and cost when using gradients from multiple layers, we experiment
with QWEN2.5-2B (LoRA rank 64, alpha 128). Table 4| highlights a practical bottleneck: without FJLT,
per-example gradients quickly become infeasible beyond 2 layers due to GPU memory limits, whereas FJLT
makes 3-5 layer gradients tractable. Intuitively, FJLT allows us to retain cross-layer information while
keeping the per-example representation compact enough for batched scoring.

Figure [4] further shows that although using more than one layer can improve validation loss, it introduces
additional runtime overhead relative to using only the final layer. We therefore treat the number of layers as
a tunable knob: increasing it improves the fidelity of the selection signal, but with diminishing returns and
higher cost, so the best choice depends on the training budget and hardware constraints.

#Layers Time (ms)

1-layer 2682

7; —grads 2272
é" —subsel 311
— 1-lyT, 3_layer 2822.3
— —grads 2468

0 160 260 3(‘)0 460 5(‘)0 *Subsel 3]_5

Steps

Figure 4: Latency breakdown across 1-layer vs 3-layer gradient computation (Qwen2.5-2B; LoRA rank 64).
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Table 4: Feasibility of per-example gradient computation with and without FJLT (Qwen2.5-3B, LoRA rank
64).

Method Raw FJLT

Grads-1 layer v
Grads-2 layers v
Grads-3 layers OOM
Grads-5 layers OOM

SSRNENEN

Figure [5| shows that the gains over RANDOM persist across both
model families, suggesting the selection criterion is not tied to a I I Random I I PARTITIONSEL
specific tokenizer, pretraining mixture, or parameter count. Notably, | | | |
improvements remain visible even in the larger models, where naive 80
subset selection can otherwise be harder to distinguish from noise
due to stronger base generalization.

Accuracy (%)
A
)

Across these settings, the qualitative trend is consistent: 20

PARTITIONSEL preferentially keeps examples that better match the 0

validation gradient direction, which appears to transfer across model {};2; VP )
- . . . . N ™ bh) D

families despite differences in representation space and optimization 9 9??3 9?,‘5 Qe

dynamics. This indicates that the selection objective captures a Q‘@?ﬁ \)\,P \)\,?* Qﬁﬁﬁ

relatively model-agnostic notion of “helpfulness” for downstream
generalization rather than exploiting idiosyncrasies of a single
backbone.

Figure 5: Comparing RANDOM selection with PARTITIONSEL for QWEN2.5 and LLAMA3 models for down-
stream accuracy.

8.3 Comparisons with different Models

To check the robustness of the gains, we evaluate PARTITIONSEL on QWEN2.5 (3B, 7B) and LLAMA3 (3B, 8B).
Figure [5] shows that PARTITIONSEL yields consistent improvements for subset selection across these models.
This comparison stresses that the selection signal is not an artifact of a particular backbone: the two families
differ in architecture and training recipe, yet the relative ordering between RANDOM and PARTITIONSEL
remains unchanged. Moreover, we include both smaller and larger checkpoints within each family to verify
that the effect is not confined to a narrow parameter regime. Together, these results suggest that the
validation-guided criterion underlying PARTITIONSEL is reasonably portable across model scales and model
families, making it a practical default when transferring subset selection pipelines to new LLM backbones.

9 Conclusion

We introduced PARTITIONSEL that explicitly optimizes domain representations under partition matroid
constraints. By selecting samples jointly across domains using a validation-guided gradient matching
objective, our method avoids the limitations of independent per-domain selection and expensive proxy-based
weighting schemes. We showed that the resulting objective is weakly submodular, enabling an efficient OMP
algorithm with theoretical guarantees. Empirically, our approach consistently improves performance, while
reducing gradient conflicts during training. demonstrating it as an effective principled strategy for training
across diverse domains.
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Supplementary Material: Minibatch selection for Language Models
via Partition Matroid Constrained Gradient Matching

A Organization of Appendix

The Appendix is structured as follows. We dicuss some additional related works and background in Section [B]
Section [C] summarizes the main theoretical results. Section [F] presents the detailed description of the proposed
algorithm. Sections [E] and outline the implementation aspects and the specifics of the experimental setup,
respectively. Finally, Section [H| provides a link to the publicly available codebase.

B Background and additional related works

B.1 Submodular maximization under matroid constraints

Our analysis builds on a long line of work on (weakly) submodular maximization. The classical greedy
algorithm achieves a (1 — 1/e) approximation for monotone submodular maximization under cardinality
(Nemhauser et al., [1978) and a 1/2 guarantee under matroid constraints, improved to 1 — 1/e by continuous-
greedy / pipage rounding (Calinescu et al., 2011} [Fisher et all |1978)). [Das & Kempe| (2018)) introduce
the submodularity ratio for non-submodular functions, and [Elenberg et al.| (2018]) relate restricted strong
concavity to weak submodularity, yielding approximation guarantees for orthogonal matching pursuit (Bian
et al., 2017; |(Gurumoorthy et al., [2019). We leverage these tools to obtain provable guarantees for our
partition-matroid-constrained, weakly submodular objective; to our knowledge, this is the first application of
partition-matroid-constrained weakly submodular maximization to domain-aware LLM mini-batch selection.

