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Abstract

Data selection seeks to identify a compact yet informative subset from large-scale
training corpora, balancing sample quality against collection diversity. We formu-
late this problem as a Weighted Independent Set (WIS) problem on a similarity
graph, where nodes represent data samples weighted by influence, and edges con-
nect semantically redundant pairs. This formulation naturally yields subsets that are
simultaneously high-quality and diverse. However, two challenges arise in practice:
naive node weights fail to distinguish informative signals from gradient noise, and
edge construction under heterogeneous domain distributions produces structurally
imbalanced graphs that bias selection toward sparse regions. To address these
issues, we introduce two principled refinements from a unified graph perspective:
(1) node value calibration that restricts influence estimation to the bilateral salient
subspace to ground node importance in task-relevant signals rather than surface-
level statistics; (2) local scale normalization that adapts edge thresholds to local
neighborhood density, mitigating graph imbalance induced by cross-domain distri-
bution shifts. Together, these components yield a robust and scalable data selection
pipeline dubbed SEED. We further construct Honeybee-Remake-SEED-200K, a
compact multimodal dataset curated by SEED. Extensive experiments show that
SEED consistently outperforms state-of-the-art methods on instruction tuning,
visual instruction tuning, and semantic segmentation across diverse model families.

1 Introduction

The rapid advancement of large-scale foundation models [18, 33, 2, 72, 66, 59] heavily relies on
massive training corpora. However, naively scaling up training data incurs substantial computational
overhead and often introduces redundant, noisy, or low-quality samples [3, 38, 19, 31, 69, 21, 9]. As
model capacity increases, the marginal benefit of additional data may diminish rapidly, highlighting
the need for effective data selection that improves efficiency in both training and storage.

Recent research has established a successful data selection strategy that delicately balances two
fundamental objectives: individual sample quality [64, 41, 56] and overall collection diversity
[16, 69, 42]. This trade-off can be naturally captured by a similarity graph, where nodes represent
data samples weighted by their quality and edges are unweighted connections between semantically
redundant pairs, unlike prior graph-based methods [42] with weighted edges. Under this formulation,
selecting a coreset reduces to finding a (Maximum) Weighted Independent Set (WIS) [50].
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Figure 1: Overview of SEED. SEED formulates subset selection as a Weighted Independent Set
problem over a similarity graph constructed from training data, with better node weights from a
mutual influence subspace and better edges from local scale normalization. The resulting structurally
balanced graph enables selecting a compact, diverse, and high-influence subset. Different colors
indicate that nodes belong to different domains, while the color intensity represents the node weights.

Despite its conceptual appeal, we identify two fundamental and previously undiagnosed failure
modes for directly utilizing WIS. First, noisy and uncalibrated representations. Deep neural
representations are inherently high-dimensional, yet gradient vectors exhibit a long-tail distribution
across parameter dimensions [52, 29] as shown in Figure 2(a): a small subset of high-magnitude
channels dominates the actual update direction, while the majority contribute little yet introduce noise
into the influence. Furthermore, even a salient channel on the training side should be excluded if its
counterpart magnitude on the validation side is negligible, such unilateral dimensions distort rather
than inform the influence estimate. Treating all channels uniformly thus leads to uncalibrated node
representations that corrupt true gradient influence and degrade node importance estimation. Second,
structural imbalance in similarity graphs. As shown in Figure 3(a), real-world datasets consist of
multiple domains whose embeddings lie on distinct manifolds with highly non-uniform densities. This
heterogeneity is further quantified in Figure 3(b), where the distribution of k-th neighbor distances
varies significantly across domains, indicating inconsistent local scales. Constructing edges via a
global similarity threshold in such settings results in imbalanced graph structures: dense regions
collapse into highly connected subgraphs, while sparse regions remain weakly connected or isolated.
This imbalance biases the independent set selection, suppressing representative samples in dense
regions while over-selecting isolated outliers.

To overcome these limitations, we introduce SEED, a robust and scalable data SElection pipeline that
refines the WEighted InDependent Set formulation from a unified graph perspective, incorporating
two principled enhancements. (1) Nodes: we propose node value calibration’, which restricts
influence estimation to the bilateral salient subspace shared by training and validation gradients.
Concretely, a channel is retained only if its gradient magnitude is consistently salient on both splits,
filtering out unilateral and noise-dominated dimensions. This mutual subspace restriction yields more
reliable node importance estimates and effectively addresses challenge 1. (2) Edges: we introduce
local scale normalization, which adjusts edge construction according to the local neighborhood
distribution of each node. Instead of using a global similarity threshold, we normalize distances via
local scaling to mitigate the graph imbalance induced by cross-domain distribution shifts, ensuring
fair representation across both dense and sparse semantic regions, as shown in Figure 3(c). With
these two refinements, our resulting method, SEED, as illustrated in Figure 1, is general, effective,
and can be readily applied across a wide range of practical scenarios.

Extensive experiments show SEED consistently surpasses current state-of-the-art data selection (or
pruning) methods on standard model training settings for instruction tuning, visual instruction tuning,
and semantic segmentation tasks. For instance, SEED obtains 41.9 EM with LLaMA-2-7B [58] on
TyDiQA [11] under a 5% selection ratio, surpassing InfoMax [56] by 2.3 points; while on semantic
segmentation, selecting only 20% of the data using SEED achieves a 3.01 mIoU improvement over
full-data training with DeepLabV3 [7] on Cityscapes [15]. Moreover, to demonstrate practical usage
in training, we implement SEED in a small proxy setting. For example, at matching accuracy levels,
SEED requires only 2.5% of the training data with the Qwen3-1.7B [66] proxy model and the

2In our paper, the influence score [48] is used for node value.




Phi-4-14B [2] target model on instruction tuning tasks, reducing GPU costs by 2.5x. As a further
contribution, we apply SEED to Honeybee-1M [5] and curate Honeybee-Remake-SEED-200K, a
compact multimodal dataset for visual instruction tuning that retains only 20% of the original data
yet improves performance across multiple multimodal evaluation benchmarks.

2 Preliminaries

2.1 Trajectory-based Data Influence

To quantify the contribution of a training sample to a target task, we adopt a first-order approximation
of training dynamics following [48], which avoids the expensive Hessian-vector products required by
classical influence functions [34].

