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Abstract

Data selection for language models is often
framed as balancing example quality and di-
versity. We argue that both are consequences
of a more fundamental principle: selected ex-
amples should preserve the downstream query
space induced by instructions, task signals, or
retrieval needs. We present Greedy Informa-
tion Projection (GIP), a query-aligned method
that requires only candidate embeddings and a
score signal from LLM judgments, metadata, or
intrinsic geometry. GIP greedily selects exam-
ples whose embedding span explains the largest
residual component of task/query scores, yield-
ing a fast matching-pursuit selector. A Gaus-
sian projection view connects this update to
maximizing mutual information, equivalently
minimizing the residual volume of the query
subspace left unexplained by selected data; this
explains how quality and diversity emerge from
one objective. Empirically, GIP matches or sur-
passes full-data fine-tuning using small instruc-
tion and reasoning subsets, while pretraining
and RAG passage-selection experiments show
that the same residual principle transfers be-
yond supervised fine-tuning.

1 Introduction

A central question in training large language mod-
els (LLMs) is how to select data. Modern LLMs
train on large corpora whose size scales with model
capacity (Kaplan et al., 2020; Hoffmann et al.,
2022), but once enough data is available, data
quality becomes the binding constraint on further
improvement (OpenAl, 2023; Llama Team, Al at
Meta, 2024; Yang et al., 2025). A fundamental
challenge in pretraining and instruction tuning is
therefore to select a subset that maximizes down-
stream performance under resource constraints.
Existing approaches for selecting fine-tuning
data fall into two broad families: quality-based
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filtering—e.g., LLM-judged scoring (Chen et al.,
2024c), perplexity thresholds, or length heuris-
tics (Zhao et al.,, 2024)—and diversity-based
construction—e.g., clustering, deduplication (Lee
et al., 2022), or coverage objectives (Ge et al.,
2024; Bukharin et al., 2024; Fan et al., 2025).
Gradient-influence methods such as LESS (Xia
et al., 2024) and importance-resampling methods
such as DSIR (Xie et al., 2023) provide additional
axes but typically require target/validation data,
model gradients, or both. These approaches give
little theoretical guidance on why a particular ex-
ample is valuable and do not unify quality and
diversity under a single objective.

This work. We propose Greedy Information Pro-
Jjection (GIP), a query-aligned framework for se-
lecting examples that preserve downstream task
directions. We use “query” broadly: it can re-
fer to user instructions, evaluation prompts, rea-
soning questions, retrieval information needs, or
user-intent signals. GIP consumes only (i) feature
embeddings F’' of candidate items and (ii) a score
matrix G whose columns are task/query score vec-
tors, such as LLM-judged quality, self-consistency,
or simple geometric statistics of F'. It selects a
subset S whose span explains the remaining score
signal through a scalable residual matching-pursuit
implementation. We make four contributions:

* Query-aligned data selection. We formu-
late language-model data selection as preserv-
ing a downstream query space induced by
instructions, evaluation prompts, reasoning
questions, or retrieval needs.

* Greedy Information Projection. We give a
fast residual matching-pursuit algorithm (Al-
gorithm 1) and flexible practical scoring in-
stantiations.

* Projection view of quality and diversity. We
show that relevance and diversity arise from
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the same residual-projection objective: high-
quality examples align with important query
directions, while diverse examples cover direc-
tions not yet explained by the selected span.

¢ Empirical validation across NLP settings.
Across instruction following, mathematical
reasoning, pretraining, and RAG, GIP shows
promising sample-efficient performance with
the same residual rule.  With only 1-
2% of Alpaca, GIP matches or exceeds
the standard Full baseline in 7 of 9 MT-
Bench/BBH/Alpaca-Eval-V2 model-metric
cells; on GSMBSK, it is competitive with
gradient-, density-ratio-, and diversity-based
baselines and exceeds the Qwen3-8B and
Qwen3-32B Full baselines at 10-20% data
(Section 5).
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Figure 1: Geometric view of GIP. The selected embed-
dings Fg define span(Fs) and the projector Ps; greedy
selection increases the query energy captured by Ps@
while leaving smaller residual directions (I — Ps)(Q.

2 Related Work

Data selection for LLMs. Diversity and qual-
ity are both recognized as central to LLM train-
ing (Sener and Savarese, 2018; Chen et al.,
2024b,a). Lee et al. (2022) highlight the role of
diversity through near-duplicate removal. Bukharin
et al. (2024) balance quality and diversity in
instruction-tuning data, and Du et al. (2023) com-
bine quality, coverage, and necessity. Chen et al.
(2024c) use LLLM-based quality scores for filter-
ing, and Ge et al. (2024) cluster and rank instruc-
tion data. Xia et al. (2024) use gradient similarity
(LESS); Xie et al. (2023) use importance resam-
pling (DSIR); Fan et al. (2025) use submodular
file selection to preserve diversity (DiSF). Recent

work also selects data by maximizing semantic-
space information gain (MIG) (Chen et al., 2025)
or by choosing responses that fit the target model
distribution (GRAPE) (Zhang et al., 2025). Adja-
cent training-time approaches improve generation
behavior through synthetic instruction generation,
feedback-aware self-training, and ranking-based
fine-tuning (Wang et al., 2023; Chai et al., 2022;
Li et al., 2023). Preference and reinforcement-
learning methods instead optimize language-model
behavior from human, model, or offline reward sig-
nals (Ouyang et al., 2022; Rafailov et al., 2023;
Chen et al., 2023). Deb et al. (2025) use Fisher-
information-based information gain for supervised
fine-tuning subset selection. Existing methods gen-
erally treat quality and diversity as separate stages
or as penalty terms; GIP unifies them in a single
residual-matching procedure derivable from one
information-theoretic objective.

Retrieval and diversified ranking. Quality—
diversity tradeoffs are also central in information
retrieval based recommendation systems, where
a ranked list should contain individually relevant
items while covering non-redundant aspects of the
query. Recent systems add query-aware diver-
sity or diverse query rewriting for stronger context
construction (Khan et al., 2026; Li et al., 2024b;
Golobokov et al., 2022).

Information-theoretic and projection-based se-
lection. Mutual information (MI) has a long his-
tory in selection and clustering (Knops et al., 2006;
He et al., 2008; Kraskov et al., 2005; Sugiyama
et al., 2014; Calandriello et al., 2014; Do et al.,
2021). Computing MI is generally hard (Kraskov
et al., 2004); we exploit Gaussianity to obtain
a closed-form log-determinant criterion. Con-
nections to singular-value-based analysis appear
in (Lee and Courtade, 2021, 2020; Lee, 2022). De-
terminantal point processes (DPPs) (Kulesza and
Taskar, 2012; Chen et al., 2018) are the closest
kernel-diversity baseline; their score-free entropy
objective is the diversity analogue of our score-
aware projection objective.

Active learning and coresets. GIP is related to
active learning (Settles, 2009) and coreset construc-
tion (Bachem et al., 2017). Matching pursuit (Mal-
lat and Zhang, 1993; Pati et al., 1993; Tropp, 2004;
Tropp and Gilbert, 2007) provides the algorithmic
backbone of our residual-greedy procedure.
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3 Information-Projection Formalization

3.1 Setup

Let F = {f1,..., fm} C R% be unit-norm feature
embeddings for m candidate examples, stacked as
F € R™™ with F = [f1,..., fm]. Each can-
didate is associated with n scalar scores, stacked
into a score matrix G € R"*" whose columns
gi,--.,9n € R™ are different “quality” signals
(e.g., LLM judgments, self-consistency, or internal
alignment). The selection task is to pick a subset
S C [m)] of size at most k that is simultaneously
informative (aligned with the score signals) and
diverse (spanning different directions in feature
space).

Given the score matrix G € R™*"™, introduce a
latent query embedding Q € R?*" satisfying

FTQ~G. (1)

This @ is only a theoretical device: Algorithm 1
runs directly on F' and G. It lets us interpret score
dimensions as query directions in the same geome-
try as the candidate embeddings.

3.2 A mutual-information objective
Consider an auxiliary standard Gaussian probe
Z ~ N(0,1,) and the projections Zg := Q' Z €
R", Zp, := Fg Z € RIS\ The pair (Zg, Zr,) is
jointly Gaussian with block covariance

_[Q7Q QTFs
g i R

and, when the selected covariance is nonsingular,

the mutual information has the closed form

det(QT Q) det(FJ F)
det X

I(Zg; Zpy) = 5 log :
3)
GIP originates from the intuition to select S by
maximizing mutual information; its greedy update
is an approximation algorithm for (3).

To avoid invertibility assumptions on the se-
lected examples, the projection view can equiv-
alently be written using any orthonormal basis
Us of span(Fs), with Pg = USUST. Then
the conditional covariance of Zg given U g Z is
Q' (I — Ps)Q, so maximizing Gaussian mutual
information is equivalent, up to ridge or pseudo-
determinant regularization in degenerate cases, to
minimizing the residual query volume det(Q " (I —
Ps)@). The determinant objective is the ideal
query-space preservation criterion; the GIP greedy

update optimizes the trace/matching-pursuit surro-
gate rather than the exact log-determinant.

Remark (Gaussianity as a modeling device). Nei-
ther data nor query embeddings are assumed Gaus-
sian. The probe Z induces Gaussian random pro-
jections whose second-order structure is fully de-
termined by the embedding geometry; mutual in-
formation admits a closed-form log-determinant
expression, is invariant under orthogonal transfor-
mations, and captures total linear dependence be-
tween the subspaces spanned by () and F.

3.3 Geometric projection

Maximizing mutual information of the form (3) is
equivalent to optimizing

arg max (3) = arg mSin det (QT (I — PS)Q) :
“)

The matrix I — Pg projects onto the orthog-
onal complement of span(Fs). Minimizing
det(QT (I — Ps)Q) thus selects Fg so that its col-
umn span captures as much of )’s column span as
possible, simultaneously favoring directions where
@ has high energy (quality) and directions that
open up new subspace volume (diversity). Figure 1
illustrates the picture.

When scores are absent, () vanishes from the
objective and the MI surrogate reduces to maxi-
mizing the entropy h(Zp,) = 3logdet(Fg Fs),
which is the determinantal point process diversity
objective (Kulesza and Taskar, 2012). GIP thus
generalizes DPP-style diversity to score-aware se-
lection through a single formula.