B.2 Approximate Submodularity

We adopt the notion of approzimate submodularity characterized by the submodularity ratio as shown in (Das
& Kempel |2018)). For a monotone set function f, the submodularity ratio with respect to a ground set V, a
reference set S C V, and a parameter x > 1 is defined as

2ucaF(SU{u}) — £(5))

Tscva<s FSUA) - FS)
ANS=9

v« (f) with 0/0 := 1.

The function f(-) is submodular if and only if oy . (f) > 1. More generally, if

2oueaf(SULu}) - £(5))

a= > 0,

F(SUA) = [(S)

but not necessarily « > 1, then f is said to be a-weakly submodular.

B.3 Conflict-aware multi-task and multi-domain optimization

Training on heterogeneous sources frequently produces conflicting per-task gradients, motivating methods
that project, scale, or reweight updates to mitigate interference (Yu et al., [2020; [Liu et al., [2021)). Whereas
these approaches modify the optimizer at the gradient level, PARTITIONSEL addresses gradient conflict at
the data-selection level: its quadratic gradient-similarity term penalizes redundant or interfering samples
within each mini-batch, which we observe empirically reduces the fraction of conflicting gradient pairs.
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B.4 High-quality instruction tuning and alignment data

Finally, several studies show that careful curation of instruction-tuning data can yield strong performance
even with comparatively small datasets (Zhou et all 2023; [Yue et al.l |2024), motivating principled mixture
and filtering strategies for supervised fine-tuning (Renduchintala et all [2024; [Liu et al.l [2024a)) and for
preference/alignment training (Deng et al., |2025; |Tunstall et al., [2023)).

C Theoretical Results
Lemma 5.1. (Monotonicity) Let fam(-) be defined as in (7). Then for any index sets A C B we have
fr(A) < faa(B).

Proof. Let |A|=n; and |B|=ny and since A C B we have n; < ny. We index the elements in B such that
the first ny elements are contained in A.

fm(B) = max U(w) > max Uy (w) = faq(A).
WE]RJF2 ,supp(w)CB WEJR+1 ,supp(w)CA

O

Lemma 5.2. (Lipschitz continuity of the gradient) For the utility function Uy(w) = <W,p/9t> — %WTK()‘W

defined in @ with Kg, = 0, the gradient VU, is Lipschitz continuous (in the Euclidean norm) with Lipschitz
constant L = u ||K9t ||OIJ =M ||G9tG;—t||op'

1
Proof. Since Uy(w) = w' pg, — inthw, differentiating with respect to w gives VUi (w) = gy, — Ko, w.

Given a batch By, for any w,w’ € RIB¢| by the definition of the operator norm,
VU (w) — VU(W') |2 = [ Kg, (W — W)[2 < [[Ke,[lop [|[W — W2,

so VU, is Lipschitz continuous with constant £ = || K, ||op-
Since Kg, > 0 is symmetric positive definite it admits a factorisation Kg, = thG;, and because the

operator norm satisfies || Allop = sup|jy|,—1[|Av]|2 for any matrix A, we have directly Ko, |lop = [[Ga, G4, llop-

The constant £ = ||Kag,||op is sharp: taking w — w’ to be the leading eigenvector viax of Kg, (with
largest eigenvalue Apyax) yields [|[VU, (W) — VU (W')|l2 = Amax |W — W ||2 = || K, |lop |[W — W'||2, confirming
that no smaller constant suffices. O

Lemma 5.3. (Finite RSC/RSM) Let Kg, € RIB:IXIBil be symmetric positive definite and consider the concave
Nt
2
and restricted smooth on the domain Qs of s-sparse non-negative vectors, with parameters cs = 1 )\I(ii)n(th)
and Cs =Tt )\Ersu)ix(th), where Ai;fn(K) = minHVHOSS7 Iv]l2=1 VTKV and )\SQX(K) = maXHvHogs, Ivll2=1 VTKV
are the extremal s-sparse (restricted) eigenvalues of Kg,. In particular, since Kg, > 0, we have cs > 0 for
every s.

quadratic Uy(w) = <w, u9t> wKg,w. Then, for any sparsity level s, Uy(-) is restricted strongly concave