Per-step Influence. Consider a model with parameters # € R¢ trained via stochastic gradient descent
(SGD). At each step ¢, the parameters are updated as 0;1 = 6y — mV(;L(z(t); 6:), where 2®) is the

training sample used at step ¢ and 7, is the learning rate. To measure the effect of this update on a
target sample z’, we apply a first-order Taylor expansion of £(z’; §) around 0;:

E(Z/, 9t+1) — E(Z/, Qt) ~ (V@E(z’, Ht), 9t+1 — 9t> (])
When substituting the SGD update rule, the loss change on 2’ induced by training on z(*) is

—n(VL(21);0,), VoL(2';0;)). We define the per-step influence as the reduction in this loss,
i.e., the negative of the loss change:

Tuep(21, 2") = (Vo L(21D:0,), VoL(2';0)). 2

A positive value indicates that the gradients of z(*) and 2’ are aligned, meaning the update on z(*)
decreases the loss on z’; a negative value indicates the opposite.

Trajectory-level Influence. Let 7 (z) denote the set of steps at which sample z is used during
training. The overall influence of z on 2’ is obtained by accumulating per-step contributions across
the training trajectory:

Infieg(2,2) == Y m(VoL(2:00), VoL(Z';00). 3
teT (z)

Since computing Eq. 3 over all training steps is expensive, we approximate it using a sparse set of
checkpoints sampled from the trajectory [48], balancing computational cost and estimation fidelity.

2.2 Weighted Independent Set

The (Maximum) Weighted Independent Set (WIS) problem is a classical combinatorial optimization
task defined on an undirected graph G = (V, E') with non-negative node weights {w, },cv.

Problem Formulation. An independent set is a subset of vertices S C V such that no two vertices
in S are adjacent. The WIS problem seeks an independent set that maximizes the total weight:

* = .t E . 4
S argrbpé‘);;wv st. (u,v) ¢ E, Yu,v €S 4)
Therefore, WIS naturally balances node importance (weights) and pairwise conflicts (edges).

Efficient Implementation. While finding the exact S* is NP-hard for general graphs [23], we adopt
an efficient greedy approximation algorithm [26] powered by GPU-accelerated similarity search.
Briefly, we construct a sparse conflict graph by computing pairwise influence using FAISS [30],
followed by a max-heap-based greedy selection. Details can be found in Appendix B.1.

3 Method

3.1 Weighted Independent Set among Datasets

Given a training dataset Dy, = {2;}; and a target dataset Diarget = {zé jj\il, our goal is to select

a compact subset S C Dy, that is both informative for the target task and internally diverse. We
achieve this by incorporating trajectory-based influence (§2.1) into the WIS framework (§2.2).
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Figure 2: Mutual Influence Subspace. (a) Gradient magnitudes across channels show a long-tail
distribution. (b) Mutual space on both training and target (1st quadrant) form C*. (c) KDE of influence
scores shows that restricting to C* reduces noise and sharpens the distribution.

Definition 1 (Node Weights) The weight w,, of a node v € D,y is defined as its influence on the
target dataset Digrger.

Following Definition 1, we quantify the importance of each training sample z; via its aggregated
influence on the target dataset. Specifically, we set the node weight w; to the maximum trajectory-level
influence across all target samples:
w; = max Infyyi(2,2)). 5
(3 Z/ED[urge[ traj( 79 ) ( )
Intuitively, a training sample z; receives a high node weight if it substantially benefits at least one
target sample, thereby reflecting its relevance to the target task.

Definition 2 (Edges) An edge (u,v) connects two distinct nodes u,v € Dy if their mutual influ-
ence is positive, suggesting potential redundancy.

To capture redundancy between training samples, we construct a conflict graph G = (Diyin, E') where
an edge (i,j) € F is added if the mutual influence between the two samples is positive:
(1,j) € E <= Infuain(zi, 2;) — 7 >0, 6)

where Inf i, (-, -) quantifies the pairwise influence between training samples, and 7 is a predefined
threshold controlling the sparsity of the conflict graph. To scale edge construction to large datasets,
we restrict comparisons to the k nearest neighbors of each node, yielding a sparse conflict graph.

Finally, given node weights {w, } and an unweighted conflict graph G = (Dyain, F), we formulate
subset data selection as:

S§* = arg max ( max Inftraj(zi,z’)> sit. Infuain(2u, 20) < 7, Yu # v, 24,20 €S, (7)
|3g|1<)[}? = z EDwrget

where K is the target selection budget. This objective simultaneously maximizes the task-relevant
influence of the selected subset while enforcing diversity by prohibiting mutually redundant pairs.

3.2 Node Calibration: Mutual Subspace Restriction

Standard trajectory-level influence adopts gradient inner products over the full parameter space,
implicitly treating all dimensions as equally informative. As shown in Figure 2(a), gradient vectors
exhibit a long-tail distribution across parameter dimensions: a small subset of high-magnitude
channels dominates the actual update direction, while the majority of low-magnitude channels
contribute little to updates yet introduce noise into the inner product, distorting influence estimation.

To obtain more accurate node weights, we therefore design a subspace to mitigate this interference,
computing the influence of the training set on the target dataset strictly within this subspace.

Formally, given the gradient matrix of the training set Gyain € RV >, we estimate the per-channel
saliency by computing the mean absolute gradient magnitude across nodes:

1 N
Minlc] = 5 3 Gunlis ]| ®
i=1
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Figure 3: Visualization of density heterogeneity across domains. The data are sampled from
FLAN-V2 [39], CoT [61], Dolly [14], and Oasst-1 [35]. (a) Embeddings from different domains

exhibit non-uniform densities. (b) Global distance statistics vary significantly across domains. (c)
Local scaling mitigates this mismatch by aligning neighborhood distributions. Best viewed in color.

However, even if a channel exhibits a large magnitude on the training sample z, if its corresponding
magnitude is negligible on the target sample 2/, its actual influence on z’ is minimal in this space. In
this case, the contribution of the channel in z is unilateral and should not be counted in the alignment
measure, as illustrated by the points in the 2nd—4th quadrants of Figure 2(b).