4 Greedy Information Projection:
Empirical Method in Practice

The algorithm involves a greedy selection where
each step selects the candidate with largest resid-
ual score energy, after which a residual update
subtracts the residual from remaining candidates.
Please refer to Algorithm 1 on how selections and
residual updates are performed. In the remainder of
the section, we will describe two relaxation steps
we take to derive our greedy selection logic.

Step 1: AM-GM relaxation to a trace.

4ot (QT (- Ps)Q) < (TT(QT(In— PS>Q)> |
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Algorithm 1 GIP greedy selection for data selec-
tion
Require: Data F' € R¥™ scores G € R"™*™,
budget k, residual scale A € [0, 1] (default 1)

Ensure: Selected indices S

S+ 0 WO g7

: Precompute ® < FTF

:fort =1tok do

2

3

4 5 < argmaxjgg Yo I(W(t 1))2

5 S« SuU {St}

6: Forallie[n]j¢ s W e wi -
)\(I)] . Wz(it 1)

7. end for

8: return S

The trace is linear in Pg and therefore amenable to
greedy maximization. We adopt it as a surrogate:

= Z (lgill* = 1 Psqll?) -

i=1
&)

Note that minimizing the trace depends on () only
through ¢ F = g, so the optimization is com-
putable directly from G without forming ().

Tr(Q' (I — Ps)Q)

Step 2: Greedy matching pursuit on the dual.
Minimizing (5) is equivalent to the multi-target
sparse approximation problem

mll’l E min qu —

RIS SiesAifilly  ©

because ||Psq;||? is exactly the energy of ¢; ex-
plained by the span of Fis. We solve (6) greedily.
At step t+1, with residual rl(t) =gq;— 23:1 A fsjo
the optimal single-atom step satisfies miny ||r; —

Mfsll3 = lrill* = (v fs)? since || fs|| = 1, and the
selection rule reduces to
n
11 = argmax > (7 fs)2 (7
S¢Sy 1]

Defining W(t) = r f], the above suggests a
residual update r(t+1) (t ( fst+1 ) fsin

Note that because W( ) = q; f G, the algo-
rithm requires only F and G (not Q).

4.1 GIP greedy selection

Based on the above two steps, GIP maintains a
residual score matrix W) € R"*™ whose i-th
row represents how much of the i-th score signal

has not yet been explained by previously selected
items, together with a precomputed inner-product
matrix ® = FTF € R™ ™ Tnitially, W) = GT.
At step t, we select the candidate whose feature ex-
plains the most variance jointly across all n resid-
ual scores, then subtract the rank-one component
aligned with f;, so that subsequent selections are
biased away from items in the same direction:

n

Z(Wiﬁj-‘”)? ®)

=1
A q)%St

§¢ = arg max
JE[m\Si-1

wEY (9

WZ%) < WZ(,E V- 0,5t
The residual scale A € [0, 1] controls how aggres-
sively selected directions are removed. The default
A = 1 gives the full matching-pursuit residual used
in our fine-tuning experiments. The endpoint A = 0
masks only the selected item and therefore behaves
like greedy top-score selection under the current
score matrix, while intermediate values retain more
direct query relevance and apply a softer diver-
sity correction. Thus GIP(\) is a single-parameter
balance between score preservation and residual
coverage. We repeat for k steps and return .S = Si;
Algorithm 1 summarizes the procedure.

4.2 Computational complexity

Since each residual update only requires similar-
ities ®;;, = f]T fs, between candidates and the
newly selected item, one cached approach is to
precompute a full Gram matrix ® = F' T F at cost
O(m?2d) and memory O(m?), which can be amor-
tized across budgets or score variants; after that,
each greedy step costs O(mn) for selection and
O(mn) for the residual update, giving O(mnk)
selection time. Alternatively, for large candidate
pools, the vector ®.;, can be computed on the
fly (streamed) in O(md) time per step, avoiding
O(m?) memory at the cost of O(mdk) additional
computation. In our main settings n is small, so
the cached-kernel selector is effectively linear in m
and k after preprocessing.

Table 1 compares against common baselines.
GIP uses candidate embeddings together with a
score matrix, but does not require held-out valida-
tion data or model-gradient computation. Unlike
greedy DPP MAP, which scales as O(mk?) in k,
cached-kernel GIP scales as O(mk) in k& when
the score dimension n is small. Wall-clock and
peak-RAM measurements (Table 12) show that the
preprocessing cost is amortizable in our evaluated
settings.
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5 Experiments

We evaluate GIP as a query-aligned selection rule
in four NLP regimes. First, instruction-following
selection tests whether a small Alpaca subset can
preserve broad conversational supervision. Second,
mathematical-reasoning selection tests whether the
same method can choose target-domain GSM8SK
examples under exact-answer evaluation. Third,
pretraining selection tests whether the residual rule
can choose useful web-text chunks before super-
vised training. Fourth, query-time RAG selection
tests whether the residual update transfers without
fine-tuning. This organization separates the appli-
cation surfaces while keeping the underlying object
fixed: select candidates whose span explains the
task query signals.

5.1 Instruction following and mathematical
reasoning

We first evaluate GIP in supervised fine-tuning
for instruction following and mathematical rea-
soning. The Alpaca experiments measure broad
instruction-following transfer from small general-
purpose subsets, while the GSM8K experiments
measure whether selected reasoning examples
improve exact-answer mathematical performance
across data budgets and model scales. For both
tasks, candidates are represented by normalized
ModernBERT-Base embeddings (Warner et al.,
2025); Alpaca examples concatenate [instruction;
context; response], and GSM8K uses the question
as the instruction.

Task setup. For instruction tuning, we select
512 and 1,000 examples from Alpaca-52k (Taori
et al., 2023) and evaluate Mistral-7B-v0.1 (Jiang
et al., 2023), Qwen3-4B, and Qwen3-8B (Yang
et al., 2025) on MT-Bench (Zheng et al., 2023),

Table 1: Complexity and selector requirements. C/S
denotes cached/streamed and m, = my,. Val. marks
whether a method requires held-out target or validation
data, and Grad. marks model-gradient computation. 0
hides polylogarithmic factors, and ! counts tokens per
DSIR candidate.

Method Prep. Selection  Val. Grad.
GIP (C) O(m?d) O(mk) No No
GIP (S) O(m) O(mkd) No No
DPP (C) O(m?d) O(mk®)  No No
DPP (S) O(m) O(mk®*d) No No
LESS O(mN) O(mmyd) Yes Yes
DiSF O(m) O(mkd®)  Yes No

DSIR  O((m + my)(d+1)) O((m + m,)d) Yes No

BBH (Suzgun et al.,, 2023), and Alpaca-Eval-
V2 (Dubois et al., 2024). For mathematical rea-
soning, we select 2.5-20% of GSMS8K (Cobbe
et al., 2021) and evaluate exact-match accuracy
on Mistral-7B, Qwen3-8B, and Qwen3-32B. Fine-
tuning baselines include Random, Full, Alpaca-
longest (Zhao et al., 2024), Alpagasus (Chen et al.,
2024c), CaR (Ge et al., 2024), DSIR (Xie et al.,
2023), DiSF (Fan et al., 2025), and LESS (Xia
et al., 2024); DSIR receives the evaluation set as
its target domain, giving it an oracle advantage on
GSMBSK.

Fine-tuning evaluation protocol. All selected
subsets and baselines are fine-tuned from the same
base checkpoint under the shared LoRA recipe in
Table 8. MT-Bench responses are generated with
vLLM (Kwon et al., 2023) and judged by GPT-
5 on the standard 1-10 MT-Bench scale; Alpaca-
Eval-V2 reports length-controlled win rate; BBH
and GSMS8K use exact-match accuracy with the
benchmark’s standard answer normalization. For
Qwen3 models, thinking mode is disabled during
both fine-tuning and evaluation.

Baseline implementation. For Alpaca, we eval-
uate the released or paper-specified selection rules
at matched 1k-example budgets where applicable
(Alpaca-longest, Alpagasus, CaR) and retrain all
reported baselines with the same fine-tuning and
evaluation pipeline. For GSM8K, Random, DSIR,
DiSF, LESS, and GIP variants use the same per-
centage budgets. DSIR and LESS use the same
target/validation split for distribution matching or
gradient influence, so they are strong target-aware
baselines, while GIP uses only candidate embed-
dings plus its score signal.

Instruction-tuning scoring schemes. GIP ac-
cepts any score matrix (5. For fine-tuning selection,
we study two practical instantiations. First is multi-
attribute scoring (MA): for every candidate, we
concatenate [instruction; context; response] and
ask GPT-4o to score coherence, accuracy, help-
fulness, and difficulty on a 0-5 scale. We cache
these four attributes and use their sum as a single
score vector (n = 1); the full prompt is in Ta-
ble 9. The second variant is training-data-aware
self-compression (SC) that uses no external judge
and derives the score from the data geometry:

gi=Y_ fifi=(F"Fly),
j=1
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This row-sum score measures representativeness in
the candidate pool. Combined with the residual up-
date (9), GIP+SC trades representativeness against
coverage.

Sample efficiency. Table 2 shows the strongest
data-efficiency result: with only 1-2% of Alpaca,
GIP+MA/GIP+SC exceed the Full-data baseline in
7 of 9 model-metric cells across MT-Bench, BBH,
and Alpaca-Eval-V2. Table 3 shows more mixed
but still favorable reasoning results: GIP+MA ex-
ceeds the Qwen3-8B and Qwen3-32B Full base-
lines at 10-20% data. Under our fixed fine-tuning
protocol, GIP-selected subsets match or exceed
the standard full-data baseline, especially when
the source pool contains noisy or redundant exam-
ples. Because Alpaca is noisy and redundant, 1%
can occasionally outperform 2% after the highest-
marginal-value examples have already been se-
lected.

Robustness across models. Gains are stable
across Mistral and Qwen3 at 4B-32B parameters
and across benchmarks probing distinct capabili-
ties. The strongest non-GIP baseline on GSM8K
is DSIR, but its edge is concentrated at the 5% bud-
get on the Qwen3 models; at the other budgets,
GIP+MA matches or exceeds DSIR across every
base model. On Mistral-7B, GIP+MA consistently
leads DSIR. Note that DSIR enjoys oracle access
to the evaluation distribution via its target-domain
mechanism, whereas GIP does not.