Proof. The function Uy (w) = w ' pg, —2w Ko, w is concave. We calculate Uy (w1)—Uy (W2)—V (Uy(wa), w1 — W) =
—0.5(w; — wa)TKpg, (W1 — Wa). Since w is ki + ko sparse, we consider wq as ki + ki and wy as k% + k3
sparse vectors respectively. Now, Aw = w; — wy has a maximum of k < ki + kJ + k% + k2 non-zero entries.
For the constants b and B satisfying —b||Aw|2> —AwTKg, Aw > —B||Aw||2, we have b > k-sparse smallest
eigenvalue of Kg, and B < k-sparse largest eigenvalue of Kp,. O

Lemma 5.4. The proposed function fa(-) in @ is y-weakly submodular with submodularity ratio v > 0.
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Proof. Fix arbitrary disjoint index sets S, A C [|B]] and let & = |S|+|A|=|S U A|. For an index set T, let
¢ = arg MaXy >0, supp(w)CT Ut (W) € let‘ denote the inner maximizer (cf. (7)), so that fa(T) = U, (¢,
We bound the submodularity ratio
s Y jealfrm(S UG} — fa(S)]
S, =
fMm(SUA) = fm(S)

from below by lower-bounding the numerator and upper-bounding the denominator.

Upper bound on the denominator. By restricted strong concavity (Section [2]) applied to & = C(‘S)

and y = (¢ (SUA) (whose difference is supported on S U A, hence k-sparse),
Cgr
S I = I < U () = U (COY) + (VU (), ¢ = (). (9)

Rearranging and upper-bounding the right-hand side by maximizing over all feasible v supported on S U .4
egitimate, since is itself such a feasible point),
legitimate, since ¢4 is itself such a feasible point

U(C™) — (1) < (TU(C)), ¢ = () = ¢ — (O

i (10)
< () _ )y R ()12,
S v X o VU v = ¢ = Sl I
The objective is separable and concave; its maximizer over v > 0 supported on S U A is
vsua = max{ VU, sua€®) + ¢ 0 )
so that
(S ey, = 1 S
(v —¢")sua = max Zvut, sua(¢™), CSUA (12)
The KKT conditions for fi(S) = maxy >0, supp(w)cs Ut (W) at C(S) require, for all j € S,
¢ >0 = Vi, (¢9) =0,
t J( ) (13)

¢ =0 = Vih;(¢®) <0,

and hence (v — C(S))j =0forall j €S. For j € A we have Cgs) =0(as ANS =10), so (v — C(S))j =
1
max{CVMtJ(C(S)), O}. Writing VU;A(C(‘S)) = maX{VULA(C(S)), 0} and substituting the maximizer,

0 < UEEA) - U(eS) < IV L), (14)

where the left inequality is the monotonicity of fis (Lemma .

Lower bound on the numerator. Fix j € A. If Vi ;(¢'®)) <0, then fu (S U {j}) = fam(S) — mono-
tonicity (Lemma [5.1)) gives “>", while the optimality of ¢ %) with VU ; <0 gives “<” — so such coordinates
contribute zero to both the numerator and to ||V, A||2 and we may restrict to j with VU4 ;(¢ )y > 0. Let
147D be the j-th standard basis vector, and for o > 0 set y(17}) C(s + a1 5o that (C(S {51 ) € Q.
Since y{7}) is feasible for fa((S U {j}), restricted smoothness (Section [2) ' on € yields

‘ . an O
UV — 1, (¢ > Uy D) =y (¢ > (VU (¢D), a 1Dy — 710[2_

Maximizing the right-hand side over a at o = VUt,j(C(s))/él > 0 gives

M(SUGY = fulS) > %(Wt,j(c“)»?,

1
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and summing over j € A,

D UmMS UG = fm(S)] = %IIVUJA(C(‘S’NIZ. (15)
JEA 1

Combining. Dividing by ([14)), the common factor ||VZ/{;)FA(C($))||2 cancels and

.
vs,A 2 =
Cy

For |S|, | A|< k we have k < 2k, hence Qz C Qo, and ¢z > ca (Section . Therefore

. C
v = minysa > — > 0,

S,A C,

where the strict positivity follows since Kg, > 0 ensures cz,, > 0 (Lemma [5.3]). This proves the claim. O

D Dataset Details

D.1 Molecular Instruction Datasets

The Molecular Instructions dataset is a large-scale biomolecular instruction dataset for large
language models designed to enhance a model’s performance in various realms of biomolecular studies. It con-
sists of three key components: (i) molecule-oriented instructions, (ii) protein-oriented instructions and biomolec-
ular text instructions.
Molecular-oriented instructions consists
of 148.4K instructions across six tasks, includ-
ing description-guided molecule prediction, ret-
rosynthesis, forward reaction prediction and
reagent prediction.