Therefore, a channel space c is retained only if it exceeds the mean saliency on both splits, ensuring
that the selected dimensions simultaneously drive updates on the training and target sides. Given the

target set Giarger € RMX*C the resulting mutual subspace is defined as:
Cr = {C | MMirain [C] > Myrain » Mitarget [C] > mtarget} y ©)]
where Myger[c] = 37 Zj\il |Gtarget 7, ]| denotes the mean saliency of channel c over the target set.

ok
traj

Infly(zi ) = D 1 (Ve-L(zi;6:), Ve L(2560), (10)
tET(qu)
where V¢« denotes the gradient restricted to channels in C*. By projecting onto the bilateral salient

subspace (the 1st quadrants of Figure 2(b)), we suppress noise-dominated dimensions and emphasize
shared update directions, obtaining more reliable influence estimates for nodes in WIS framework.

Eventually, the influence score Infj, . (z;, z;) is recomputed on the selected mutual subspace C*:

The effect of this restriction is visualized in Figure 2(c), which shows the kernel density estimation
(KDE) [32] of influence scores in the full parameter space versus the bilateral salient subspace.
Restricting to C* clearly suppresses extreme noise and sharpens the distribution, highlighting that the
selected subspace captures the most meaningful contributions for node influence estimation.

3.3 Edge Construction: Local Scale Normalization

As illustrated in Figure 3, real-world training corpora consist of multiple domains with highly non-
uniform embedding densities. Applying a global predefined threshold 7 of MWIS to such data yields
structurally imbalanced conflict graphs: dense domains (e.g., Oasst-1 [35]) accumulate excessive
edges and become over-suppressed, while sparse domains (e.g., CoT [61]) remain under-connected
and tend to be over-selected, degrading both diversity and downstream performance.

Therefore, we propose local-scale normalization to address this, which dynamically adapts the edge
criterion to the local neighborhood structure of each node in MWIS. For each training sample z;, we
first estimate its local density o; by measuring its influence on the k-th nearest neighbor:

), (1)
We assume that larger influence values correspond to stronger similarity and, consequently, higher

local density. Here, zi(k) denotes the k-th nearest neighbor of z; in Dy,;,. Accordingly, a large o;

indicates that z; lies in a dense region, while a small o; suggests a sparse neighborhood.

0; = Inftrain(zi7 z

Furthermore, rather than applying a fixed threshold 7 globally, we define a per-node level adaptive
threshold that relaxes the edge formation criterion in dense regions:

7= max(T, a-o0y), (12)



where a € (0, 1) is a constant scaling factor. An edge (¢, j) is then added to the conflict graph only
when
(i,j) € E <= Infuin(2i, 2;) — max(r;, ;) >0 (13)

By increasing 7; in dense regions and reverting to 7 in sparse regions, we obtain a density-aware
edge construction strategy that suppresses redundant influences while preserving global connectivity,
thereby improving the trade-off between influence maximization and diversity in the MWIS objective.

3.4 Weighted Independent Set Formulation: SEED

Integrating the mutual influence subspace and local scale normalization into the WIS framework, we
obtain a refined and practical formulation for subset selection, as illustrated in Figure 1.

Building upon §3.1, we redefine the node weight w; for each training sample z; using the subspace-
restricted influence Infy (-, -) in Eq. (10):

wl = ergg{id Inft*raj(zi, 2. (14)
To construct the conflict graph G* = (Dyain, £*), an edge between z; and z; is established adaptively
based on the local density condition described in Eq. (12):

(1,7) € E* <= Infuain(2i,25) > max(m;, 75). (15)
The final optimization problem is then formulated as a WIS over the refined graph G*:
st Vzu,z, €S8, (u,v) ¢ E*. (16)

S" =arg max Z w;
IS|<K #€S
We term the resulting framework SEED, which bridges the WIS-based formulation and principled

subset selection via subspace-calibrated node weighting and density-adaptive edge modeling.

4 Experiments

To comprehensively validate the generalization of our SEED, we conduct extensive experiments on
instruction tuning, visual instruction tuning, and semantic segmentation tasks. Each reported result is
averaged over five independent runs, with a standard deviation below 0.85.

4.1 SEED for Instruction Tuning

Settings. Following the experimental setup of LESS [64], we conduct data selection from FLAN-V2
[39], CoT [61], Dolly [14], and OpenAssistant-1 [35]. TyDiQA [11], MMLU [28], and BBH [55] are
used as the target evaluation tasks. LLaMA-2-7B [58], LLaMA-3-8B [18], and Qwen3-4B [66] are
the base models for both 5% and 1% data selection and fine-tuning. We employ Exact Match (EM)
for TyDiQA and BBH, and Accuracy for MMLU.

Main Results. Table | shows that SEED achieves the best average performance under both 5% and
1% selection settings. At 5%, SEED attains an average of 57.3, matching full-data fine-tuning and
surpassing all baselines, including TAROT [21] and Nait [9] by 1.1 points. Under the stricter 1%
setting, SEED achieves 58.2, exceeding the strongest competitor MoNA [41] by 1.0 points, with
particularly strong gains on BBH (e.g., 75.9 on Qwen3-4B, surpassing InfoMax [56] by 1.7 points).

Notably, performance at 5% selection is slightly lower than at 1%. One possible explanation is
that enlarging the subset may incorporate noisier or less task-aligned instances from heterogeneous
sources, which weakens the advantage of carefully curated samples. This interesting finding suggests
that the selection ratio itself plays a pivotal role in instruction tuning and warrants deeper investigation.

4.2 SEED for Visual Instruction Tuning

Settings. We adopt Qwen3VL-4B [4] for visual instruction tuning. We refresh the annotations of
Honeybee-1M [5] using Doubao-1.6-VL [25] to build a higher-quality candidate pool for all methods
to select 5%. We further release the top 20% selected by SEED as Honeybee-Remake-SEED-200K.
We evaluate on 7 representative benchmarks as the target dataset. Further details are in Appendix E.2.