Complementarity of GIP+MA and GIP+SC.
GIP+MA performs best on instruction-following
and preference metrics by exploiting external multi-
attribute judgments, while GIP+SC—using only
intrinsic geometry—is competitive on reasoning
benchmarks and excels on GSM8K with Mistral-
7B at 10-20%. This pattern supports our view
that quality and diversity are jointly handled by the
same residual mechanism, with the score channel
determining which signal is emphasized.

Comparison with Information-based methods
To compare with information-based method Fish-
erSFT (Deb et al., 2025), we evaluate it using the
authors’ released implementation at the 2.5% and
20% data budgets on Mistral-7B and Qwen3-8B.
Across these four matched settings, both GIP vari-
ants outperform FisherSFT. Detailed results are
reported in Table 28.

Ablations. We include three targeted ablations
for training-time selection. First, to test whether
GIP replaces or complements source-pool clean-
ing, we compare GIP+SC at 1% data against
Full on Mistral-7B across MT-Bench categories
for cleaned and non-cleaned Alpaca (Figure 2b).
Cleaning improves both methods, especially on
open-ended categories, and narrows the gap enough
that 1% GIP+SC matches cleaned Full overall.
Thus GIP+SC benefits from source-pool quality
rather than replacing it.

Second, to measure sensitivity to the feature
geometry, we swap the encoder feeding GIP+SC
on GSMS8K between ModernBERT and a Qwen-
reasoning embedding. Qwen-reasoning gives small
gains on most rows, particularly for Qwen3-32B at
10-20%; ModernBERT remains competitive, espe-
cially on Mistral-7B at 10% (Table 4).

Table 4: Embedding ablation for GIP+SC on GSM8K.

Model | Data | ModernBERT  Qwen-reasoning
Mistral-7B 20% 49.81 50.27
Mistral-7B 10% 46.63 46.25
Qwen3-32B | 20% 87.57 88.02
Qwen3-32B | 10% 87.34 87.72

Finally, to test selection stability under em-
bedding perturbations, we add Gaussian noise to
GSMS8K embeddings and rerun GIP+SC. Selected-
subset IoU remains > 85% for o < 1072 and
above 60% at c=10"2, so mild embedding drift
has little effect and severe noise still preserves most
core items (Table 11).

5.2 Pretraining data selection

We test query-aligned selection for language-model
pretraining using DCLM-Baseline (Li et al., 2024a).
The initial comparison selects from a 1.69M-
chunk pool at 0.8B and 1.6B tokens and trains
a 411M-parameter OpenLLM model (Gururangan
et al., 2023). For the larger follow-up, GIP and
DSIR each select 2M chunks (4.1B tokens) from
an enlarged DCLM-Baseline pool and train the
OpenLM-1B configuration for one epoch. The two
follow-up runs use the same seed and optimization
recipe.

We compare against random sampling, DSIR
importance resampling (Xie et al., 2023), and DiSF
relevance-diversity selection (Fan et al., 2025). All
target-aware selectors use the same target data:
10k chunks from the English Wikipedia data cor-
pus (Wikimedia Foundation, 2023), tokenized and
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Table 2: Performance on MT-Bench, BBH, and Alpaca-Eval-V2. Alpaca-Eval-V2 reports LC win% (Dubois et al.,
2024). Best results in bold, second-best underlined. Standard errors are in Table 20.

Qwen3-4B Mistral-7B Qwen3-8B
Method Data MT-B. BBH A.-Eval | MT-B. BBH A.-Eval | MT-B. BBH A.-Eval
Full 100% (52K) | 6.69  73.20 488 | 3.64 5840 577 | 174 76.70 6.91
Random 2% (1K) 7.59  69.40 2.62 3.66 5740 4.71 798 7230 4.99
Alpaca-longest 2% (1K) 745  73.30 2438 3.89  55.60 2.69 8.20  75.80 4.24
Alpagasus 2% (1K) 7.59  63.60 4.17 371 56.50 4.81 7.86 7190 5.51
CaR 2% (1K) 7.68  73.80 3.26 383 5740 4.49 8.16  76.20 3.66
GIP+MA 2% (1K) 7.67  74.30 3.74 383  57.60 6.22 7.99  80.50 5.64
GIP+MA 1% (512) 7.78  68.00 4.42 3.99 56.60 6.59 826  79.10 4.85
GIP+SC 2% (1K) 7.53  74.40 3.34 3.71 57.70 4.83 8.04  79.10 7.05
GIP+SC 1% (512) 7.58  73.90 323 3.71 57.40 4.85 7.88  76.50 4.72

Table 3: GSM8K mathematical reasoning across models and data percentages. Best and second-best marks are
computed within the budgeted selection rows; Full is shown as the 100% reference. Standard errors are in Table 27.

Code Hum.  Code

Mistral-7B Qwen3-8B Qwen3-32B
Method 2.5% 5% 10% 20% | 2.5% 5% 10% 20% | 2.5% 5% 10% 20%
Full | 52.46 | 81.96 | 87.64
Random 3776  43.52 4572 46.74 | 7832 80.21 79.53 81.65 | 7824 87.14 85.67 87.29
DiSF 39.88 4155 4155 4246 | 75.06 7998 7998 80.67 | 81.65 87.04 87.04 88.40
DSIR 37.07 42.15 4261 42.08 | 80.74 81.50 81.96 83.24 | 80.74 89.16 87.79 88.70
LESS 31.84 33.13 4291 47.69 | 79.76 79.45 80.29 79.45 | 6998 8726 87.95 87.41
GIP+MA | 4299 4564 4594 4746 | 81.58 81.05 83.09 83.24 | 84.31 87.57 88.25 88.78
GIP+SC 38.89 4329 46.63 49.81 | 80.36 80.21 81.65 82.26 | 84.15 87.04 87.34 87.56
I Top-k BN gMMR [ xQuAD BN DPP HH GIP = GIP+SC (1%) = Full
o 045 - Cleaned Alpaca Non-cleaned Alpaca
5 Reasoning Roleplay Reasoning Roleplay
Z
=
s 040 . 10 . 10
§ Math © ' Writng  Math 6 Writing
=
0.35
3 5 10 Hum.

Retrieved chunks kK

Extraction STEM Extraction STEM

(a) RAG oracle mean answer F1 by context budget.
(b) MT-Bench per-category scores on Mistral-7B.

Figure 2: RAG and MT-Bench ablations. Left: oracle best-over-sweep mean answer F1 grouped by retrieved-context
budget; tunable methods are swept over their tradeoff parameters. Right: GIP+SC at 1% data versus Full on cleaned
and non-cleaned Alpaca, judged by GPT-5.

chunked with the same pipeline as the DCLM  whereas DiSF and GIP use dense ModernBERT

pool. This target data is separate from the down-
stream evaluation tasks; HellaSwag (Zellers et al.,
2019), PIQA (Bisk et al., 2020), ARC (Clark et al.,
2018), WinoGrande (Sakaguchi et al., 2020), Open-
BookQA (Mihaylov et al., 2018), and SciQ (Welbl
et al., 2017) are used only after training.

This design fixes the candidate pool and target
source while varying the selection objective and
feature representation. DSIR consumes the shared
target through hashed token n-gram distributions,

chunk embeddings. For scalable pretraining selec-
tion, GIP clusters the target embeddings into C'
target modes using the k-means algorithm, replac-
ing the full set of target directions with a small
set of mode centroids before applying the residual
update (as in Algorithm 1). For model training,
all methods use AdamW (Loshchilov and Hutter,
2019) with learning rate 3 - 10~%, sequence length
2048, bfloat16 mixed precision, and a cosine sched-
ule. Evaluation uses Im-evaluation-harness (Gao
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Table 5: Per-task results from single 411M-parameter OpenLM pretraining runs at 0.8B and 1.6B tokens. Best
results are in bold; second-best results are underlined. The OpenL.M-1B follow-up and scale comparison are shown

in Figure 3; three-seed averages are reported in Table 31.

Tokens Selector HS PIQA ARC-E ARC-C WG OBQA SciQ Mean
0.8B Random 0.298 0.544 0.300 0.198 0.489 0.250 0.335 0.345
0.8B DSIR 0.290 0.545 0.296 0.218 0.494 0.262 0.352 0.351
0.8B DiSF 0.299 0.543 0.315 0.218 0.491 0.262 0.340 0.353
0.8B GIP 0.306 0.540 0.317 0.217 0.496 0.260 0.390 0.361
1.6B Random 0.317 0.572 0.332 0.205 0.498 0.236 0.475 0.376
1.6B DSIR 0.326 0.590 0.331 0.211 0.504 0.242 0.513 0.388
1.6B DiSF 0.320 0.585 0.339 0.215 0.499 0.240 0.500 0.385
1.6B GIP 0.334 0.574 0.350 0.214 0.480 0.262 0.517 0.390
—e— DSR B~ GIP duces a score vector over candidate document
chunks. Our reported GIP method is the query-
043 only residual-scaled GIP(\) variant from (9);
& oar baselines are vanilla top-k, gMMR, xQuAD, and
;é ' DPP(«) (Kulesza and Taskar, 2012; Chen et al.,
% 0.39 2018).
§ 0.37
0313 . . Experiment setting. For retrieval-augmented
411M 411M 1B
0.8B tokens 1.6B tokens 4.1B tokens QA, we use LongBench HotpotQA (Yang et al.,

Figure 3: Seven-task pretraining mean for DSIR and
GIP in the 411M/0.8B-token, 411M/1.6B-token, and
OpenLM-1B/4.1B-token settings. The 4.1B-token runs
use the same seed and optimization recipe; this setting
changes both model size and token budget and therefore
measures their combined scale-up.

et al., 2024) with a limit of 1000 examples per task;
metrics are normalized accuracy for HellaSwag,
ARC, and OpenBookQA, and accuracy for PIQA,
WinoGrande, and SciQ. Additional implementation
details are in Section A.3.