The dataset distribution across various cat- ...
egories is shown in Figure A detailed
example of this specific section of the dataset
is given in [D.1.] (a) MOL-INSTRUCTIONS (b) METAMATHQA

Protein-oriented instructions focus on pre-
dicting the the structure, function, and activ-
ity of proteins, and facilitate protein design
based on textual directives. It consists of 505K
instructions spanning five categories of tasks.

Figure 6: Domain-wise sample distributions in MoOL-
INSTRUCTIONS and METAMATHQA, highlighting substantial
domain imbalance in the number of instances contributed by
different domains/tasks.

Biomolecular text instructions focus on bioinformatics and chemoinformatics, covering six information
extraction and Q&A tasks represented through 53K instructions.
D.1.1 Detailed Description for Molecular-Oriented Instructions

Table [2 shows the results obtained for the experiments carried out using the Mol Instructions datasets.

Input: Create a molecule with the structure as the one described. The molecule is a primary arylamine
in which an amino functional group is substituted for one of the benzene hydrogens. It is a primary
arylamine and a member of anilines.

Output:
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[n] [C] [=C] [€] [=C] [C] [=C] [Ring1] [=Branchi]

Input: With the provided reactants and reagents, propose a potential product.

[0] [=N+1] [Branch1] [C] [0-1] [C] [=C] [N] [=C] [Branch1] [C] [C1] [C] [Branch1] [C] [T] [=C] [Ring1] [Branch2]

Output:

[n] [C] [=C] [N] [=C] [Branch1] [C] [C1] [C] [Branch1] [C] [I] [=C] [Ring1] [Branch2]

Input: Please suggest potential reactants used in the synthesis of the provided product.
[c] [=c] [c] [c] [N] [c] [=Branchi] [C] [=0] [0] [C] [Branchi1] [C] [C] [Branchi1] [C] [C] [C]
Output:

[cI[=cI[c][c][n]. [c] [C] [Branchi] [C] [C] [Branch1] [C] [C] [0] [C] [=Branch1] [C] [=0] [0] [C] [=Branch1] [C
— 1[=0][0] [C] [Branch1] [C] [C] [Branch1] [C] [C] [C]

Input: Please provide possible reagents based on the following chemical reaction.

[C] [C] [=C] [€] [=C] [Branch1] [C] [N] [C] [=N] [Ring1] [#Branch1] . [0] [=C] [Branch1] [C] [C1] [C] [C1]1>>[C] [C
— ][=C] [C] [=C] [Branch1] [Branch2] [N] [C] [=Branch1] [C] [=0] [C] [C1] [C] [=N] [Ring1] [O]

Output:

[C1[c1[c][ol[cC][Ring1] [Branchi]. [C] [C] [N] [Branchi] [Ring1] [C] [C] [C] [C]. [O]

D.2 Reasoning Datasets

The METAMATHQA dataset (Yu et all [2024a)) is a large-scale mathematical question—answering dataset
designed to train and evaluate large language models on mathematical reasoning. It comprises a wide range
of mathematical domains, including algebra, calculus, and number theory. Each data instance contains a
query (the mathematical problem) and a detailed step-by-step solution. The dataset distribution can be seen
in Figure In Table|l| we show results for experiments in which the model is trained on METAMATHQA
and evaluated on various mathematical reasoning benchmarks described below.

D.3 Evaluation Datasets

NumGLUE The NumGLUE dataset (Mishra et al., 2022) is a multi-task benchmark designed to evaluate
the performance of Al systems on eight tasks that fundamentally require simple arithmetic understanding.
The benchmark includes both newly created and previously existing arithmetic reasoning tasks, totaling
approximately 100k questions. The tasks are intentionally imbalanced, for example, Task 1 contains around
400 examples, while Task 5 includes about 50k examples, reflecting real-world distributions in which arithmetic
word problems are far more common than those requiring additional common-sense reasoning in addition to
arithmetic reasoning.

MATH The MATH dataset (Hendrycks et al., |2021b) consists of 12,500 challenging competition-level
mathematics problems. Each problem has a full step-by-step solution, enabling the training and evaluation of
models that generate answer derivations and explanations.

The dataset spans seven subjects, namely Prealgebra, Algebra, Number Theory, Counting and Probability,
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Geometry, Intermediate Algebra, and Precalculus. Each subject comprises of problems from different difficulty
level, ranging from level 1 to level 5.

GSMS8K The GSMS8K dataset (Cobbe et al., 2021) consists of 8.5K high-quality linguistically diverse
grade-school math word problems which are designed to exhibit substantial linguistic variation while relying
only on relatively simple grade-school mathematical concepts. The dataset is divided into 7.5K training
examples and 1K test examples, with each problem typically requiring between 2 and 8 reasoning steps to
solve.

SVAMP The SVAMP dataset (Patel et al [2021) (Simple Variations on Arithmetic Math Word Problems)
contains one-unknown arithmetic word problems up to approximately grade-4 level, designed by applying
simple and controlled variations to problems in ASDiv (Miao et all [2021)) to highlight the brittleness of
existing models when trained on standard math word-problem benchmarks.

