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Abstract

Large language models (LLMs) have shown
great potential across various industries due to
their remarkable ability to generalize through
instruction tuning. However, the limited avail-
ability of domain-specific data significantly
hampers their performance on specialized tasks.
While existing methods primarily focus on se-
lecting training data from general datasets that
are similar to the target domain, they often fail
to consider the joint distribution of instructions,
resulting in inefficient learning and subopti-
mal knowledge transfer. To address these chal-
lenges, we introduce G2IS (Gradient-based
Graph Instruction Selection), a novel method
that constructs a mixed gradient-based instruc-
tion graph to capture the joint distribution and
interdependencies between instructions. By ac-
counting for the relationships between instruc-
tions, G2IS improves domain adaptation effi-
ciency. Additionally, we propose a gradient
walk algorithm to refine the data selection pro-
cess, enhancing both training effectiveness and
efficiency. Our experiments demonstrate that
G2IS outperforms traditional methods across
various domain adaptation tasks, yielding sig-
nificant performance gains, particularly in com-
plex, data-scarce scenarios. These results un-
derscore the potential of G2IS in advancing the
development of large, domain-specific models.
The source code for this work is publicly avail-
able at: https://github.com/zy125413/G2IS.

1 Introduction

The increasing demand for personalized and
domain-specific applications has driven the rapid
advancement of domain-specific LLMs (Wu et al.,
2023; Zhang and Yang, 2023). Unlike general-
purpose models, these models should not only de-
velop general expertise but also continuously adapt
to evolving domain knowledge. However, the ef-
fectiveness of these models critically depends on
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Figure 1: On the FLAN-V2 dataset, our method selects
1% of the data and compares it with the full dataset
across three models. In most tasks, our approach us-
ing only 1% outperforms instruction tuning on the full
dataset.

their ability to efficiently acquire and apply rele-
vant, domain-specific knowledge.

Instruction tuning has emerged as a crucial
method for adapting LLMs to specialized domains
through the use of curated, task-specific instruc-
tion datasets (Peng et al., 2023; Zhang et al., 2023).
By exposing models to domain-relevant instruc-
tions, this approach significantly improves their
ability to generalize across various tasks, includ-
ing those requiring domain adaptation and complex
reasoning. However, a key challenge in domain-
specific instruction tuning is the limited availability
of high-quality annotated data. Additionally, con-
cerns such as user privacy have further exacerbated
the data limitations in these domain-specific areas.
To address this challenge, a promising solution is
data selection, which involves identifying, from
large-scale, general instruction datasets, the most
relevant and impactful training samples that closely
align with the target task (Zhao et al., 2024b). This
process can substantially enhance the model’s per-
formance within the target domain. Therefore, the
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effectiveness of the data selection method is criti-
cal, as it directly influences the success of domain-
specific instruction tuning.

A common approach to data selection involves
choosing samples that closely resemble the valida-
tion set (Xia et al., 2024; Joaquin et al., 2024).
However, training data typically exhibits com-
plex interdependencies (Yang et al., 2024; Zhao
et al., 2024a), which previous methods overlook
by treating relationships between data points inde-
pendently. As a result, similarity-based selection
methods fail to achieve optimal performance, limit-
ing the effectiveness of instruction tuning (Hiibotter
et al., 2024) . This failure to account for interde-
pendencies hinders the construction of an optimal
dataset, restricting the model’s ability to general-
ize. Fundamentally, data selection aims to identify
the data from the training set that possesses the
capabilities required to complete the target task. In-
struction data distributions form joint distributions,
where relationships between instructions should be
considered (Zhao et al., 2024a). However,earlier
methods (Xia et al., 2024; Joaquin et al., 2024)
failed to account for this joint distribution, leading
to suboptimal data selection.

To address these challenges, we propose G21IS,
an innovative approach leveraging gradient-based
knowledge representation for more efficient data se-
lection. G2IS employs a mixed instruction gradient-
based graph that models the complex relationships
between instructions. This graph captures the joint
distribution of instruction data, enabling more ef-
fective data selection. Model gradients capture
the informational content of training samples (Park
et al., 2023; Jain et al., 2024; Zhao et al., 2024b),
influencing parameter updates and implicitly encod-
ing how each sample contributes knowledge to the
model (Hammoudeh and Lowd, 2024). Building
on this, we enhance the robustness of the valida-
tion set by applying Principal Component Analysis
(PCA) (Kurita, 2021) to the gradients, extracting
core knowledge representations that guide data se-
lection. For the training set, we introduce a gra-
dient walk algorithm that refines sample selection
by leveraging these gradients. This approach con-
siders the joint distribution of instruction data, pro-
gressively selecting samples that align with the
core knowledge identified in the validation set. By
structuring the data selection process this way, we
ensure that the selected training data is efficient and
aligned with key knowledge, improving the overall
quality of the training process.