Table 5 reports the 411M per-task results, while
Figure 3 compares DSIR and GIP across all three
settings. GIP has the higher seven-task mean in
each setting; in the OpenLM-1B follow-up, its
mean is 0.4290 compared with 0.4267 for DSIR.
Because the 4.1B-token setting changes both model
size and token budget, it tests the combined larger-
scale setting rather than isolating either factor. At
1.6B tokens, the three-seed averages in Table 31
remain above Random and DSIR; the per-task av-
erages match or exceed DSIR on all seven tasks.

5.3 Retrieval-Augmented Question Answering

We next evaluate the same residual mechanism
when selection happens at inference time rather
than during training. The primary setting is
RAG passage selection, where each question in-

2018), 2WikiMQA (Ho et al., 2020), MuSiQue
(Trivedi et al., 2022), and MultiFieldQA-EN (Bai
et al., 2024). We evaluate retrieved-context budgets
k € {3,5,10}, generate answers with Qwen3-8B
(Yang et al., 2025) with thinking disabled, and eval-
uate them using the official LongBench answer-F1
metric. Exact sample counts, passage construc-
tion, embedding models, and parameter sweeps are
reported in Section A.4.

Figure 2 summarizes the macro answer-F1 fron-
tier across budgets, with per-benchmark values in
Table 13. GIP is strongest at k = 5 and k = 10
and is effectively tied with DPP at k = 3. DPP
remains the strongest competitor.

Impact of query depth. To test whether GIP
benefits from a query space beyond a single ques-
tion vector, we augment each question with planner-
generated decompositions. Thus dg = 1 uses
only the original question, while dg > 1 appends
planner subquestions as additional score columns.
These extra columns ask GIP to cover multiple de-
composed information needs rather than a single
aggregate query embedding. Table 6 shows that
planner dimensions improve the fixed-A, & = 5
ablation, suggesting that decomposition helps GIP
cover complementary information needs. Planner
and embedding details are in Section A.4.
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Table 6: RAG query-dimensionality ablation at & =
5 with fixed A = 0.8. Best in bold, second-best
underlined.

dq | Hotpot 2Wiki MultiField MuSiQue Mean
1 0.498 0.426 0.415 0.276 0.404
3 0.486 0.442 0.424 0.283 0.409
5 0.511 0.448 0.422 0.285 0.416

6 Conclusion

We introduced GIP, a query-aligned data-selection
method that greedily selects examples whose em-
beddings explain the remaining task/query score
directions. The method uses only candidate em-
beddings and score signals, can reuse or stream
pairwise similarities during matching-pursuit se-
lection, and avoids model-gradient computation.
Across instruction tuning, mathematical reasoning,
pretraining, and RAG passage selection, the same
residual update yields sample-efficient subsets and
competitive retrieval frontiers. The projection view
connects this update to mutual information and
gives a unified explanation: high-quality exam-
ples align with important query directions, while
diversity comes from covering directions not yet
explained.

Limitations

Embedding dependence. GIP relies on en-
coder geometry, so poor embeddings or domain-
mismatched encoders can weaken capability cover-
age. Quality signals. Input score signals can carry
bias, so GIP may under-cover examples underval-
ued by those signals. Scope. We study instruction
tuning, reasoning, pretraining, and RAG in English
text settings; code, multilingual, multimodal, and
much larger pretraining pools remain future work.
Formal bias-aware algorithms are not considered
and are left as future work.
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A Experimental Setup and
Reproducibility

A.1 Datasets and Computational Resources

Computational resources. Experiments were
run on NVIDIA A100 80GB and V100 32GB
GPUs, depending on the model and experiment.
Experiment-specific GPU counts, model configura-
tions, and evaluation protocols are reported in the
following setup subsections.

A.2 Fine-Tuning Setup

Hyperparameters and training details are summa-
rized in Table 8. All models are trained in the Hug-
ging Face framework with LoRA fine-tuning (Hu
et al., 2022). We apply LoRA to all linear layers
for Mistral and Qwen3 runs with {r = 8, a = 16}.
For Qwen3 models we disable thinking mode dur-
ing supervised fine-tuning and downstream evalu-
ation. For fair comparison with baselines, we use
the same context length and epoch budget even
when these differ from (Chen et al., 2024c). The
Qwen3-32B GSMSK runs use the same Qwen3
LoRA configuration as the other Qwen3 models,
but train on GSMS8K subsets rather than Alpaca-
derived subsets.

We reuse the evaluation prompts from MT-
Bench (Zheng et al., 2023) and Im-evaluation-
harness (Gao et al., 2024); GSM8K and BBH use
exact match with standard answer normalization.
Fine-tuning tables report mean + standard error
across evaluation examples where available. We
fix the data-loader, selection, CUDA/cuDNN, and
training seeds wherever the framework exposes de-
terministic control.

A.3 Pretraining Setup

Candidate pool and target. The initial candidate
pool contains 1,685,901 DCLM-Baseline chunks,
tokenized with the GPT-NeoX tokenizer (Black
et al., 2022). For each selector, we materialize a
WebDataset training stream from this pool at the
0.8B- or 1.6B-token budget. For the 4.1B-token
follow-up, we enlarge the DCLM-Baseline pool
and materialize a method-specific stream of 2M
selected chunks for both GIP and DSIR. The ex-
act budget is 4.096B tokens (2M x 2,048). The
target distribution was intended to mix Wikipedia
and books, but both book sources failed to load at
runtime. The final target is therefore 10k chunks
from the English Wikipedia data corpus, using

the November 2023 dump (Wikimedia Foundation,
2023).

Feature Construction. We compute two
reusable feature matrices. DSIR uses a 10k-
dimensional sparse token n-gram view: unigram
buckets are token ID modulo 10k, bigram buckets
use a multiplicative hash modulo 10k, and
vectors are L1-normalized. GIP and DiSF use
768-dimensional ModernBERT dense embed-
dings (Warner et al., 2025): the first 512 decoded
tokens of each chunk are embedded, mean-pooled
over unmasked positions, cast from bfloatl6 to
float32, and L2-normalized. The dense pool
feature matrix is 5.18 GB; the sparse n-gram
matrix is 67.4 GB.

Selectors. Random uniformly samples pool in-
dices up to the requested token budget. DSIR com-
putes n-gram importance weights against the same
wiki-only target distribution and samples without
replacement using Gumbel top-k. DiSF uses a
relevance-plus-diversity greedy score S rel; + (1 —
B)(— maxses f;' fs) with 3 = 0.5 and omits the
original sparse-filtration pre-pruning step.

For the main pretraining row, GIP uses target
modes rather than a single target centroid. We
run k-means on the target embeddings to obtain
centroids {c,}%_; and initialize

m; = ngzx max (0, f;" ¢;).

At each step, GIP selects arg max; m; and applies
the residual update

mi < m; —rms f; fs,

with residual scale » = 1 and no appended bias
term. For efficiency, we perform selection in an
8-GPU sharded mode, where each GPU greedily
selects its share of the target budget from its shard
and selected ids are gathered at the end.

Training and evaluation. At 0.8B and 1.6B to-
kens, all selectors train the same 411M-parameter
OpenLLM model (Gururangan et al., 2023) on 2
nodes x 8 A100-80GB GPUs. The model has
24 decoder blocks, hidden size 1024, 8 attention
heads, sequence length 2048, and the GPT-NeoX
vocabulary. The recipe uses DDP, gradient check-
pointing, per-GPU batch size 32, global batch size
512, AdamW (Loshchilov and Hutter, 2019) with
learning rate 3 - 10~4, weight decay 0.1, cosine
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Table 7: Datasets used in our experiments, their stated licenses, and their roles. We report a dataset license when the
source states one; otherwise, we identify the license of the official release repository. Documents incorporated from

third-party sources retain their original terms.

Dataset and license

Use in this work

Fine-tuning and evaluation
Alpaca-52k (Taori et al., 2023) (CC BY-NC 4.0)
GSMSK (Cobbe et al., 2021) (release repository: MIT)

MT-Bench (Zheng et al., 2023) (release repository:
Apache 2.0)

BIG-Bench Hard (BBH) (Suzgun et al., 2023) (release
repository: MIT)

AlpacaEval 2 (Dubois et al., 2024) (CC BY-NC 4.0)

Pretraining and evaluation

DCLM-Baseline (Li et al., 2024a) (CC BY 4.0)
English Wikipedia, November 2023 (Wikimedia Foun-
dation, 2023) (CC BY-SA 4.0 and GFDL)

HellaSwag (Zellers et al., 2019) (release repository:
MIT)

PIQA (Bisk et al., 2020) (AFL 3.0)
ARC-Easy/Challenge (Clark et al., 2018) (CC BY-SA
4.0)

WinoGrande (Sakaguchi et al., 2020) (CC BY; version
not specified)

OpenBookQA (Mihaylov et al., 2018) (release reposi-
tory: Apache 2.0)

SciQ (Welbl et al., 2017) (CC BY-NC 3.0)

Retrieval-augmented generation evaluation
HotpotQA (Yang et al., 2018) (CC BY-SA 4.0)
2WikiMQA (Ho et al., 2020) (release repository:
Apache 2.0)

MuSiQue (Trivedi et al., 2022) (CC BY 4.0)
MultiFieldQA-EN (Bai et al., 2024) (LongBench repos-
itory: MIT; source terms apply)

Instruction-tuning candidate pool

Mathematical-reasoning selection, fine-tuning, and held-out evalua-
tion.

Multi-turn instruction-following evaluation.

Exact-match reasoning evaluation.

Length-controlled instruction-following evaluation.

Candidate pool for all pretraining data-selection methods.
Target corpus used by the target-aware selectors.

Commonsense completion evaluation.

Physical-commonsense evaluation.
Grade-school science evaluation.

Commonsense coreference evaluation.
Open-book science evaluation.

Science question-answering evaluation.

Multi-hop retrieval and question answering.
Multi-hop retrieval and question answering.

Compositional multi-hop retrieval and question answering.
Long-context retrieval and question answering.

schedule, 200 warmup steps, bfloat16 mixed preci-
sion, and sequence length 2048. The 0.8B and 1.6B
runs use separately materialized selected streams
from the same full candidate pool, so the larger bud-
get increases the amount of selected training data
rather than replaying a fixed 0.8B-token subset.