SVAMP introduces several categories of variations, including: (i) Question Sensitivity i.e. same object
with different structure, different object with same structure, or different object with a different structure;
(ii) Reasoning Ability i.e. modifying relevant information, changing information, or inverting operations; and
(i) Structural Invariance i.e. adding irrelevant information, changing the order of objects, or changing the
order of phrases.

SimulEq SimulEq is a subset of MAWPS (Koncel-Kedziorski et al., [2016]), an online repository of math
word problems designed to support research in automated math word-problem solving. SimulEq contains the
highest-complexity equations among all the MAWPS subsets, including single equation and multi equation
word problems.

MMLU-Math For our experiments, we use the mathematics-related subsets of the MMLU benchmark
(Hendrycks et al., [2021al). We focus on four tasks that fall under the Elementary Mathematics category:
formal logic, high school mathematics, abstract algebra, and college mathematics.

AQuA The AQuA dataset (Ling et al., 2017)) consists of 100K multiple-choice math word problems in which
each question is decomposed into four parts: the problem description (the question), the set of multiple-choice
answer options (the options), the step-by-step explanation used to reach the correct answer (the rationale),
and the correct option label.

E Implementation Details

E.1 Hardware and License

All models are implemented in Python 3.10 using JAX. All language model training were performed on
servers with NVIDIA A100 GPUs.

E.2 Finetuning experiments

We use JAX (Bradbury et al., 2018 for all our finetuning experiments. We use adam (Kingma & Bal 2015])
with learning rate of 2e-5, with S, = 128. We directly use raw lora gradients for constructing similarity
matrices for CoLM, GREATS, PARTITIONSEL. For GREATS, ID and PARTITIONSEL we randomly sample
2-random points from val-set as anchors at every train step.

E.3 Memory Efficient Gradient Computation

Since computing per-example gradients is prohibitively expensive, we rely on the last layer gradients of the
LoRA params for computing the f1g, and Kg,. Moreover, inspired by (Nguyen et al., [2025)), we apply a
adam-like lowpass filter on the raw gradients directly instead of their SPSA (Spall, [1992)) proxy.
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Concretely, let gg,(2;) denote the raw last-layer LoRA gradient for example z; at step . We maintain
exponentially smoothed first and second moments (bias-terms omitted for brevity)

my(z;) = f1rmy_1(2;) + (1 — B1) o, (i),
vi(2i) = Brvi—1(zi) + (1 — B2) G5, (2:)-

My (z;)

Vi(z;)+e
apply a randomized FFT projection (Ailon & Chazelle, 2006)) to obtain a compressed features for constructing
g, and Kp,, which reduces memory movement to improve efficiency.

We then define the filtered gradient feature used in the similarity matrices as gg, (z;) = . Finally, we

E.4 Details of baselines

GREATS (Wang et al., 2024)). GREATS formulates online batch selection as optimizing a set utility
that measures the single-step reduction in validation loss under a gradient-descent update. Let 8; be the
current parameters, B; a candidate batch, and S C B; a subset of size k. The ideal utility at iteration ¢ is

U(S) = Uzyat; 0;) — E(zVE,.;étH(S)). (16)

and selection solves arg maxgcg,, |s|=« Ui (S). Since exact evaluation is intractable, GREATS applies a Taylor
approximation to obtain a closed-form surrogate for the marginal gain of adding a training point z;:

AUy (z; | S) = (2val; 0141(S)) = U(2val; 0111 (S U {2}))
~ e <get (2i), 9o, (Zval)> - 77t2 <99t (zi), Hy, (Ot)(zzes 9o, (Z))>

In practice, GREATS further approximates H, (0;) ~ I, yielding a gradient inner-product scoring with
a correction term. A greedy procedure iteratively adds the point with largest approximate marginal gain
until k£ points are selected. To avoid materializing per-example model-sized gradients, GREATS computes all
required gradient inner-products in a single backpropagation via a “ghost inner-product” reparameterization
that expresses layerwise gradient inner-products using already-available activations and output gradients,
and merges selection with the update without extra passes.

CoLM (Nguyen et al., [2025). CoLM casts mini-batch construction as coreset selection in gradient space
for memory-efficient fine-tuning. CoLM first addresses imbalance by including all examples from “small”
sources (those with insufficient sample count in the large batch), while selecting representatives (medoids) from
each “big” source. To align selection with Adam, per-example gradients are normalized by the optimizer’s
exponential-moving-average statistics, yielding normalized directions proportional to my/(e + /v;). To
reduce dimensionality and denoise, CoLM estimates the gradient of the last V-projection parameters (e.g.,
LoRA V) using a zeroth-order SPSA estimator with two perturbed forward passes and precached penultimate
activations, then sparsifies by keeping the coordinates with largest normalized magnitudes. Within each big
source, a greedy medoid selection is performed in the projected, sparsified, Adam-normalized gradient space
so that the aggregated coreset gradient approximates that of the full large batch; the final mini-batch is the
union of all small-source examples and the selected big-source medoids.