Table 1: Performance of SEED on instruction tuning for LLMs. Best results are in bold.

| OQLLAMA-2-7B | (QLLAMA-3-8B | % QWEN3-4B \
Method AVG.
| TYDIQA MMLU BBH|TYDIQA MMLU BBH|TYDIQA MMLU BBH |
BASE (o) 32.8 457 395| 473 633 622| 474 679 700 | 53.0
FULL (toowy|  40.5 504 448 | 55.1 651 673 | 495 700 729 573
5% SELECTION
RANDOM 385 468 400 | 51.6 640  63.1 48.5 68.7 703 | 54.6
D?PRUNING [42] 1ctroa|  39.0 489 403 | 54.8 642 650 | 493 68.5 704 | 55.6
LESS [64] om2a|  39.3 493 406 | 554 644 657 | 496 68.8  70.6 | 55.9
INFOMAX [56] 1ctres| 39.6 501 415 | 557 645 66.1 | 499 69.1 713|564
TAROT [21] 1om2s|  39.7 495 409 | 552 647 660 | 49.6 69.0 71.0 | 56.2
NAIT [9] ctr2s|  39.9 490 413 | 559 644  66.1 50.2 68.5 70.8 | 56.2
SEED 41.9 496 419 | 576 651 669 | 50.6 69.5 726 573
1% SELECTION
RANDOM 39.6 46.1 398 | 523 653 663 | 520 68.7 739 | 56.0
D?PRUNING [42] 1ctroa|  40.0 463 406 | 547 655 673 | 523 68.9 74.0 | 56.6
LESS [64] 1omea| 403 458  40.1 54.1 656 678 | 526 69.0 738 | 56.5
INFOMAX [56] 1ctres| 40.8 465 415| 54.6 658 682 | 53.1 693 742 | 57.1
MONA [41] wps2s|  40.9 470  410| 550 654  68.1 54.4 69.0 743|572
NAIT [9] tcrrze|  40.1 462 407 | 554 651 674 | 533 692  73.6 | 56.8
SEED 42.5 469 414 | 561 66.6 69.9 | 544 704 759 58.2
62 - == SEED TAROT -@®- LESS —®- D2Pruning
6141 41.37
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Figure 4: Performance of SEED on scratch training for semantic segmentation. Result curves of
DeepLabV3 [7] trained using different data selection methods. Best viewed in color.

Main Results. As shown in Table 2, SEED demonstrates remarkable efficiency by achieving a
state-of-the-art average score of 65.4 with merely 5% of the training data, outperforming the full-data
baseline by 0.3 points and DataTailor [67] by 1.2 points across multiple advanced benchmarks.

4.3 SEED for Semantic Segmentation

Settings. We adopt the TAROT [21] setting, using GTAS [49] as the source and Cityscapes [15] as
the target for training and evaluation. We utilize DeepLabV3 [7] with a ResNet-50 [27] backbone,
extracting gradients from the last four checkpoints to guide 1%, 5%, 20%, 25%, and 50% selection.
We use mean Intersection over Union (mloU) as the primary evaluation metric.

Main Results. Results are summarized in Figure 4. Among the evaluated methods, SEED consistently
maintains the highest mIoU across all selection ratios, achieving its peak of 61.41 mlIoU at the 20%
mark, a substantial gain of 3.01 over the full-data baseline.

4.4 SEED with Small Proxies

For single-epoch training of large-scale LLMs, computing influence scores over the entire candidate
set often exceeds the training cost itself. To ensure efficiency, we propose a proxy-driven selection
strategy (Figure 5), utilizing a small proxy model to identify high-value data for a larger target model.

Settings. For proxy models, we employ LLaMA2-7B [58], Qwen3-1.7B, and Qwen3-4B [66]. For
target models, we consider LLaMA3-8B [18], LLaMA2-13B, and LLaMA2-70B [58], Qwen3-8B



Table 2: Visual instruction tuning performance with Qwen3VL-4B under 5% selection ratio.

Method MATHVISTA REALWORLD MATHVERSE HALLUSION C(I;S?D)él)v SIMPLEVQA MME|REL. AVG.
BASE (0%) 724 712 412 56.7 41.2/80.7 479 2279.5 61.6
FuLL (100%) 78.4 73.7 51.8 55.9 50.8/75.8 475 2429.7  65.1
RANDOM 72.6 72.4 46.7 54.5 43.0/74.9 479 2390.2| 622
LESS [64] 1cML24 74.6 71.8 51.6 56.2 46.7/76.7 474 2319.5 63.5
TAILOR [67] 1IcCV25 74.3 72.8 49.8 553 52.8/75.0 47.3 2412.0f 642
SEED 76.2 73.7 51.4 57.3 47.8179.3 48.3 24774) 654
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Figure 5: Efficient fine-tuning via SEED-guided proxy model selection. Statistics are reported on
Phi-4-14B, where SEED-T achieves comparable accuracy while reducing GPU cost by 2.5x.

[66], DeepSeek-LLM-7B [6], Phi-4-14B [2], and Seed-OSS-36B [57]. We report four representative
cases here and provide all eight results in the Appendix E.3.

Main Results. In Table 3, SEED frequently surpasses full-data fine-tuning via minimal samples
and smaller proxies, with gains of up to 3.0 points on Qwen3-8B and 1.6 points on Seed-OSS-36B.
Remarkably, with a 10x scale gap and only 1K samples, SEED outperforms random selection by 2.3,
approaching full-data performance within 1.2. The results validate that large models can be efficiently
trained on carefully selected subsets via SEED, without requiring a same-scale proxy model.

5 Analysis

5.1 Ablation Study on SEED Components

We conduct an ablation study to quantify the contribution of each component in SEED (Table 4).
Influence Score. Provides a strong baseline over random sampling, establishing a relevance signal. +
MWIS. Introducing structural diversity yields gains, but a slight drop on MMLU suggests limited
robustness across heterogeneous scenarios. + Node Representation. Improved representations bring
consistent gains (4-0.9 avg), highlighting the importance of subspace-calibrated relevance estimation.
+ Edge Construction. Refined edges further improve performance (+0.6 avg) by correcting local
scaling and aligning neighborhood distributions (Figure 3(c)). Overall, SEED improves by +1.7 over
the influence baseline (64.2 vs. 62.5), demonstrating the complementary effects of all components.

5.2 Practical Efficiency Analysis

While the results in §4 demonstrate the accuracy advantages of SEED, we further analyze its practical
efficiency in real-world applications. Figure 6 illustrates the performance—cost trade-off on Phi-4-14B
[2]. Notably, SEED achieves comparable accuracy to full-data training using only 2.5% of the
samples, yielding a 2.5 x reduction in GPU cost, corresponding to savings of approximately 138
A100 GPU hours (~$500 at Google Cloud on-demand pricing, $3.67 per hour). Furthermore, at a
5% selection ratio, SEED reaches a 70.7 average score, outperforming the full-data baseline while
halving the computational budget. These results suggest that SEED-driven data selection is a superior
alternative to brute-force training, especially in resource-constrained fine-tuning scenarios.