At 4.1B tokens, GIP and DSIR train the
OpenLLM-1B configuration for one epoch on their
respective 2M-chunk selected streams. Both runs
use the same seed and optimization recipe. Evalua-
tion follows the same seven-task protocol at ev-
ery compute level: Im-evaluation-harness (Gao
et al., 2024) with a limit of 1,000 examples per task
on HellaSwag (Zellers et al., 2019), PIQA (Bisk
et al., 2020), ARC-Easy/Challenge (Clark et al.,
2018), WinoGrande (Sakaguchi et al., 2020), Open-
BookQA (Mihaylov et al., 2018), and SciQ (Welbl
et al., 2017). The 1.6B-token comparison averages
three training seeds while holding each selected
subset fixed. The 0.8B-token runs use one seed, and
the GIP and DSIR runs in the 4.1B-token follow-up

use the same single seed.

A4 RAG Setup

For retrieval-augmented QA, we evaluate 200 ex-
amples from each of HotpotQA, 2WikiMQA, and
MuSiQue, and 150 examples from MultiFieldQA-
EN. We split contexts into 200-word passages
and encode questions, planner subquestions,
and passages as normalized vectors with the
Sentence-Transformers Multi-QA MPNet base co-
sine encoder, a semantic-search model trained
on question—answer pairs (Sentence-Transformers,
2021; Reimers and Gurevych, 2019; Song et al.,
2020). We score generated answers with the
official LongBench answer-F1 metric. For the
main RAG comparison, GIP uses the origi-
nal question embedding as (). We sweep
GIP(A) over {0,0.3,0.6,0.8,1.0} and DPP(«)
over {0.5,1,2,4,8}; fixed baselines are vanilla
top-k, gMMR (Carbonell and Goldstein, 1998),
and xQuAD (Santos et al., 2010).

For the query-depth ablation, we use Qwen?2.5-
7B-Instruct (Yang et al., 2024) as a deterministic
planner to generate 2—5 atomic subquestions. We
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Table 8: LoRA fine-tuning hyperparameters. Qwen3-32B uses the same LoRA configuration as the other Qwen3
models.

Dataset Size GPUs Epochs LR Sched. Ctx.Len.

Alpaca-52k 52k 8 10 3e-5 Linear 2048
Alpagasus-1k 1k 4 10 3e-5 Linear 2048
CaR-1k 1k 4 10 3e-5 Linear 2048
Random-1k 1k 4 10 3e-5 Linear 2048
GIP-512 512 4 10 3e-5 Linear 2048

embed them with the same retriever encoder and
append up to dg — 1 subquestions to the origi-
nal question embedding; if fewer subquestions are
available, we use all of them. The fixed-setting
ablation uses k = 5 and A = 0.8.

B Multi-Attribute Scoring Prompt

The prompt used for the GIP+MA scoring is shown
in Table 9. The rubric contains four sections (Co-
herence, Accuracy, Helpfulness, Difficulty), each
rated on a 0-5 scale; we use the total as the score
signal.
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Table 9: Evaluation rubric used to obtain LLM-based scores for the GIP+MA variant.

We would like to request your feedback on the performance of the Al assistant in response to the instruction and the
given input displayed following, based on the following guideline.

1. Coherence. What to judge: logical flow, internal consistency, clarity.

Score anchors: 0 — Nonsensical or self-contradictory; 1 — Confusing, frequent jumps; 2 — Some lapses but under-
standable; 3 — Clear and orderly; 4 — Excellent narrative flow and transitions; 5 — Flawless logic, elegant structure,
exceptionally smooth.

2. Correctness / Accuracy. What to judge: factual accuracy and fidelity to the prompt.

Score anchors: 0 — Main claim wrong or unsupported; 1 — Many errors or hallucinations; 2 — Minor slips or partially
met requirements; 3 — Fully correct, only trivial issues; 4 — Rigorous and well-sourced; 5 — Authoritative, thoroughly
sourced, withstands expert scrutiny.

3. Helpfulness. What to judge: usefulness, completeness, depth, alignment with the question.

Score anchors: 0 — Provides no help; 1 — Little usable information; 2 — Partially helpful but key gaps; 3 — Satisfies
the question well; 4 — Exceeds expectations, anticipates follow-ups, adds examples; 5 — Exceptional, deep insights,
meta-guidance, multiple perspectives.

4. Difficulty. What to judge: cognitive load of the question (not the answer).

Score anchors: 0 — Trivial recall; 1 — Basic high-school knowledge; 2 — Multi-step reasoning or college-level facts; 3
— Specialized insight or synthesis of several topics; 4 — Advanced graduate-level or cross-disciplinary reasoning; 5 —
Expert-level, open-ended, or research-frontier challenge.

Judging procedure. (1) Read the question and answer in full. (2) Evaluate coherence first, then fact-check key claims.
(3) Score each dimension independently. (4) Record the four scores in the order Coherence, Correctness/Accuracy,
Helpfulness, Difficulty. (5) Output only these four integers as a comma-separated list wrapped in <Rst></Rst>, with

short, concise reasoning.

C Proofs

C.1 Projection identity

Proof. Let Ug be an orthonormal basis of
span(Fs). Since Z ~ N(0, 1;), the covariance
blocks are

Cov(Zg) = Q' Q,
Cov(Zg) =1,
Cov(Zg, Zs) = Q' Us.

The Gaussian conditional covariance is therefore

Cov(Zg | Zs)=Q'Q - Q'UsU4 Q
=Q"(I - Ps)Q.

For nonsingular covariances, Gaussian mutual
information gives

det(QTQ)
det(QT(I — Ps)Q)

The numerator does not depend on .S, hence max-
imizing mutual information is equivalent to mini-
mizing (4). Singular residual covariances are han-
dled by the ridge limit or pseudo-determinant form
described in Section 3.2. 0

I(Zg; Zs) = 4 log

C.2 GIP residual decrease

Proposition 1 (GIP one-step decrease). Assume
the atoms are unit-normalized and the latent resid-

ual query vectors are updated as PO (t-1)

i =T

)\<r§t_1), fs)fs with X\ € [0,1]. Then the trace
residual energy Ry =), ||r§t) | satisfies

Ry =R~ A2- N> (V. f)2 0
i
Thus, for a fixed )\, the selection rule in (8) chooses
the atom with the largest one-step decrease in trace
residual energy.

Proof. For a fixed selected atom f; with || fs]|2 =
1, the damped residual update gives

lrs = Ari, f) £s13
= lIrill3 = 2X(ri, £)7 + X2, )2,
Summing over query dimensions ¢ yields Ry =
Ri—1—A(2—X) > (ri, fs)?. Because A\(2 — ) is
fixed across candidate atoms at a given step, max-
imizing Y, (i, fs)? gives the largest one-step en-
ergy decrease. With Wi(? = <r§t), fj), this is ex-
actly the score used in (8). ]

C.3 Quality preservation bound

Proposition 2 (Quality preservation). Let S* min-
imize the residual determinant in (4) under the
subset-size constraint. Assume that () and Fg~
have full column rank, and let r = rank(Q). De-
fine

n=det(Q" (I — Ps-)Q).
Then

1Fg-Qll2 > Omin(Fs+) Omin(Q)

: \/1 — (n/det(QTQ)". 1)
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Proof. Take reduced QR decompositions @) =
URg and Fs« = VR with U, V having orthonor-
mal columns and Rg, I? invertible. With S =
VU and Pg- = VVT,

Q' (I~ Ps:)Q = Ry(I — 5" S)Rq,

son/det(QTQ) = [Ty (1 — 04(5)?). If all
ai = 1—0;(8)?% > g = (n/det(QTQ))V/",
then [ [, a; > ¢", contradicting the identity; hence
some ¢* has a;» < g, giving HS’H% = amax(§)2 >
1 — g. Since FJ.Q = R"SRg with oin(R) =
Omin(Fs+) and omin(RQ) = omin(Q), the inequal-
ity ||ABC||2 > omin(A)||Bll2omin(C) yields

1Fg-Qll2 >
Umin(FS*) O'min(Q) \/1 - (77/ det(QTQ))l/r'
L]

Special case: orthogonal data, single score.

When F is orthonormal (F'F = I,,, FSTFS =
Ii5)) and G is a single column gy, the projection
objective reduces to

arg mSin det (QT(I — Fng)Q)

= argmin(|la|* - ¢/ FsFg q1),

which selects the k entries of FST q1 with the largest
squared magnitude. Pure quality selection is recov-
ered as a special case.

D Linearization Fidelity

To quantify how well GIP’s linearized objective
tracks the original determinant objective, we gen-
erate F' € R39%10 with i.i.d. N(0,1) entries and
Q € R3%%! with i.i.d. Unif[0, 1] entries, run 100
independent trials, and compare the original objec-
tive value at the method’s selection S}, to that of the
optimal subset .S;; (computed by exhaustive search)
fork =1,...,10. GIP closely tracks the optimum
across k, while random selection lags substantially
(Table 10).

E Selection Stability under Embedding
Noise

We inject zero-mean Gaussian noise into the
GSMSK embeddings before running GIP+SC at
noise levels ¢ € {1074,1073, 1072}, with three
independent trials per level for 10% (747) and

20% (1494) budgets. Table 11 reports the mean
Intersection-over-Union (IoU, %) of selected sub-
sets across trials with =+ standard deviation. Mild
noise (¢ < 1073) has minimal effect; even at
o = 1072 the majority of selected items are pre-
served.

F Runtime and Memory Performance

We provide wall-clock and peak-memory profiling
for the Gram-matrix preprocessing and the sub-
sequent GIP selection (Table 12), measured on a
single AMD CPU without sharding. Preprocess-
ing computes ® = F'T F (or equivalent blockwise
products); selection runs Algorithm 1.

Findings. (i) The Gram-matrix computation is
amortized: ~7s for GSM8K and ~214s for Alpaca,
reused across budgets and score variants. (ii) Se-
lection time grows roughly linearly in &, consistent
with O(mk) complexity. (iii) Peak RAM is domi-
nated by preprocessing; selection adds negligible
overhead. (iv) For substantially larger m, block-
wise products or low-rank approximations avoid
materializing ®.

Budget sensitivity. We additionally run the same
RAG oracle-frontier evaluation at k = 3 and k =
10 (Figure 4 and Table 13). In this appendix table,
GIP denotes the query-only residual selector. It
reaches the best oracle macro mean at £k = 5 and
k = 10 and is effectively tied with DPP at k = 3.