GradNorm (Katharopoulos & Fleuret, [2018) Given a large batch B, compute per-example gradient
features and rank by norm. For parameters 6 and loss ¢; = ¢(fg(x;),y:), define raw gradient g, = Vg/;.

To align with Adam, each coordinate is normalized as g; = \/Z%ie ©® g, where (my,v;) are the exponential
moving averages of first and second moments. Instead of £z distance, GradNorm computes similarity in this
normalized gradient space using cosine: s;; = m

Each example is scored by its (smoothed) gradient norm ||g;||2, and the top-k are selected. This yields
a subset whose update direction emphasizes examples with largest effective gradient magnitude under the
optimizer’s scaling.
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E.5 Training Details

Following the configuration in |[Yue et al. (2024)), we employ a learning rate of 2 x 1075 with a cosine decay
scheduler. The learning rate is linearly warmed up from 0 to 2 x 10~° during the first 3% of training steps
and subsequently decays to 0 following a cosine schedule. We fix the maximum sequence length to 512
tokens. Unless otherwise stated, all experiments on METAMATHQA are trained for the equivalent of 2K
gradient update steps. For randomised FFT projections, we project the gradients to respective models output
embedding dimension.

For parameter-efficient fine-tuning, we adopt LoRA (Hu et all 2022)) with rank 64, scaling parameter
a = 128, and a dropout rate of 0.05. All experiments are conducted on A100 GPUs, and each configuration
is repeated three times to account for variance in training.

F Additional Algorithms

This section provides implementation details for the inner optimization routine used by our selection objective.
Recall from the main paper (Section@ that the OMP subroutine (Algorithm repeatedly solves a constrained
concave maximization over weights supported on the current candidate set. Concretely, for a fixed support S,
we optimize the utility U;(w) over nonnegative weights w > 0 with supp(w) C S.

Algorithm [3| describes the accelerated projected gradient ascent (APGA) solver (Manupriya et al., 2024b))
we use for this inner problem. It is a standard Nesterov-style accelerated method with a projection step onto
the nonnegative orthant, using a step size 1/L£ where £ is any Lipschitz constant of VI, (see Lemma in
the main paper). In our implementation, we warm-start APGA from the previous iterate whenever possible,
and terminate when the relative improvement in objective becomes small (or after a fixed iteration budget),
which keeps the overall overhead negligible.

Algorithm 3 APGA: Accelerated Projected Gradient Ascent for the inner program

: Input: objective U;(w); Lipschitz constant £; initial point wo € let‘.
: Initialize y < wo, w < wo, t < 1.
: while not converged do
w < PROJ>0(y + £ VU:(y)).
A 7”@.
ye— w4 tt%rl(w
(w,t) « (wh,tT).
end while
: return w.

T —w).

© P> W

G Additional Experiments

G.1 End-to-end wall-clock time and peak GPU memory

Here, we provide an end-to-end wall-clock time details for each baseline used in our experiments.

Experimental setup. To showcase the end-to-end wall-clock time for PARTITIONSEL as compared to other
baselines, we train a QWEN2.5-3B model using a batch size of 16 with a selection fraction £ = 0.25 for 1K
training steps.

Efficiency-Accuracy Tradeoff. Overall, PARTITIONSEL incurs comparable end-to-end training time
relative to existing approaches, while achieving better accuracy and log-perplexity trade-offs as shown in our
experiment analysis, demonstrating that its computational overhead is negligible in practice.

Peak GPU memeory Cost. We additionally report the peak GPU memory cost incurred by PARTITIONSEL
against other baselines in Table [} We observe that the peak GPU memory consumption of PARTITIONSEL is
similar to existing gradient-based baselines. Random consumes the least peak memory as it does not perform
subset selection and incurs no gradient computation.
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Table 5: End-to-end wall-clock time (minutes) Table 6: Peak GPU memory consumption.

