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Targeted Data Selection for Instruction Tuning

• Given: a large training pool 𝒟, a small target validation set 𝒟val and a budget 𝑘.

• Goal: select 𝑆 ⊂ 𝒟, 𝑆 = 𝑘 such that fine-tuning on 𝑆 achieves the best performance
on the target evaluation set 𝒯.

4

Problem Setup
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Core idea: Useful data should move the model toward the target task.

Gradient alignment score:
max𝑆⊂𝒟, 𝑆 =𝑘 𝛻𝜃𝑡

  ℒ 𝒟val, 𝜃𝑡
⊤𝛻𝜃𝑡

 ℒ 𝑆, 𝜃𝑡 ,

LESS implementation:
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LESS: Gradient Alignment

Xia, Mengzhou, et al. “Less: Selecting influential data for targeted instruction tuning.” ICML 2024.

Influence𝑥∈𝒟,𝑧∈𝒟val
𝑥, 𝑧 = ෍

𝑖=1

𝑁

ҧ𝜂𝑖 cos(𝛻ℒ 𝑧, 𝜃𝑖 , Γ(𝑥, 𝜃𝑖)) ,

𝑁: number of warmup checkpoints, ҧ𝜂𝑖: average learning rate, Γ 𝑥, 𝜃𝑖 : Adam-
preconditioned gradient.
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LESS Pipeline

Xia, Mengzhou, et al. “Less: Selecting influential data for targeted instruction tuning.” ICML 2024.

Key idea: precompute gradient features once, then use target validation examples 

as queries for data selection.

𝚪 𝒙, 𝜽𝒊

𝐈𝐧𝐟𝐥𝐮𝐞𝐧𝐜𝐞(𝒙, 𝒛) = ෍

𝒊=𝟏

𝑵

ഥ𝜼𝒊 𝐜𝐨𝐬 𝜵𝓛 𝒛, 𝜽𝒊 , 𝚪 𝒙, 𝜽𝒊

𝜵𝓛 𝒛, 𝜽𝒊
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LESS is Expensive

Xia, Mengzhou, et al. “Less: Selecting influential data for targeted instruction tuning.” ICML 2024.

Key idea: LESS is effective, but its selection 

performance relies on expensive multi-

checkpoint gradient features.

Main bottleneck: computing and storing gradient features
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Follow-ups Keep LESS Geometry

Recent works mainly improve the LESS framework in two directions:
➢  Faster gradient computation:

1. InfDist (Nikdan et al., NeurIPS’25): Uses JVP-based embeddings to 
approximate compressed Adam-gradient features, so it avoids explicitly 
computing all gradient features.

2. IProX (Chen et al., ICLR’26): Uses a smaller proxy model to compute 

influence features, reducing gradient-computation cost while preserving 
selection quality.

➢ Better retrieval over gradient features:
1. G2IS (Zhao et al., ACL’25): Builds a graph over gradient features and uses 

PCA on validation gradients to identify core target knowledge for retrieval.

Our question: Is the Adam-preconditioned influence score the right geometry 
for LoRA fine-tuning?

These methods improve efficiency or retrieval, but largely keep 
the same Adam-gradient influence formulation.
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Bi-level View

Given the training set 𝒟, the validation set 𝒟val and the selection
budget 𝑘, we try to find the optimal subset 𝑆 ⊂ 𝒟 whose fine-tuned 
model minimizes target validation loss.

This naturally gives a bi-level optimization problem:

Fine-tune the model on the selected subset
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Local Direction Matching

Intuition: choose data whose training update points toward the direction that

most reduces the validation loss.

Target-improving (Newton) direction

∆𝜃target
∗ = −𝐇val,𝑡

† 𝛻𝜃𝑡
  ℒ 𝒟val, 𝜃𝑡

𝐇val,𝑡
† : validation loss Hessian at 𝜃𝑡

†: (pseudo-)inverse

Actual update from training on
subset 𝑺 (first-order)

∆𝜃𝑆,𝑡 = −𝜂𝛻𝜃𝑡
ℒ 𝑆, 𝜃𝑡 .