5.3 Sensitivity Analysis

As introduced in §3.3, SEED employs the k-th nearest neighbor to estimate local density o; for
adaptive edge construction, where a larger k captures a broader neighborhood context but may smooth



Table 3: Performance of SEED under proxy-driven selection settings. Each group pairs a smaller
proxy model with a larger target model. SEED-T denotes the use of the transfer strategy.

Method \ TYDIQA MMLU BBH \ AVG.

Method

\ TYDIQA MMLU BBH \ AVG.

Proxy Model: {v; Qwen3-4B (Scale: 2.00 x)

Proxy Model: {V7 Qwen3-1.7B (Scale: 8.24 x)

%% Qwen3-8B 36.5 72.7 783 | 62.5 B Phi-4-14B 49.4 80.3 69.0 | 66.2
FuLL 100% 52.9 75.6 73.1 67.2 FuLL 100% 54.1 82.0 73.1 69.7
RANDOM 1% 54.0 729 78.6 | 68.5 RANDOM 5% 53.3 89.7 714 | 68.5
SEED-T 1% 55.9 752 79.5 | 70.2 SEED-T 5% 55.8 83.2 732 | 70.7
Proxy Model: () LLaMA2-7B (Scale: 5.14 X) Proxy Model: ) LLaMA2-7B (Scale: 10.00 x)
lit/ Seed-OSS-36B 54.5 81.0 71.5 | 69.0 0Q LLaMA2-70B 41.3 68.2 654 | 58.3
FuLL 100% 59.0 80.5 72.1 70.5 FuLL 100% 53.0 69.4 69.2 | 63.9
RANDOM 5% 59.5 81.1 71.5 | 70.7 RANDOM 1K 46.8 68.3 66.0 | 60.4
SEED-T 5% 60.5 83.3 724 | 721 SEED-T 1K 51.2 69.7 67.1 62.7
: . . 7
Table 4: Ablation of components in SEED, using
the proposed node and edge formulations. Results are . Save GPU Cost
reported on LLaMA3-8B with a 1% data ratio. =~ | @€ 2.5X -=--—=== >0
% 69 °
+ (MWIS) + (Nodes) + (Edges)| TYDIQA MMLU BBH 8
T 68
X X X 54.1 656 678 =
v X X 547 652  68.0 Y o
v v X 557 659  69.1 o5 at at . 3
v/ X v 55.5 66.0 68.7 I SEED Selection Training Direct Training ©PU Hours
v v v 56.1 666 699 Figure 6: Curve of performance vs. GPU

training cost on Phi-4-14B.

out fine-grained density differences. We investigate how the choice of k£ and scaling factor « affects
data selection performance on instruction tuning tasks. Results in Appendix F show that SEED
remains robust across a wide range of k and « values, validating the stability of our design choices.

5.4 Visualization

To investigate the selection behavior, we visualize pro-
jected manifolds via UMAP [44] and influence score
distributions in Figure 7 on the instruction tuning task.
Results reveal that D?Pruning’s selections collapse into
a highly concentrated region due to global threshold
bias, yielding spatially redundant subsets with left-
skewed score distributions. In contrast, SEED achieves
broader and more uniform coverage across the man-
ifold while selecting samples with a more balanced
score distribution and fewer low-quality outliers.

6 Conclusion

We present SEED, a robust data selection pipeline that
formulates subset selection as a Weighted Independent
Set problem on a similarity graph. To address two
fundamental failure modes of naive WIS, we introduce
node value calibration via mutual influence subspace
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Figure 7: Visualization of data manifolds
(left) and influence scores (right).

restriction and local scale normalization for density-adaptive edge construction. We further release
Honeybee-Remake-SEED-200K, a high-quality multimodal dataset curated by SEED. Extensive
experiments on instruction tuning, visual instruction tuning, and semantic segmentation demonstrate
that SEED consistently outperforms state-of-the-art methods across diverse model families and
selection ratios, while reducing GPU costs by up to 2.5 via proxy-driven selection.
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A Related Work

A.1 Data Selection or Pruning

Coreset selection aims to identify a compact subset for optimal downstream model performance for
efficient training [62, 53, 42, 65, 36, 64, 56, 21, 41, 69, 16]. Existing approaches broadly can fall into
three categories: quality-driven, diversity-driven, and hybrid methods.

Quality-based Methods. Quality-driven approaches prioritize samples by heuristic difficulty [42],
training loss [47], or estimated impact on model behavior. A prominent line of work uses influence
functions [34] to approximate a sample’s effect on validation loss. Exact Hessian computations being
costly, later methods adopt efficient trajectory-based proxies like TracIn [48] and LESS [64]. While
effective at identifying high-impact samples, pure importance scoring often selects redundant samples
clustered around high-density regions, thereby limiting coverage of the data distribution.

Diversity-driven Methods. To ensure broad coverage, diversity-driven techniques maximize feature-
space dispersion, with classical strategies including k-center clustering [53] and facility location [62].
For modern foundation models, prototype-based selection [36] and semantic deduplication [1] show
that removing near-duplicates cuts training costs without significantly harming accuracy. However, a
pure diversity focus risks retaining noisy outliers, particularly in web-scale.

Hybrid Methods. Recent work emphasizes balancing quality and diversity [42, 56, 16, 69]. A natural
formulation constructs a similarity graph where nodes are samples and edges encode redundancy,
reducing selection to graph optimization. For example, D*Pruning [42] and DSIR [65] implicitly
combine both criteria. However, prior graph-based approaches typically rely on complex graph
structures with weighted edges, and overlook two critical failures: (1) representation miscalibration:



noise in gradients distorts node importance; and (2) structural imbalance: heterogeneous domain
densities cause global thresholds to suppress samples in dense regions. Our method addresses these
issues via mutual influence subspace and local scale normalization under a weighted independent set.

A.2 Weighted Independent Set for Data Selection

The weighted independent set formulation provides a principled graph-theoretic framework for data
selection, where nodes represent samples weighted by importance and edges encode mutual influence.
The most related work is GIST [20], which solves a diversity-centric max-min diversification problem
via independent sets on threshold graphs. However, GIST and SEED differ fundamentally in both
problem definition and applicable scope, making direct experimental comparison inappropriate.