Method Time (mins) Method Memory
PartitionSel (Ours) 51:08 PartitionSel (Ours) 31.5GB
GREATS 50.67 ID 32.9GB
COLM 47:29 GREATS 32.8GB
ID 53:25 COLM 32.7GB
Random 44.17 Random 28.0GB

G.2 Handling extreme imbalance under proportional constraints

In our current data mixture experiments, we employ the METAMATHQA dataset for training, which is
imbalanced. Figure showcases the imbalance across different domains, where the minority domains are
MATH_FOBAR and MATH_SV. In Figure m we provide the percentage of samples per domain (METAMATHQA).
In Figure 4 , we showcase the domain weights as-
signed by PARTITIONSEL where the minority domain
weights are within a similar range as those assigned
by DoReMi, thereby showing that the domain weight
scheme of PARTITIONSEL (line 311) is robust to do-
main imbalance. We provide the log-perplexity curves
in Figure , where PARTITIONSEL has better log-pplx
reduction than DoReMi by 12.5% and 9.4% on minority
(MATH_FOBAR, MATH_SV) domains, respectively. For com- 0
pleteness, Figure [§] shows representative values from
the log-pplx plot. ¥

20.3 20.3

18.9

[\~
o

—
o

Percentage (%)

G.3 Pretraining and validation-set as-

sumptions Figure 7: METAMATHQA domain composition.

It is unclear if the assumptions (e.g., access to a clean
validation set) hold or scale effectively to the pretrain-
ing phase, where data mixtures are significantly larger and more diverse.

While our primary empirical validation is in the supervised fine-tuning setting, we follow |[Wang et al.
(2024) to implement pretraining as well. Since pretraining with DoReMI is a computational constraint for
us (it requires additional overheads such as pretraining an additional proxy model before the main model
pretraining begins), we compare against the independent coreset selection baseline ID.

We train a LLAMA-3.2-1B model on 1.5B tokens
from a multi-domain corpus (DoLMA (Soldaini et al.|
2024)) spanning heterogeneous sources (Common
Crawl, Wikipedia, StackExchange, Reddit; ~2.9M —@— MATHSV (DoRelfi) —@— MATH.SV (PARTITIONSEL)

chunks total). We use a batch size of 16k tokens 4 \ATHFOBAR (DoRelti) —4— MATH_FOBAR (PARTITIONSEL)
(32 sequences of length 512), learning rate of 3 x

Figure 8: Minority-domain validation log-pplx over
training steps.

10~* with linear decay, warmup of 1000 steps, and il ]
AdamW. In Table[7] we observe that our approach '
achieves better log-pplx reduction than domain-wise
independent selection by 4.53%. B 0-35 - i
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G.4 Additional Results on Llama-3.1-8B
Table [0 reports the performance of LLAMA3.1-8B 025 7 | \ \ | I | [
on MetamathQA (Yu et al.| [2024a)). We train for 1024 128 256 512 768 1024 1536 2048

optimization steps using a full batch size |S;|= 256 Training Step —
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Table 7: Pretraining validation log-pplx over training steps.

Step PartitionSel ID
5K 8.72 8.80
10K 7.58 .77
20K 7.43 7.63
35K 7.35 7.58
50K 7.32 7.55
0.5 | I —] I
4 — COLM 0.8} —_— COLM |
— PARTITIONSEL —— PARTITIONSEL
504 --- ID | a 0.6 [ — ID |
> GREATS B! ——  GREATS
b0 © 04| d
S ~
0.3 -
0.2 | -
| | | | | | | |
0 1,000 2,000 3,000 0 1,000 2,000 3,000
Steps Steps

(a) LLAMA-3.2-3B (b) LLAMA-3.1-8B
Figure 9: Validation log-pplx on METAMATHQA.

and a selection budget « = 32, corresponding to a
12.5% subset ratio. reports the performance on
molecule generation (Fang et al.l 2023)), trained for
1024 steps.

Table 8: Subset selection performance on four molecule generation datasets using BLEU / Edit Distance,
evaluated with LLAMA-3.2-3B.

Baseline Desc. guided design Forward reaction pred. Reagent pred. Retrosynthesis ‘ Average

Random 0.23/56.10 0.79 / 20.54 0.31/42.54 0.80 /24.18 0.53/35.84
COLM 0.36 /49.83 0.83/20.41 0.29 /31.46 0.80/23.67 0.57/31.34
GradNorm 0.31/47.83 0.65 / 22.62 0.28 / 46.28 0.73 /30.26 0.49 /36.75
GREATS 0.33/51.80 0.83/20.51 0.50 /25.44 0.82/24.11 0.62/30.46
1D 0.38 /50.54 0.83/20.66 0.35/28.05 0.81/24.24 0.59/30.87
IWD 0.37/48.36 0.83/20.31 0.29 / 26.45 0.81/23.95 0.57/29.77
PARTITIONSEL 0.40/46.64 0.82/20.23 0.44 /33.89 0.81/24.17 0.62/31.23

G.5 Additional Results on Llama3.2-3B

Setup. We report results for LLAMA-3.2-3B fine-tuned on METAMATHQA (Yu et al) |2024a)) for 2048
optimization steps using a full batch size |S;|= 128 and a selection budget x = 16, corresponding to a 12.5%

subset ratio. We evaluate the resulting model on eight math-reasoning benchmarks and report accuracy (%)
in Table 10
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Method NumGLUE MMLU-Math GSMS8K SVAMP SimulEq DeepMind AQuA SAT Avg