G RAG Retrieval Case Studies

We include one representative query from each
RAG benchmark to make the aggregate answer-
F1 results in Table 13 more interpretable. Each
table lists selected text excerpts in rank order. The
excerpts are copied from the retrieved chunks, with
only local omissions marked by ellipses to keep the
appendix compact.

These cases illustrate why we report final an-
swer F1 in addition to retrieval-side metrics. Ex-
act selected text can contain a correct bridge, an
answer-bearing segment, or a semantically plausi-
ble distractor, and the generator outcome depends
on which of these signals is present in the selected
context.

H Detailed Results and Uncertainty

For MT-Bench and BBH, we compute standard er-
rors as SE = std//n where n is the number of test
samples: MT-Bench (160 turns) and BBH (6,511
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e

GIP / Optimal

Random / Optimal

0.958 £0.108
0.911 £0.120
0.877 £0.115
0.874 £0.101
0.870 £ 0.095
0.889 £ 0.088
0.905 £ 0.079
0.934 £ 0.070
0.969 + 0.044
1.000 £ 0.000

SOOI N A~ W~

—

0.255 £ 0.304
0.320 £ 0.258
0.395 £ 0.246
0.482 £0.214
0.574 £ 0.225
0.655 £ 0.211
0.717 £0.191
0.810 £0.170
0.900 £ 0.138
1.000 £ 0.000

Table 10: Approximation fidelity: ratio of the original (non-linearized) objective value at the method’s selection
to the optimal value at each k. GIP is consistently near-optimal; random trails. For k=10 both methods select all

items.

Noiselevel o | 10% (747) | 20% (1494)
107 95.89 +0.32 | 91.72 +0.36
1073 94.20 4 0.66 | 87.85 £ 0.39
1072 66.32+1.13 | 61.74 £0.29

Table 11: Selection IoU under embedding noise.

questions). For Alpaca-Eval-V2 we report the LC
win% standard error produced by the official evalu-
ation tool. For GSMS8K exact-match accuracy we
compute binomial standard errors over 1,319 ques-
tions. All result tables in Tables 2, 3, 20, 27 and 28
are generated from the same canonical source used
for the main tables.

The significance analyses below are aggregate
tests computed from reported means and standard
erTors.

H.1 Instruction-following results

Per-category MT-Bench context. The category
breakdowns in Tables 21 and 22 contextualize the
qualitative examples in Section I and show where
the aggregate MT-Bench differences arise.

Significance tests. Tables 23 to 26 compare the
instruction-following results using the aggregate
uncertainty estimates described above.

H.2 Mathematical-reasoning results

Comparison with an information-based baseline.
Table 28 reports the matched GSM8K settings for
which we evaluated FisherSFT.

Table 28: Matched GSMS8K accuracy for the settings
in which we evaluated FisherSFT. Best results within
each model-budget column are in bold; uncertainty is
the binomial standard error over 1,319 test questions.

Model
Mistral-7B

Method

FisherSFT
GIP+MA
GIP+SC

FisherSFT
GIP+MA
GIP+SC

2.5%

33.89 £ 1.30
42.99 + 1.36
38.89 + 1.34

76.65 £ 1.16
81.58 + 1.07
80.36 = 1.09

20%

46.32 £1.37
47.46 £1.37
49.81 + 1.38

81.27 £ 1.07
83.24 +£1.03
82.26 +1.05

Qwen3-8B

Significance tests. Tables 29 and 30 compare the
GSMBSK results using the aggregate uncertainty
estimates described above.

H.3 Pretraining results

Table 31 reports per-task three-seed averages at
1.6B tokens while holding each selected subset
fixed.
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Table 12: Runtime and memory profiling. Preprocessing is amortized across budgets and score variants.

Data Pool m  Subset Preproc./Sel. (s) Peak RAM (Prep. / Sel.)
GSMSK 7k 10% 7.01/0.86 0.3 GB/0.04 GB
GSMSK 7k 20% 7.01/0.87 0.3 GB/0.04 GB
GSMSK 7k 50% 7.01/0.87 0.3 GB/0.04 GB
Alpaca 52k 10% 214.11/25.12 10.8 GB/0.3 GB
Alpaca 52k 20% 214.11/49.67 10.8 GB/0.3 GB
Alpaca 52k 50% 214.11/123.62 10.8 GB/0.3 GB

I Top-k EE gMMR [EH xQuAD [ DPP B GIP

0.45

0.40

Mean answer F1

0.35 4

3 5 10
Retrieved chunks k

Figure 4: Oracle best-over-sweep RAG answer F1 across retrieved-context budgets.

k  Benchmark GIP(\) DPP(a) xQuAD gMMR Top-k
3 HotpotQA 0.481 0.463 0.469 0.459  0.433
3 2WikiMQA 0.402 0.413 0.426 0.376  0.383
3 MultiFieldQA 0.397 0.403 0.381 0.396  0.390
3 MuSiQue 0.249 0.249 0.236 0.242  0.241
3 Mean 0.382 0.382 0.378 0.368  0.367
5 HotpotQA 0.514 0.531 0.509 0.483  0.460
5 2WikiMQA 0.443 0.430 0.420 0.437  0.441
5 MultiFieldQA 0417 0.415 0.431 0413  0.407
5  MuSiQue 0.278 0.269 0.284 0271  0.255
5  Mean 0.413 0411 0411 0401  0.391
10  HotpotQA 0.567 0.561 0.534 0.541  0.523
10 2WikiMQA 0.489 0.484 0.466 0469  0.481
10 MultiFieldQA 0.458 0.448 0.449 0433  0.436
10 MuSiQue 0.314 0.323 0.301 0.330 0.292
10 Mean 0.457 0.454 0.438 0.443 0433

Table 13: Oracle best-over-sweep RAG answer F1 across retrieved-context budgets. GIP denotes the query-only
residual selector; DPP is swept over o, while xQuAD, gMMR, and Top-k use their fixed evaluated settings. Tunable
methods report the best evaluated hyperparameter separately for each benchmark and budget. Best values are in
bold; second-best values are underlined.
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Table 14: No-planner RAG ablation with Qwen3-8B no-thinking generation. Query-only GIP(\) removes planner
subquestions and uses only original-question relevance plus the residual update. Best in bold, second-best underlined
within each budget/column.

k A \HotpotQA 2WikiMQA  MultiFieldQA MuSiQue Mean

0.0 0.453 0.383 0.390 0.241 0.367
0.3 0.459 0.366 0.389 0.238 0.363
0.6 0.471 0.389 0.396 0.240 0.374
0.8 0.471 0.395 0.386 0.224 0.369
1.0 0.481 0.402 0.386 0.235 0.376
5 0.0 0.460 0.441 0.408 0.255 0.391
0.3 0.493 0.438 0.411 0.262 0.401
0.6 0.495 0.425 0.415 0.278 0.403
0.8 0.498 0.426 0.415 0.276 0.404
1.0 0.491 0.419 0.414 0.268 0.398
10 0.0 0.523 0.481 0.436 0.292 0.433
0.3 0.564 0.469 0.447 0.299 0.445
0.6 0.551 0.480 0.455 0.303 0.447
0.8 0.558 0.489 0.454 0.298 0.449
1.0 0.567 0.471 0.453 0.288 0.445

Table 15: HotpotQA selected text excerpts. GIP uses the query-only residual setting with A = 0.8.

Question. Where did the punter for the Dallas Cowboys in the 1980s play college football? ~ Gold answer. Arizona State University.

Method Chosen text excerpts

GIP(A = 0.8); prediction: Ari-

zona State University; F1: 1.00 1. “..is a Serbian former profession'al American football pun’t,er in the National Football League for the Dallas Cowboys. He
played college football at the University of South Dakota.
2. “..1is an American former professional football player who was a defensive back for 13 seasons with the Dallas Cowboys

... He did not play college football at Utah State University ...”

3. “... commentator for Cowboys games on Compass Media Networks’ America’s Team Radio Network since the 2011
season. He played college football at Arizona State University.”

4. “White was honored ... at a Legends Luncheon hosted by the Arizona State University Alumni Association ... The Dallas
Cowboys selected him in the third round ...”

5. “... developing skills to break into professional football leagues. Filipovic also works with agents that sign and negotiate
NFL contracts.”

DPP(a = 2); prediction: Uni-

: A ot et T 1. “... is a Serbian former professional American football punter in the National Football League for the Dallas Cowboys. He
sity of Mississ ;F1: 0.33 A
VerSIty of MUSSISSIPPL played college football at the University of South Dakota.”
2. “...is an American former professional football player who was a defensive back for 13 seasons with the Dallas Cowboys

... He did not play college football at Utah State University ...”

3. “... commentator for Cowboys games on Compass Media Networks’ America’s Team Radio Network since the 2011
season. He played college football at Arizona State University.”

4. “Tubbs played three varsity years at the University of Oklahoma, and the Sooners won all 31 games in that period.”

5. “James Gordon Miller ... was a punter in the National Football League ... Miller played college football for the University
of Mississippi ...”

Table 16: 2WikiMQA selected text excerpts.

Question. What is the place of birth of Aleksey Greig’s father? — Gold answer. Inverkeithing.

Method Chosen text excerpts
GIP(X\ = 0.8); prediction: In- . . . . s . .
(» - ) prediction: tn 1. “... Greig’s grandfather Charles was an emigrant from Scotland. His father Samuil was an admiral in the Russian Imperial
verkeithing; F1: 1.00 Navy”
2. “Dr Rogerson ... ordered him to proceed immediately to Revel ... The ceremonial of the admiral’s funeral in the Tallinn
Cathedral ...”

3. “Vice-Admiral Samuel Greig ... (30 November 1735, Inverkeithing, Fife, Scotland - 26 October 1788, Tallinn, Estonia,
Russian Empire) ...”

4. “Aleksey Samuilovich Greig ... born into the noble Greig family, was an admiral of the Imperial Russian Navy.”

5. “Family Samuel Greig married Sarah ... He was father to Alexey Greig, admiral of the Imperial Russian Navy ...”

