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Proposed Framework: Gradient Isometric Subspace Transformation (GIST)

Contributions

• Targeted data selection aims to identify a small yet influential subset of instruction data that 

improves performance on a specific target task.

• Existing scalable methods like LESS are largely optimizer-oriented — they estimate influence 

through gradient alignment and diagonal optimizer statistics, such as Adam states.

• Optimization geometry — especially the coupled, low-rank geometry induced by LoRA-style fine-

tuning — is mostly overlooked when measuring data influence.

Key takeaway: Good influence scores require good geometry; diagonal surrogates 

miss the coupled low-rank directions that matter in LoRA fine-tuning.

• Theoretical Unification & Analysis. We formulate targeted data selection as geometry-aware 

optimization and show that existing methods approximate the same objective under different surrogate 

geometries. This exposes a key limitation of diagonal optimizer-based preconditioners: they miss 

rotated low-rank coupling induced by LoRA-style PEFT.

• GIST Algorithm. We propose GIST, which recovers a low-rank task subspace from validation 

gradients via SVD and ranks candidates by projected target alignment.

• Empirical Effectiveness. Experiments on MMLU, TYDIQA, and BBH show that GIST matches or 

outperforms the state-of-the-art baseline under the same 5% selection budget, while using only 0.29% 

of the storage and 25% of the computational time.

Experiments
Performance comparison
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Motivation

• GIST achieves the best Avg. Δ on all three backbones; 5% selected data can match or beat full fine-

tuning and improves over LESS by +0.3/+1.2/+0.4.

• A short warmup with one early checkpoint is enough to recover useful target geometry; later or 

aggregated checkpoints add little.

• By avoiding multi-checkpoint feature extraction, GIST cuts per-task runtime from 54.0h to 13.5h, adds 
negligible SVD overhead, and reduces storage from 75GB to 217MB (350× smaller).

Observations

Epoch Sensitivity Efficiency Comparison

Gradient Spectral Analysis: Low-rank → Not Axis-aligned

• How should we design a geometry-aware data selection framework to effectively select target-

relevant instruction data under coupled PEFT geometry?

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.

LoRA Parameterization Induces Coupling

① Warmup & Gradient Collection: Run a short LoRA warmup and compute validation / 

candidate gradients in the LoRA parameter space.

② Target Subspace Recovery: Apply SVD to validation gradients to recover a low-rank task 

subspace that captures coupled target geometry.

③ Projected Alignment Scoring: Project candidate gradients into the target subspace and 

score them by alignment with target gradients:

𝐒𝐜𝐨𝐫𝐞 𝑧𝑖 = max
𝑗

cos(Π𝑔𝑖 , Π𝑔val
(𝑗)
)

④ Top-𝒌 Selection: Select the highest-scoring examples for final instruction tuning.

Core idea: Replace diagonal rescaling with low-rank, non-diagonal task geometry.
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