Random (Nguyen et al.||2025) 39.5 36.5 45.8 57.12 20.8 16.8 28.4 42.01 | 35.94
COLM (Nguyen et al.||2025) 38.00 40.35 48.22 60.80 17.12 16.60 31.50 39.09 | 36.46
GradNorm (Katharopoulos & Fleuret||2018) 36.85 39.53 44.81 54.10 11.28 15.80 31.50 40.91 34.35
GREATS (Nguyen et al.||2025) 42.2 37.3 47.7 55.3 20.3 16.5 32.8 35.2 35.91
1D 41.27 36.65 48.90 58.40 18.87 15.80 34.25 38.64 | 36.60
IWD 41.2 38.01 45.5 55.3 18.9 17.12 26.4 33.5 34.53
PARTITIONSEL 43.95 39.01 49.13 56.70 19.65 15.90 36.61  44.09 | 38.13

Table 9: Downstream Accuracy (%) on evaluation datasets for LLAMA-3.1-3B trained on METAMATHQA
with a 12.5% subset ratio.

Method NumGLUE MMLU-Math GSM8K SVAMP SimulEq DeepMind AQuA SAT | Avg
COLM (Nguyen et al.|[2025) 47.02 37.68 58.07 71.70 24.51 23.30 46.06  46.36 | 44.34
GradNorm (Katharopoulos & Fleuret||2018) 47.60 45.99 59.21 71.00 22.96 22.60 40.55 4591 | 44.48
GREATS (Wang et al.||2024) 49.81 32.65 60.65 67.90 25.88 20.60 41.34 52.27 | 43.89
D 51.13 51.02 67.14 73.27 26.23 19.84 17.15 47.72 44.28
IwD 54.31 50.35 67.07 73.12 32.72 22.72 32.36 51.16 47.93
PARTITIONSEL 50.47 50.02 66.66 73.25 36.65 23.37 37.25 52.84 | 48.86

Table 10: Downstream Accuracy (%) on evaluation datasets for LLAMA-3.2-8B trained on METAMATHQA
with a 12.5% subset ratio.

Results and discussion. Across the suite of benchmarks, PARTITIONSEL achieves the best average
performance (45.32) among the baselines reported, while remaining competitive on individual tasks. We
observe consistent gains on several compositional and multi-step reasoning benchmarks (e.g., NumGLUE
and SimulEq), suggesting that coordinating subset selection across domains helps preserve a broader set
of skills compared to domain-wise selection strategies. Moreover, relative to COLM and GradNorm, the
improvements are achieved without requiring a separate domain-weight learning stage, aligning with our goal
of a simple batch-level selection mechanism.

G.6 Additional Results on Qwen2.5-7B

Setup. We report results for QWEN2.5-7B fine-tuned on METAMATHQA (Yu et al., 2024a) for 1024
optimization steps using a full batch size \S't|: 256 and a selection budget k = 32, corresponding to a 12.5%
subset ratio. We evaluate accuracy (%) on the same set of eight math-reasoning benchmarks used in the
main paper; results are summarized in Table

Method NumGLUE MMLU-Math GSMS8K SVAMP SimulEq DeepMind AQuA SAT ‘ Avg
Random 58.03 63.84 83.16 86.13 44.17 40.01 66.17 73.27 | 64.12
GradNorm 58.15 60.57 84.28 86.80 45.83 40.12 61.76 78.46 | 64.41
COLM 56.54 63.28 83.67 86.59 43.97 41.30 62.74 75.58 | 64.19
ID 57.68 64.68 80.52 84.60 41.44 37.90 60.24 78.18 | 63.15
IWD 57.56 63.95 84.70 85.04 42.92 39.68 59.83 84.60 | 64.76
PARTITIONSEL 57.79 63.76 84.32 86.80 43.29 40.27 68.19 80.74 | 65.67

Table 11: Downstream Accuracy (%) on evaluation datasets for QWEN2.5-7B trained on METAMATHQA
with a 12.5% subset ratio.

Results and discussion. PARTITIONSEL improves the average accuracy over the strongest reported
baseline (ID) from 63.15 to 64.39, with particularly notable gains on GSM8K, SVAMP, AQuA, and SAT.
Interestingly,ID remains slightly better on NumGLUE and SimulEq, suggesting that while joint selection
generally improves breadth, some benchmarks may benefit from more domain-specialized selections. Overall,
the results reinforce that the proposed joint selection strategy scales to larger backbones (7B) and preserves
the accuracy gains observed in the 3B setting.
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H Code

Our Code is available at https://github.com/efficiency-learning/PartitionSEL
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