Objective
(local view)

Solve Problem 1 is locally equivalent to
maximizing the alignment between the two directions
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Ideal Influence

Plugging the target-improving direction and the subset update direction into
the local alignment objective gives:

up to constants independent of 𝑆 and higher-order terms.

Influence is not just gradient similarity.
It is gradient similarity under the target geometry.

Newton Step for target set

Bi-Level
Objective

Assume Local Convexity

ℒ 𝒟val, 𝜃𝑡 + 𝛻𝜃𝑡
 ℒ 𝒟val, 𝜃𝑡

⊤𝛥𝜃𝑡

+
1

2
𝛥𝜃𝑡

⊤𝐇val,𝑡 𝛥𝜃𝑡
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Adam = Diagonal Scaling

LESS replaces the raw gradient with the Adam-preconditioned gradient.

LESS update (per sample 𝑥 ) Γ 𝑥, 𝜃𝑡 ≈ 𝐷Adam,𝑡𝛻ℒ 𝑥, 𝜃𝑡

Adam-preconditioned 
gradient (used by LESS)

raw gradient 
of sample 𝑥

Diagonal scaling matrix

𝐺train,𝑡 = 𝛻ℒ 𝑥, 𝜃𝑡 𝑥∈𝒟 ∈ ℝ𝑑× 𝒟

(stacked training 
gradient matrix)

𝐷Adam,𝑡 = diag 𝐺train𝐺train
⊤ −

1
2

Geometric view
Adam multiplies the raw gradient 
by a diagonal matrix.

Γ 𝑥, 𝜃𝑡 ≈

1

𝑔1
⊤𝑔1

⋯ 0

⋮ ⋱ ⋮

0 ⋯
1

𝑔 𝒟
⊤ 𝑔|𝒟|

∙ 𝛻ℒ 𝑥, 𝜃𝑡
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LESS Uses Diagonal Geometry

Ignoring EMA terms and 𝜖 in Adam, the influence function in LESS (single 
epoch) becomes an alignment under diagonal optimizer geometry.

𝛻𝜃𝑡
  ℒ 𝒟val, 𝜃𝑡

⊤ 𝐇val,𝑡
†  𝛻𝜃𝑡

  ℒ 𝑆, 𝜃𝑡

𝛻𝜃𝑡
 ℒ 𝒟val, 𝜃𝑡

⊤ 𝐝𝐢𝐚𝐠 𝑮𝐭𝐫𝐚𝐢𝐧𝑮𝐭𝐫𝐚𝐢𝐧
⊤ −

𝟏

𝟐 𝛻𝜃𝑡
 ℒ 𝑆, 𝜃𝑡

validation
gradient

validation
gradient

subset
gradient

subset
gradient

Adam diagonal
preconditioner

target Hessian
geometry

Ideal Influence
(target geometry)

LESS Influence
(diagonal geometry)

Key idea
LESS measures influence under a diagonal 

(axis-aligned) geometry.
It can rescale each coordinate independently, 

but cannot model rotation or coupling.

Key implication
• Parameters are treated as 

coordinate-wise independent.
• Off-diagonal structure in the 

target geometry is discarded.
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rank 𝐺val,𝑡𝐺val,𝑡
⊤ = rank ෡𝐻val,𝑡 ≤ 𝒟val ≪ 𝑑
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Target Geometry is Low-rank

The target (validation) gradients span a low-dimensional subspace.

Stacked validation 
gradient matrix

𝐺val,𝑡 = 𝛻ℒ 𝑥, 𝜃𝑡 𝑥∈𝒟val
∈ ℝ𝑑× 𝒟val

Target curvature proxy ෡𝐻val,𝑡 ≈ 𝐺val,𝑡𝐺val,𝑡
⊤ empirical Fisher / Gauss-Newton

approximation

Rank upper bound

What this means
The target geometry lives in a low-
dimensional subspace whose 

dimension is at most|𝒟val|, which 

is typically much smaller than 𝑑.