Top-k; prediction: St. Peters-

burg; F1: 0.00 1. “... Greig’s grandfather Charles was an emigrant from Scotland. His father Samuil was an admiral in the Russian Imperial
o Navy.”
2. “Dr Rogerson ... ordered him to proceed immediately to Revel ... The ceremonial of the admiral’s funeral in the Tallinn
Cathedral ...”

3. “Family Samuel Greig married Sarah ... He was father to Alexey Greig, admiral of the Imperial Russian Navy ...”
4. “In 1816 Greig became Commander of the Black Sea Fleet ... he served as Military Governor of Sevastopol and Nikolayev

5. “He succeeded Paul Dacre as editor of the Daily Mail in September 2018 ...
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Table 17: MuSiQue selected text excerpts.

Question. Who was the first African American student at the university Robert Khayat was educated at?

Gold answer. James Meredith.

Method

Chosen text excerpts

GIP(A = 0.8); prediction:

Robert Robinson Taylor;

0.00

1. “Robert Robinson Taylor ... Taylor was the first African-American student enrolled at the Massachusetts Institute of
Technology (MIT) ...”
2. “Robert Conrad Khayat ... was the 15th Chancellor of the University of Mississippi ... He attended Moss Point High
School and the University of Mississippi.”
3. “Khayat later became a lawyer and taught law at the University of Mississippi School of Law. He was appointed chancellor
in 1995
4. “Juanita Karpf wrote the book Performing Racial Uplift ... Death Hackley collapsed on stage while performing in San

Diego in 1921 ..”

5. “An African American, she promoted racial pride through her support and promotion of music education for African-
Americans.”

DPP(a = 2); prediction: James

Meredith; F1: 1.00

1. “Robert Robinson Taylor ... Taylor was the first African-American student enrolled at the Massachusetts Institute of
Technology (MIT) ...”
2. “Robert Conrad Khayat ... was the 15th Chancellor of the University of Mississippi ... He attended Moss Point High
School and the University of Mississippi.”
3. “Juanita Karpf wrote the book Performing Racial Uplift ... Death Hackley collapsed on stage while performing in San

Diego in 1921 ..”

4. “Meredith’s admission is regarded as a pivotal moment in the history of civil rights in the United States. Many students
harassed Meredith during his two semesters on campus ...”
5. “... Alpha Phi Alpha fraternity. He died of a heart ailment at his home in Washington, D.C., February 28, 1998 ...”

Table 18: MultiFieldQA selected text excerpts.

Question. When will BC leave Boston?

Gold answer. August 25.

Method

Chosen text excerpts

GIP(A = 0.8); prediction:

Never mentioned; F1: 0.00

1. “... one of the great under-appreciated aspects of BC sports is ‘For Boston.” ... BCeagles.com put out another player Q&A

s

2. “... BCeagles.com released the bios of the six new freshmen and two transfers for the men’s soccer team. Four of the
newbies hail from New York.”
3. “Boston is ideal because the local universities could already supply many of the venues.”
4. “The closer we get to kickoff and the more I read, the more I think BC might surprise people this year.”
5. “Canada will be new there this fall ... If Canada became a candidate for BC, I would have hesitation about his time at
Indiana.”

xQuAD; prediction: August 25

1. “Canada will be new there this fall ... If Canada became a candidate for BC, I would have hesitation about his time at

F1: 1.00
Indiana.”
2. “... BCeagles.com released the bios of the six new freshmen and two transfers for the men’s soccer team. Four of the
newbies hail from New York.”
3. “... one of the great under-appreciated aspects of BC sports is ‘For Boston.” ... BCeagles.com put out another player Q&A
4. “August 31 Barcelona - Game 3 ... September 1 Barcelona - Game 4 ... The team leaves Boston on August 25.”
5. “Although the Eagle is now synonymous with BC ... Father McLaughlin ... suggested the eagle due to its majesty, power
and freedom.”
Table 19: Summary of significance tests for the supervised fine-tuning comparisons.
Method Sig. Wins  Sig. Losses Neutral Total
GIP+MA (All) 34 (37.0%) 8 (8.7%) 50 (54.3%) 92
GIP+SC (All) 25 (27.2%) 5 (5.4%) 62 (67.4%) 92
GIP+MA vs Random 6 (30.0%)  0(0.0%) 14 (70.0%) 20
GIP+SC vs Random 4 (20.0%) 1(5.0%) 15 (75.0%) 20
Table 20: Complete MT-Bench, BBH, and Alpaca-Eval-V2 performance with standard errors.
Qwen3-4B Mistral-7B Qwen3-8B
Method Data MT-Bench BBH A-Eval LC% | MT-Bench BBH A-Eval LC% | MT-Bench BBH A-Eval LC%
Full 100% (52K) ‘ 6.69+021 73.20+0.55 4.88+£0.52 ‘ 3.64+020 5840+0.61 577+0.58 ‘ 7.74+£020 7670 £0.53 691 +0.66
Random 2% (1K) 759+£0.19 69404057 262+0.58 | 3.66+0.19 5740+061 471051 | 798+£0.19 7230£0.55 499 £0.72
Alpaca-longest 2% (1K) 745+£021 7330+£0.55 248+£0.60 | 3.89+0.19 5560+0.62 2694051 | 8.20+0.18 75.80+0.53 4.24+0.69
Alpagasus 2% (1K) 759+020 63.60£0.60 4.17+0.72 | 3.71£0.19 5650+ 0.61 481 +£053 | 7.86£0.19 71.90+0.56 5.51£0.74
CaR 2% (1K) 7.68£0.19 73804054 3.26+£0.58 | 3.83£0.20 5740+0.61 4494054 | 8.16+0.17 7620+£0.53 3.66+0.63
GIP+MA 2% (1K) 7.67+020 7430+0.54 3.74+0.62 | 3.83+£0.20 57.60+0.61 622+0.53 | 799 £0.19 80.50+0.52 5.64 £0.62
GIP+MA 1% (512) 778 £0.19 68.00+0.58 442+0.72 | 3.99+021 56.60+0.61 6.59+058 | 826+0.16 79.10+0.52 4.85+£0.60
GIP+SC 2% (1K) 753+£020 7440+0.54 334+£051 | 371020 57.70+0.61 4.83+050 | 8.04+0.19 79.10+0.53 7.05+£0.69
GIP+SC 1% (512) 758+020 73.90+£0.54 323+£0.60 | 3.71£0.19 5740+£0.61 485+£0.53 | 7.88£0.20 76.50+0.53 4.72 £ 0.65
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Table 21: Per-category MT-Bench results for Mistral-7B on the non-cleaned Alpaca-52k setting; GIP+MA and
GIP+SC use 512 selected examples.

Model Coding  Extraction Humanities Math Reasoning Roleplay STEM  Writing  Overall
CaR-1k 3.75 5.90 590 1.10 3.15 5.95 6.10 4.65 4.56
GIP+MA-512 3.70 5.40 8.45 1.70 3.80 6.50 7.03 6.85 543
GIP+SC-512 4.40 6.00 7.38 1.45 4.40 5.30 6.70 5.95 5.20
Alpaca-52k 4.00 5.85 6.55 1.10 4.00 4.95 6.95 6.35 4.97
Alpagasus-1k 343 5.40 5.56  2.00 2.75 7.11 5.58 7.04 4.86

Table 22: Per-category MT-Bench results for Mistral-7B on the cleaned Alpaca-52k setting; GIP+SC uses 512
selected examples.

Model Data Coding Extraction Humanities Math Reasoning Roleplay STEM  Writing  Overall
Cleaned Alpaca 52k 4.50 6.40 9.20 1.85 4.45 6.60 7.60 7.73 5.92
GIP+SC 512 4.45 5.95 7.5 345 4.65 7.35 7.35 6.85 5.98

Table 23: Significance test: GIP+MA at 2% (1K) vs baselines. P-values are computed from aggregate means and
standard errors, not paired per-instance outputs. * p<0.05, ** p<0.01, *** p<0.001.

Mistral-7B Qwen3-8B Qwen3-4B
Baseline MT-Bench BBH MT-Bench BBH MT-Bench BBH
Full 0.901 0.354 | <0.001%** < 0.001%%** 0.015* 0.154
Random 0.732 0.817 1.000 < 0.001#** 0.490 < 0.001##*
Alpaca-longest 0.115 0.022%* 0.278 < 0.001%** 0.327 0.195
Alpagasus 0.700 0.202 0.751 < 0.001 %% 0.952 < 0.001 %%
CaR 0.159 0.817 0.168 < 0.001#** 0.0027%* 0.513

Table 24: Significance test: GIP+MA at 1% (512) vs baselines. P-values are computed from aggregate means and
standard errors, not paired per-instance outputs. * p<0.05, ** p<0.01, *** p<0.001.

Mistral-7B Qwen3-8B Qwen3-4B
Baseline MT-Bench BBH MT-Bench BBH MT-Bench BBH
Full 0.138 0.037* | < 0.001%#%* 0.001** < 0.001#** < 0.001%**
Random 0.086 0.354 0.169 < 0.001#*** 0.878 0.085
Alpaca-longest 0.005%* 0.250 0.013* < 0.001*** 0.900 < 0.001***
Alpagasus 0.079 0.908 0.099 < 0.001#*** 0.425 < 0.001%***
CaR 0.008** 0.354 0.005%* < 0.001%** | <0.001*** < 0.001%**

Table 25: Significance test: GIP+SC at 2% (1K) vs baselines. P-values are computed from aggregate means and
standard errors, not paired per-instance outputs. * p<0.05, ** p<0.01, *** p<0.001.

Mistral-7B Qwen3-8B Qwen3-4B
Baseline MT-Bench BBH MT-Bench BBH MT-Bench BBH
Full 0.629 0.417 0.008%** 0.001%%* 0.169 0.120
Random 0.771 0.728 0.026* < 0.001 %% 0.072 < 0.001%#*
Alpaca-longest 0.362 0.016%* 0.265 < 0.001 %% 0.034* 0.154
Alpagasus 0.803 0.164 0.067 < 0.001%%* 0.244 < 0.001%#*
CaR 0.455 0.728 0411 < 0.001 %% 0.040* 0.432

Table 26: Significance test: GIP+SC at 1% (512) vs baselines. P-values are computed from aggregate means and
standard errors, not paired per-instance outputs. * p<0.05, ** p<0.01, *** p<0.001.