Incompatible Objective Functions. GIST optimizes f(S) = ¢(S) + div(S), where div(S) =
ming ,es,u£o dist(u, v) is a purely geometric diversity term defined over a metric space. Node
weights in GIST are geometry-agnostic: all points are treated as equally weighted in a uniform metric
space, with no mechanism to incorporate task-specific quality signals. In contrast, SEED assigns each
node a trajectory-based influence score derived from a mutual gradient subspace (§3.2), grounding
node importance in task-relevant learning dynamics rather than surface-level geometry.

Divergent Structural Assumptions. GIST assumes a domain-homogeneous embedding space and
applies a global distance threshold across all nodes. As demonstrated in §3.3 and Figure 3, this is a
critical failure mode under heterogeneous domain distributions: dense regions accumulate excessive
edges and become over-suppressed, while sparse regions remain under-connected and tend to be
over-selected. SEED explicitly addresses this via local scale normalization, which adapts edge
thresholds to local neighborhood density.

Incompatible Experimental Protocols. GIST is validated on a single-shot subset selection for image
classification (ImageNet), with no established protocol for instruction tuning or visual instruction
tuning. Adapting GIST to our setting would require non-trivial design choices in defining the utility
function g(S), introducing confounds that would render any comparison unfair to both methods.

Correlation-constrained variable selection [13] employs a similar independent set formulation, but
likewise optimizes geometry-based diversity without task-specific quality signals. Together, these
works confirm that SEED is the first weighted independent set framework for targeted, large-scale
data selection across LLMs, VLMs, and segmentation tasks—one that jointly addresses representation
miscalibration and structural graph imbalance under realistic cross-domain conditions.

B Implementation Details

B.1 Efficient Implementation of WIS

To solve the Weighted Independent Set (WIS) problem efficiently on large-scale datasets, we imple-
ment a two-step greedy approximation algorithm optimized for GPUs.

(1) Sparse Conflict Graph Construction. We utilize FAISS [30] on GPUs to compute pairwise
influence between normalized node embeddings. To handle large corpus sizes gracefully, the search
is executed in batches to retrieve the top-k nearest neighbors for each node. An edge between two
nodes is established in a sparse adjacency matrix if their similarity exceeds a dynamic threshold.
Specifically, to adapt to varying local embedding densities, we employ a conservative local scaling
strategy [68]. For a given node %, the threshold is defined as max (7, « - 0;), where 7 is a global base
threshold, o; is the similarity of node i’s k-th nearest neighbor, and « € [0, 1] is a scaling factor. This
adaptive formulation prevents overly dense subgraphs in regions with high semantic overlap.

(2) Greedy Selection via Max-Heap. Given the constructed sparse conflict graph and the node
influence scores (weights), we initialize a max-heap to prioritize nodes based on their exact weights.
In each iteration, we pop the node with the highest weight. If the node has not been marked as
removed, it is added to the selected independent set S. Crucially, all its adjacent neighbors in the
sparse graph are simultaneously marked as removed. This process continues until the heap is empty
or the desired target data size is reached, ensuring a highly efficient selection phase.



B.2 Training Configurations

Table 5 summarizes the training configurations of SEED across all tasks. For instruction tuning, we
follow the experimental setup of LESS [64], selecting from a candidate pool of 270K samples drawn
from FLAN-V2, CoT, Dolly, and OpenAssistant-1. All LLM experiments adopt LoRA fine-tuning
with rank 128 and alpha 512, projecting gradients to an 8192-dimensional subspace. For visual
instruction tuning, we fine-tune Qwen3-VL 4B on Honeybee-Remake-SEED with full model training
on A100 GPUs. For semantic segmentation, we train DeepLabV3 with a ResNet-50 backbone on

RTX 4090 GPUs using polynomial learning rate decay.

Table 5: Training configurations of SEED across LLM, VLM, and segmentation tasks.

Tasks ‘ LLM ‘ VLM ‘ Segmentation
Models | LLaMA-27B LLaMA-3-8B  Qwen3-4B | Qwen3-VL | DeepLabV3

S Dataset Text Text Text Image, Text Image

S

Q #Full Candidates 270679 270679 270679 1023915 24966
#Target Samples TyDiQA: 9, MMLU: 285, BBH: 81 5% Full Targets 2975

3 Trainable LoRA LoRA LoRA Full Model Full Model

§ #Rank, Alpha 128,512 128,512 128,512 - -
#Projector Dimension 8192 8192 8192 - -
#Tunable Parameters 134.2M 109.1M 94.4M 4.4B 42.0M

% Batch Size 1 1 1 8 16

:§ Optimizer AdamW AdamW AdamW AdamW SGD

S LR Schedule Linear Linear Linear Cosine Poly decay
#LR 2x107° 2x107° 2x107° 1x107° 1x1072
Epoch 4 4 4 2 40K iterations
Hardware A100 A100 A100 A100 RTX 4090

B.3 Evaluation Setup for Visual Instruction Tuning

Benchmarks. We evaluate visual instruction tuning with seven representative multimodal bench-
marks covering mathematical reasoning, real-world spatial understanding, diagram-based reasoning,
hallucination diagnosis, chart understanding, factuality, and general perception. A detailed overview
of these benchmarks is provided in the following Table 6.

Table 6: Overview of visual instruction tuning evaluation benchmarks.

Benchmark Description

MathVista [40]
RealWorldQA [63]
MathVerse [70]

Evaluates mathematical reasoning in visual contexts (MathVista_mini split).
Assesses real-world spatial understanding via image-grounded, verifiable QA pairs.

Probes whether MLLMs genuinely leverage visual diagrams in multimodal math problem
solving.

HallusionBench [24]
CharXiv (RQ/DQ) [60]

Diagnoses language hallucination and visual illusion in image-context reasoning.

Benchmarks chart understanding on arXiv figures, covering reasoning (RQ) and descriptive
(DQ) questions.

SimpleVQA [10]
MME [22]

Measures multimodal factuality via short-answer questions with LLM-as-a-judge scoring.

Comprehensively evaluates multimodal perception and cognition across diverse subtasks.

Evaluation Framework. We adopt the official VLMEvalKit [17] as the unified evalu-
ation framework for inference, post-processing, and metric computation.  For Qwen3-
VL, we set temperature=0.7, max_new_tokens=8192, repetition_penalty=1.0,
presence_penalty=1.5, top_p=0.8, and top_k=20. For LLaVA-OneVision-1.5, we use
deterministic decoding with do_sample=false and max_new_tokens=512. For benchmarks
requiring model-based judging, we utilize gpt-4.1-mini-2025-04-14 as the LLM judge.