Parameter space (ℝ𝑑)

Low-dimensional subspace
spanned by validation gradients
(dimension ≤ 𝒟val ≪ 𝑑)

Key insight: Low-rank target geometry = a few coupled update directions.
Diagonal Adam scaling cannot represent this coupled subspace.
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Target Geometry is Low-rank

A small principal subspace captures most target-gradient variance.

Figure 1. Spectral analysis of the MMLU validation gradient 𝑮𝐯𝐚𝐥 on Llama2-7B. We decompose the gradient matrix via SVD to obtain 
singular values 𝜎𝑖. (a) Cumulative explained variance. A steeper curve indicates that a smaller principal subspace dimension is sufficient to 
capture the majority of the variance (e.g., Rank 150 captures 95%), confirming high directional information density. (b) The singular values 
(𝜎𝑘 ) exhibit precipitous decay, further verifying the intrinsic low-rank structure.

Key insight: The Observation shows that the effective rank can even be

smaller than 𝒟val .
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LoRA Induces Coupling

LoRA uses a bilinear parameterization. Parameters in 𝐴 and 𝐵 jointly determine the 
update ∆𝑊, which leads to off-diagonal curvature in LoRA parameter space.

LoRA parameterization

𝑊 = 𝑊0 + 𝐵𝐴

Why are 𝐴 and 𝐵 coupled ?

Change one element 
in 𝑨 affects ∆𝑊 through 

the entire column of 𝐵.

Change one element 
in 𝑩 affects ∆𝑊 through 

the entire row of 𝐴.

Key insight: LoRA parameters are not 

coordinate-wise independent.

The bilinear BA structure structurally induces 
coupling and off-diagonal curvature.

Coordinate-wise independent 
(LESS’s assumption)

vs.

LoRA coupled geometry
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Adam Zig-zags in Coupled Geometry

Coupled geometry: Adam zig-zags across rotated curvature directions.Axis-aligned geometry: Adam follows the descent direction.

Toy example: when curvature directions are coupled, diagonal Adam scaling can 
zig-zag instead of following the target Newton direction.

Key insight: diagonal scaling works when the geometry is axis-aligned, but 

becomes unstable when curvature is coupled.
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Adam is Coupling-sensitive

Several optimization studies show that Adam's diagonal adaptive scaling is not 
rotation-invariant and can be unstable on coupled geometries.

Adam is rotation dependent.
SGD is rotation-equivariant, while Adam 
can produce different trajectories under 

coupled loss landscapes.

Adam is coordinate-wise.
Adam adapts the update using the sign 
and (second-moment) magnitude of 

each coordinate independently.

Adam can fail to converge.
For some convex objectives, Adam does 
not converge without modifications (e.g., 

AMSGrad).

Understanding Adam Requires
Better Rotation Dependent 
Assumptions
Zhang et al., 2025 
(arXiv: 2410.19964)

Dissecting Adam: The Sign, 
Magnitude and Variance of 
Stochastic Gradients 
Balles & Hennig, 2018
(ICML 2018)

On the Convergence of 
Adam and Beyond
Reddi et al., 2018
(ICLR 2018)

Key insight: Adam is effective in practice, but its diagonal adaptive geometry is 

not designed to capture coupled curvature.
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GIST Pipeline

Key idea: GIST uses the validation-gradient subspace as the target geometry, 

then selects training examples by projected alignment.

• Step 1: Lightweight Warmup
Train a LoRA model briefly and compute gradients.

• Step 2: Spectral Filtering
Compute SVD of validation gradients and keep top-𝑟 target directions.

• Step 3: Geometric Scoring
Project gradients by Π = 𝑈𝑟

⊤, compute cosine scores, select top-𝑘.
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GIST: Spectral Projection

GIST replaces diagonal Adam scaling with spectral projection onto the target 
subspace identified by validation gradients.