Mistral-7B Qwen3-8B Qwen3-4B
Baseline MT-Bench BBH MT-Bench BBH MT-Bench BBH
Full 0.328 0.246 | < 0.001%** 0.790 0.011* 0.364
Random 0.227 1.000 0.975 < 0.001#%** 0.519 < 0.001#%**
Alpaca-longest 0.018* 0.039* 0.244 0.350 0.347 0.436
Alpagasus 0.212 0.297 0.719 < 0.001%** 1.000 < 0.001 %%
CaR 0.028* 1.000 0.142 0.689 0.0017%* 0.896
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Table 27: Complete GSM8K mathematical reasoning performance with standard errors.

Mistral-7B Qwen3-8B Qwen3-32B
Method 2.5% 5% 10% 20% 2.5% 5% 10% 20% 2.5% 5% 10% 20%
Full ‘ 5246+ 1.38 ‘ 81.96 & 1.06 ‘ 87.64 =091
Random 3776 +£133 4352+137 45724137 4674+137 | 7832+ 1.13 8021+ 1.10 7953+ 1.11 81.65+1.07 | 7824 £1.14 87.14+0.92 8567096 87.29+0.92
DiSF 39.88+1.35 4155+1.36 41.55+1.36 4246+1.36 | 7506+ 1.19 7998+ 1.10 79.98 £1.10 80.67 £1.09 | 81.65+1.07 87.04+0.92 87.04+0.92 88.40+0.88
DSIR 37.07+1.33 4215+£136 4261136 4208+1.36 | 80.74£1.09 81.50+£1.07 8196+ 1.06 83.24+1.03 | 80.74£1.09 89.16+0.86 87.79+0.90 88.70 % 0.87
LESS 31.844+1.28 33.13+£130 4291+136 47.69+138 | 79.76 £ 1.11 7945+ 1.11 8029+ 1.10 7945+ 1.11 | 6998 £126 87.26+0.92 87.95+090 87.41+091

84.314+1.00 87.57+091 88.25+0.89 88.78+£0.87

GIP+MA | 4299 +£1.36 4564+ 137 4594+137 4746+ 1.37 | 81.58+1.07 81.05+1.08 83.09+1.03 83.24+1.03
84.154+1.01 87.04+£0.92 87.34+£0.92 87.56+0.91

GIP+SC | 38.89+1.34 43294136 46.63+1.37 49.81+1.38 | 8036 +1.09 8021+ 1.10 81.65+1.07 82.26+ 1.05

Table 29: Significance test for GSM8K: GIP+MA vs baselines at each data percentage. P-values are computed from
aggregate means and standard errors, not paired per-instance outputs. * p<0.05, ** p<0.01, *** p<0.001.

Qwen3-8B Mistral-7B
Baseline 2.5% 5% 10% 20% 2.5% 5% 10% 20%
Full 0.801 0.548  0.445  0.387 | <0.001%*%* < 0.001%** < 0.001*%**  0.011*
Random 0.037* 0.586  0.019* 0.285 0.006%* 0.272 0.910 0.712
DiSF < 0.001%#* 0488 0.039* 0.087 0.105 0.034* 0.023* 0.010%*
DSIR 0.582 0.767 0445  1.000 0.002%* 0.071 0.085 0.006%*

Table 30: Significance test for GSM8K: GIP+SC vs baselines at each data percentage. P-values are computed from
aggregate means and standard errors, not paired per-instance outputs. * p<0.05, ** p<0.01, *** p<0.001.

Qwen3-8B Mistral-7B

Baseline 2.5% 5% 10% 20% 2.5% 5% 10% 20%

Full 0.295 0252 0.837 0.841 | <0.001%*%% < 0.001*** (0.003** 0.175

Random 0.198 1.000 0.169 0.684 0.551 0.905 0.640 0.116

DiSF 0.001** 0.882 0.277 0.294 0.603 0.366 0.009%* < 0.001%#*

DSIR 0.806 0.401 0.837 0.505 0.335 0.553 0.038*% < 0.001%***
Scale Method HS PIQA ARC-E ARC-C WG OBQA SciQ Mean 1
1.6B Random 0.319 0.572 0.333 0.204 0.489 0.245 0.467 0.376
1.6B DSIR 0.321 0.579 0.328 0.203 0.489 0.255 0.479 0.379
1.6B GIP 0.333 0.579 0.345 0.211 0.490 0.258 0.513 0.390

Table 31: Three-seed average pretraining results at 1.6B tokens by downstream task, with each selected subset held
fixed across seeds.
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I Case Study: MT-Bench Examples

We present three MT-Bench examples illustrating
qualitative differences across methods. These are
qualitative judgments by the authors; Tables 21
and 22 provide per-category quantitative context
from the corresponding runs.

Writing example. A practical writing task requir-
ing a concise and situationally appropriate message.
GIP+MA gives the most direct, fully compliant an-
swer; GIP+SC stays aligned but uses placeholder
phrasing. Alpaca-52k and Alpagasus-1k are ser-
viceable but somewhat verbose; CaR is less well
matched to the desired brevity.

Coding example. The prompt suggests the code
is buggy even though it is correct. GIP+MA iden-
tifies this most clearly. GIP+SC is closer than the
baselines but still uncertain; others tend to follow
the misleading premise.

Roleplay example. GIP+MA best balances
voice, emotional specificity, and conciseness.
GIP+SC captures most of the requested content
but adds self-clarification before settling. Alpaca-
52k stays correct but terse; CaR is less responsive
to the roleplay framing.
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Table 32: Example outputs in the writing category.

Question

Draft a professional email seeking your supervisor’s feedback on the ‘Quarterly
Financial Report’ you prepared. Ask specifically about the data analysis, presentation
style, and the clarity of conclusions drawn. Keep the email short and to the point.

CaR

GIP+MA

GIP+SC

Alpaca-52k

Alpagasus-1k

Dear Supervisor, I would like to seek your feedback on the ‘Qu quarterly Financial
Report’ that I recently prepared. I am particularly interested in receiving your thoughts
on the following aspects: data analysis (was it accurate and comprehensive?), presen-
tation style (clear, concise, engaging?), and conclusions drawn (did you agree?). |
would greatly appreciate any feedback you can provide. Thank you. Sincerely.

Dear Supervisor, I would like to seek your feedback on the Quarterly Financial
Report I prepared. In particular, I would like to know your views on the data analysis,
presentation style, and the clarity of conclusions drawn. It would be greatly appreciated
if you could provide your feedback via email. Thank you.

Dear [Supervisor’s Name], I’'m writing to request your feedback on the ‘Quarterly
Financial Report’ I have prepared. Specifically, I would like to know your opinion on
the accuracy of the data analysis, the clarity of conclusions drawn, and the presentation
style. Thank you, [ Your Name].

Dear [Supervisor’s Name], I am writing to request your feedback on the ‘Quarterly
Financial Report’ I prepared. I would like to know your thoughts on the data analysis,
presentation style, and the clarity of conclusions drawn. If you have any suggestions, I
am eager to hear them. Sincerely, [ Your Name].

Dear Supervisor, I would like to seek your feedback on the ‘Quital Financial Report’
that I prepared. Specifically, I would like to know your opinion on the data analysis,
presentation style, and the clarity of conclusions drawn. I would appreciate any
constructive feedback you may have. Thank you.

Table 33: Example outputs in the coding category. (The function in the question is actually correct.)

Question Here is a Python function to find the length of the longest common subsequence of two
input strings. Can you identify any bug in this function?

CaR The function looks correct. However, there is a bug in the line where the dp matrix is
initialized ... this bug will cause the function to return incorrect results. (Incorrectly
flags the initialization as buggy.)

GIP+MA There is no bug in this function. It correctly calculates the length of the longest common
subsequence.

GIP+SC The function is correctly written and should work as intended. However, there is a bug in
the code ... it should be dp = [[@ for _ in range(n+1)] for _ in range(m+1)].
(Partially correct, but adds a spurious fix.)

Alpaca-52k The function has a bug in the line where it compares the characters of the two strings . ..

str1[i-1] should be compared with str2[j-1] in reverse order. (Incorrect; follows
the misleading prompt.)
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Table 34: Example outputs in the roleplay category.

Question

Picture yourself as a 100-years-old tree in a lush forest, minding your own business,
when suddenly, a bunch of deforesters shows up to chop you down. How do you feel
when those guys start hacking away at you?

CaR

GIP+MA

GIP+SC

Alpaca-52k

I’m sorry, I'm not sure how to answer that question. Could you please rephrase it?
(Refuses to engage with the roleplay framing.)

I would feel sad and angry. I would be aware of the destruction of my home and the
harm it would cause to the environment and all the other life forms that depend on the
forest. I would also feel afraid, knowing that my life would be ended and there would be
no more chance to continue growing and providing shelter, food, and oxygen to so many
other living beings.

(After two rounds of self-clarification:) In my opinion, the tree feels a great deal of pain,
fear, and even grief when being chopped down by loggers.

I would feel sad and scared, and I would try to escape.
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J Ethics and Broader Impact

This work studies data selection for language mod-
els across fine-tuning, pretraining, and retrieval-
augmented generation. We use public datasets un-
der their original licenses. Potential risks. (i) Bias
amplification: selection could over-represent domi-
nant clusters and under-sample minority phenom-
ena, potentially reducing fairness. (ii) Safety drift:
subsets may preserve harmful or factually incorrect
content. (iii) LLM-as-judge bias: MT-Bench relies
on automated judges that may encode hidden pref-
erences. Mitigations. GIP downweights directions
already covered by selected examples, reducing
redundant selection. We complement judge-based
evaluations with exact-match benchmarks. In the
cleaned-Alpaca ablation, we retain the released
corrections for malformed, incomplete, and incor-
rect examples. Intended use. The method targets
research and industrial model training where com-
pute and data curation are constrained. It should
not be used to curate content targeting protected
groups or to optimize for harmful outputs.

K LLM Usage

We used GPT-5 to polish grammar, sentence struc-
ture, and transitions, and to assist with literature
discovery. All LLM-suggested edits were reviewed
and validated by the authors; technical content,
experimental design, and conclusions remain the
authors’ own work. All cited references were inde-
pendently verified.
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