C Wall-Clock Time Analysis

We analyze the wall-clock time of SEED across two stages: gradient computation and data selec-
tion. As shown in Table 7, gradient computation is shared across all influence-based methods and
constitutes the dominant cost. The data selection stage of SEED requires only 3.7 minutes on
a candidate pool of 270K samples, which is significantly faster than TSDS (10 hours) due to its
KDE-based near-quadratic bottleneck, and slightly longer than LESS and TAROT owing to the
additional MWIS optimization. Crucially, both gradient computation and data selection are one-time
costs that can be amortized across multiple model families, as demonstrated by our proxy-driven
selection experiments.

Table 7: Wall-clock time comparison of data selection methods on instruction tuning task (270K
candidates, A100 GPU). Gradient computation is a one-time cost across influence-based methods.

Method Gradient Computation Data Selection
LESS [64] 28 Hours 46 Seconds
TSDS [37] 28 Hours 10 Hours
TAROT [21] 28 Hours 118 Seconds
SEED (Ours) 28 Hours 3.7 Minutes

D Multimodal Training Dataset: Honeybee-Remake-SEED-200K

Base Corpus. We build upon Honeybee-1M [5], a large-scale multimodal dataset originally de-
signed for vision-language reasoning. We use the raw data directly without additional preprocessing.

Annotation Refresh. To improve annotation quality, we re-annotate the full Honeybee-1M corpus
using Doubao-1.6-VL [25], a state-of-the-art vision-language model, replacing the original ground-
truth labels with higher-quality model-generated annotations.

Data Selection via SEED Voting. We apply SEED independently for each of the 7 target bench-
marks, where each benchmark selects its own top- K} candidates based on the MWIS objective. Each
time a candidate z; is selected by a benchmark, it receives one vote. The final score of each candidate
is its accumulated vote count across all benchmarks:

7
vi=>» 1[z €8], (17)
b=1

where S} denotes the subset selected by SEED for the b-th benchmark. Candidates are ranked by v;
in descending order, and the top 20% are retained, yielding the final Honeybee-Remake-SEED-200K
dataset of approximately 200K multimodal instruction pairs.

Training Results. Table 8 evaluates Honeybee-Remake-SEED-200K on two 4B-scale VLMs.
Compared with random selection, our data improves the average score by 2.9 points on Qwen3-VL
and 4.0 points on LLaVA-OneVision-1.5. It remains close to full-data training on Qwen3-VL and
further surpasses the full-data baseline on LLaVA-OneVision-1.5 (59.9 vs. 59.3), indicating that
SEED voting produces a compact subset with good cross-backbone transferability.

E More Experiments

E.1 More Instruction Tuning Experiments

To further assess the generalization capability of SEED, we conduct additional experiments on four
out-of-domain benchmarks: SIQA [51] (0-shot), HumanEval [8] (0-shot), GSM8K [12] (4-shot), and
CLUE-C3 [54] (0-shot). These datasets span diverse domains, including commonsense, code, math,
and Chinese, none of which overlap with the instruction tuning candidate pool. We randomly sample
10 examples from each dataset as the target set for influence estimation.



Table 8: Performance comparison of different training data on multiple VLM benchmarks. Base
denotes training without any additional data (0%), Full uses the complete dataset (100%), Random
applies random selection (20%), and Ours refers to our proposed Honeybee-Remake-SEED-200K.

Training Data | MATHVISTA REALWORLD MATHVERSE HALLUSION Cgé/‘gg)v SIMPLEVQA MME | AVG.
QOwen3-VL (4B)
BASE 0%) 72.4 71.2 41.2 56.7 41.2/80.7 479 2279.5] 61.6
FuLL (100%) 78.4 73.7 51.8 55.9 50.8/75.8 47.5 2429.7| 65.1
RANDOM (20%) 73.6 71.8 49.4 533 47.3/74.8 48.8 2401.0| 63.1
OURS (20%) 74.4 73.2 48.4 56.8 51.5/76.9 49.0 2398.1| 64.5
LLaVA-OneVision-1.5 (4B)
BASE %) 67.7 71.4 39.6 46.7 37.7/67.8 36.3 2248.7| 55.9
FuLL (100%) 69.1 69.4 38.9 53.2 53.5/73.6 36.9 224471 59.3
RANDOM (20%) 66.4 69.0 37.0 51.6 52.0/72.2 39.2 2256.7| 58.5
OURS (20%) 70.5 68.8 44.6 52.4 48.5/75.0 38.6 2260.8| 59.9

Results in Table 9 show that SEED generalizes effectively to out-of-domain benchmarks, outperform-
ing full-data training on SIQA (42.4), HumanEval (+2.7), and CLUE-C3 (+3.0) using only 5% of
the data, spanning domains entirely absent from the candidate pool. However, SEED underperforms
full-data training on GSMB8K, likely because mathematical reasoning requires dense coverage of
problem-solving patterns that influence-based selection on a small target set cannot fully capture.
Overall, these results suggest that subspace-calibrated influence estimation transfers well across
diverse domains, while remaining sensitive to tasks that demand broad procedural coverage.

Table 9: Out-of-domain generalization of SEED on LLaMA2-7B under 5% selection ratio.

LLaMA2-7B ‘ SIQA HUMANEVAL GSMS8K CLUE-C3
BASE (0%) 48.3 14.6 16.5 42.1
FuLL (100%) 59.4 13.8 19.7 48.1
RANDOM (5%) 55.6 11.0 17.9 453
SEED (5%) 61.8 16.5 19.3 51.1

E.2 More Visual Instruction Tuning Experiments

In the main text, we present the performance of SEED on the visual instruction task under a 5%
selection ratio. Here, we further report its performance under a 1% selection ratio in Table 10.

Table 10: Performance of SEED on visual instruction tuning under 1% selection ratio.