Identify target subspace from validation 
gradients

Stack validation gradients at checkpoint 𝜃𝑡 into
𝐺val,𝑡and compute compact SVD:

𝐺val,𝑡 = 𝑈𝑟Σ𝑟𝑉𝑟
⊤

𝑈𝑟 ∈ ℝ𝑑×𝑟

(parameter subspace)

Σ𝑟 ∈ ℝ𝑟×𝑟

(singular values)
𝑉𝑟 ∈ ℝ|𝒟val|×𝑟

(example space)

Use rotation (projection) to decouple

Take the task projector Π = 𝑈𝑟
⊤.

It diagonalizes the surrogate in the subspace:

𝑈𝑟
⊤𝐺val,𝑡𝐺val,𝑡

⊤ 𝑈𝑟 = Σ𝑟𝑉𝑟
⊤𝑉𝑟𝛴𝑟 = 𝛴𝑟

2.

Project gradients and compare in the subspace

project the per-point gradient by 𝑈𝑟
⊤, and measure the alignment of the projected training gradient 

descent direction 𝑈𝑟
⊤𝛻𝜃𝑡

ℒ 𝑆, 𝜃𝑡  and validation gradient descent direction 𝑈𝑟
⊤𝛻𝜃𝑡

ℒ 𝒟val, 𝜃𝑡 .
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GIST Approximates Ideal Influence

GIST approximates the ideal target geometry by replacing the Hessian 
pseudo-inverse with a low-rank projector from validation-gradient SVD.

𝛻𝜃𝑡
  ℒ 𝒟val, 𝜃𝑡

⊤ 𝐇val,𝑡
†  𝛻𝜃𝑡

  ℒ 𝑆, 𝜃𝑡

𝛻𝜃𝑡
 ℒ 𝒟val, 𝜃𝑡

⊤ 𝑼𝒓𝑼𝒓
⊤ 𝛻𝜃𝑡

 ℒ 𝑆, 𝜃𝑡

validation
gradient

validation
gradient

subset
gradient

subset
gradient

target subspace 
projector

target Hessian
geometry

Ideal Influence
(target geometry)

GIST Influence
(Coupled geometry)

Key idea: GIST rotates gradients into the validation-gradient subspace 

(target geometry) and compares alignments there, effectively decoupling the 

coupled geometry that diagonal Adam scaling cannot capture.
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Evaluation Settings

• Base Models (Big vs. Small, Modern vs. Old)

• Llama-2-7B, Llama-3.2-3B, Qwen-2.5-1.5B

• Training Sets (~270k samples)

• Flan v2 (Longpre et al., 2023), Dolly (Conover et al., 2023), COT (Wei et al., 2022),

Open Assistant 1 (Kopf et al., 2023).

• Target Task

• MMLU (Hendrycks et al., 2020)

• TydiQA (Clark et al., 2020)

• BBH (Suzgun et al., 2023)
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Main Results

GIST Consistently Improves Targeted Selection

Key insights:
• Best Avg. Δ across all three backbones.

• 5% selected data can match or outperform 100% full fine-tuning.
• Compared with LESS: +0.3, +1.2, +0.4 Avg. Δ across the three backbones.
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Is One Checkpoint Enough?

Yes. Early single-checkpoint geometry is sufficient, and later/more 
checkpoints do not consistently help.

Table.Warmup ablation with GIST for Llama3.2-3B.

Key insights: GIST only needs a short warmup and one early checkpoint to recover useful 

target geometry. Later or aggregated checkpoints do not consistently improve selection.



32

GIST is 4× faster

Key insights: 
• GIST reduces the dominant cost of targeted selection by avoiding multi-

checkpoint feature extraction. 
• For each target task, runtime drops from 54.0h to 13.5h, with warmup reduced from 

6.0h to 1.5h and gradient-feature extraction reduced from 48.0h to 12.0h. 

• The extra target SVD cost is negligible, taking less than 1 minute. 
• Storage is also reduced from 75GB to 217MB, about a 350× reduction.



The End

03/08/2021

Thanks for listening!
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