Method MATHVISTA REALWORLD MATHVERSE HALLUSION C(‘;AQ/‘;’;V SIMPLEVQA MME | AVG.
BASE %) 72.4 712 412 56.7 4127807 47.9 22795] 61.6
FULL (oom| 784 737 51.8 559 50.8/75.8 475 2429.7 65.1
RANDOM 711 723 44.1 535 4557745 473 2397.4| 61.7
LESS [64] 1cML2a|  73.9 69.9 52.1 55.0 462179.4 48.8 2363.1| 63.7
TAILOR [67] ICCV25 73.5 72.0 48.5 55.6 50.2/74.5 49.5 2370.3| 63.6
SEED 74.1 74.0 515 55.1 48.1/79.4 48.0 2416.8| 64.6

E.3 More Experiments with Small Proxies

As discussed in §4, we assess the cross-family transferability of our data selection strategy using a
broad model pool. While the main text highlights four representative cases, we provide the full results
for all eight proxy-target pairs in Table 11. It demonstrates the robustness and scalability of SEED.



Table 11: Performance of SEED under proxy-driven selection settings. Each group pairs a smaller
proxy model with a larger target model, with progressively increasing scale gaps across heterogeneous
model settings and varying data selection ratios. SEED-T denotes the use of the transfer strategy.

Method TYDIQA MMLU BBH | AvG. Method TYDIQA MMLU BBH | AvG.
Proxy Model: ) LLaMA2-7B (Scale: 1.14X) Proxy Model: {v; Qwen3-1.7B (Scale: 4.12%)

0Q LLaMA3-8B 473 63.3 62.2 | 57.6 @ Deepseek-7B 354 47.0 424 | 41.6
FULL 100% 55.1 65.1 67.3 | 62.5 FuLL 100% 40.9 47.5 44.6 | 443
RANDOM 5% 51.6 64.0 63.1 | 59.6 RANDOM 5% 39.0 47.8 43.7 | 43.5
SEED-T 5% 59.0 65.7 66.8 | 63.8 SEED-T 5% 419 49.0 447 | 45.2
Proxy Model: ) LLaMA2-7B (Scale: 1.86x) Proxy Model: () LLaMA2-7B (Scale: 5.14 )

0Q LLaMA2-13B 38.7 54.0 46.5 | 46.4 Iyt Seed-OSS-36B 54.5 81.0 71.5 | 69.0
FuULL 100% 44.6 54.9 53.7 | 51.1 FuLL 100% 59.0 80.5 72.1 | 70.5
RANDOM 5% 42.0 53.8 47.6 | 47.8 RANDOM 5% 59.5 81.1 71.5 | 70.7
SEED-T 5% 47.3 55.7 50.1 | 51.0 SEED-T 5% 60.5 83.3 724 | 72.1
Proxy Model: G}. Qwen3-4B (Scale: 2.00 x) Proxy Model: {v; Qwen3-1.7B (Scale: 8.24x)

3% Qwen3-8B 36.5 72.7 78.3 | 62.5 B Phi-4-14B 49.4 80.3 69.0 | 66.2
FuLL 100% 52.9 75.6 73.1 | 67.2 FuLL 100% 54.1 82.0 73.1 | 69.7
RANDOM 1% 54.0 72.9 78.6 | 68.5 RANDOM 5% 53.7 81.1 71.8 | 68.9
SEED-T 1% 55.9 75.2 79.5 | 70.2 SEED-T 5% 55.8 83.2 73.2 | 70.7
Proxy Model: ;v; Qwen3-4B (Scale: 2.00 x) Proxy Model: (X) LLaMA2-7B (Scale: 10.00x)

0Q LLaMA3-8B 473 63.3 62.2 | 57.6 0Q LLaMA2-70B 413 68.2 654 | 583
FULL 100% 55.1 65.1 67.3 | 62.5 FuULL 100% 53.0 69.4 69.2 | 63.9
RANDOM 1% 52.3 65.3 66.3 | 61.3 RANDOM 1K 46.8 68.3 66.0 | 60.4
SEED-T 1% 54.8 66.0 68.4 | 63.1 SEED-T 1K 51.2 69.7 67.1 | 62.7

F Sensitivity Analysis

We analyze the sensitivity of SEED to two hyperparameters in edge construction: the number of
nearest neighbors & and the local scaling factor ow. Both parameters govern the adaptive threshold 7;
in Eq. (12), and their appropriate configuration is critical to constructing a balanced conflict graph.

(a) Sensitivity to k (b) Sensitivity to a
4aq ]~ Ava.score —e— Avg. Score
44.4 A
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k (number of nearest neighbors) a (local scaling factor)

Figure 8: Sensitivity analysis of SEED to k£ and a. Results are reported on the LLaMA2-7B,
measured as the average accuracy across TyDiQA, MMLU, and BBH under a 5% data budget.

Sensitivity to k. As shown in Figure 8(a), the average score peaks at k = 20 and remains stable within
k € [10, 50], with only marginal fluctuations. Excessively small values (k < 5) degrade performance
due to unstable local density estimates, while excessively large values (¥ > 100) over-smooth local
structures, causing the adaptive threshold to degenerate toward a global one. We set k& = 20 as the
default, balancing estimation stability and computational efficiency.

Sensitivity to a. As shown in Figure 8(b), the performance is consistent for o € [0.5, 0.9] and peaks
at o = 0.7. A smaller « causes 7; to approach the global threshold 7, effectively disabling local



adaptation. A larger a (o > 0.7) aggressively suppresses edges in dense domains, leading to a slight
performance drop. We adopt a = 0.7 as the default setting throughout all experiments.

Overall, the stability observed across hyperparameters confirms that SEED does not require careful
per-dataset tuning, and the default configuration generalizes well across diverse tasks and models.

G Discussion

G.1 Limitations

In this work, we instantiate SEED using a static similarity graph construction and a standard MWIS-
based optimization framework. While this design provides a principled and interpretable formulation
for data selection, it does not fully exploit recent advances in dynamic graph construction [43].
Besides, SEED is primarily evaluated under instruction tuning and visual instruction tuning settings.
Its effectiveness for other training paradigms, such as pre-training [45, 71] or reinforcement learning
[46, 73] data selection, remains underexplored and is an interesting direction for future study.

G.2 Societal Impacts

SEED framework involves computing pairwise similarities and solving an MWIS problem over large-
scale graphs, which introduces non-trivial computational overhead during data selection. However,
it improves downstream training efficiency by selecting more informative and diverse subsets of
data, thereby reducing redundancy in training data and lowering GPU costs and energy consumption,
particularly in large-scale or repeated training scenarios. Therefore, despite the upfront cost of data
selection, it contributes to more efficient and sustainable training pipelines in the long term.