We validate G2IS across multiple domain bench-
marks. As shown in Figure 1, our method achieves
exceptional performance with only 1% of the train-
ing data, outperforming full-data instruction tuning
on most tasks. Notably, on the GSMS8K dataset us-
ing the Gemma-7B model, our approach improves
accuracy by 12.66% compared to full instruction
tuning. These results highlight the efficiency of
G2IS in reducing data requirements while main-
taining or even surpassing baseline performance.

2 Gradient-based Knowledge
Representation

During instruction tuning, LL.Ms update their
parameters through gradient-based optimization,
making gradients a natural representation of model
knowledge. Gradients reflect the influence of indi-
vidual training samples on parameter updates, re-
vealing which data points contribute most to model
learning. In this section, we explain how gradi-
ents are computed for the training and validation
sets and how they are used to construct a gradient-
based graph for efficient data selection. In the next
section, we introduce how to utilize the Gradient-
based Graph for Instruction Selection.

2.1 Gradient-based Knowledge
Representation

Gradients not only drive parameter updates during
instruction tuning but also implicitly encode knowl-
edge about how training data influences model
learning (Choe et al., 2024). By capturing the di-
rectional influence of each sample on parameter
updates, gradients naturally reveal the relationships
between instructions. Unlike static embeddings
or similarity-based methods, gradients provide a
dynamic, task-sensitive representation of knowl-
edge (Hammoudeh and Lowd, 2024), effectively
capturing both similarities and deeper interdepen-
dencies within the training data.

This can be understood through a first-order Tay-
lor expansion of the loss function, where the model
parameters update as:

0 =0 —-nVL(2,0), (1)

where 7 represents the learning rate, and the gra-
dient VL(z, 0) determines how each sample mod-
ifies the model, encapsulating its contribution to
learning. Thus, the relationships between gradi-
ents reflect the dependencies between instruction
data, with the similarity of instruction gradients
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enabling joint modeling and revealing the complex
relationships within instruction tuning data.

2.2 Gradient Computation on Training and
Validation Sets

To accurately capture the knowledge representation
of different data samples, we compute gradients
separately for both the training and validation sets.

For the training set, we define the momentum-
adjusted gradient VI'(z,6;), which represents
the effective gradient used for parameter updates
in modern LLMs trained with the Adam opti-
mizer (Kingma, 2014). Unlike standard gradients,
it incorporates both first-order and second-order
momentum terms, providing a more accurate rep-
resentation of how training samples contribute to
model optimization. Directly computing raw gra-
dients without considering momentum effects can
lead to imprecise knowledge representations. To
address this, we use the warmup method proposed
by Xia et al. (2024) and Liu et al. (2024), where the
model is pre-trained on a small subset of instruc-
tions to initialize the optimizer’s momentum states.
This ensures that VI'(z, 6;) reflects the actual opti-
mization dynamics, improving data selection preci-
sion and instruction representation.

For the validation set, we compute the first-order
gradient of the loss function with respect to model
parameters for each sample. This gradient directly
measures how each sample influences parameter
updates. To avoid momentum interference, prior re-
search (Xia et al., 2024) showed that using stochas-
tic gradient descent (SGD) for validation gradients
and Adam for training gradients improves data se-
lection accuracy. Therefore, we compute these gra-
dients using standard SGD without modifications.

Given the high computational cost of calculat-
ing full gradients for all model parameters, we
leverage LoRA (Hu et al., 2021) to compute gra-
dients within LoRA layers, significantly reducing
memory overhead while preserving key gradient
information. Additionally, we apply Random Pro-
jection (Johnson, 1984; Park et al., 2023) dimen-
sionality reduction techniques to efficiently extract
low-dimensional gradient features, ensuring com-
putational efficiency without sacrificing essential
knowledge representation.

2.3 Gradient-based Graph Construction

After obtaining gradient representations, we con-
struct a structured gradient-based graph, consist-
ing of nodes N, and edges R;;. Each node [V, in

the graph is defined as:
N, =VI'(z,0,), 2)

where VI'(z, 6;) encapsulates the sample’s contri-
bution to model updates, effectively encoding its
role in the instruction tuning process. Edges I?;; be-
tween nodes z; and z; are weighted by their cosine
similarity:

R;j = cos (VI'(2;,0:),VI'(2,6:)),  (3)

where higher values indicate stronger alignment
in their learning impact, and negative values sug-
gest potential conflicts. This structure captures not
only direct similarities but also complementary and
conflicting relationships between samples. By mod-
eling the training data as a gradient-based graph,
we capture the interdependencies overlooked by tra-
ditional similarity-based methods, laying the foun-
dation for further capturing joint training samples
that meet specific task requirements.

3 Gradient-based Graph for Instruction
Selection

As illustrated in Figure 2, our method begins with
a gradient-based graph. First, we apply PCA to
the validation set to reduce noise and extract core
knowledge. Using this core knowledge, we identify
‘walk anchors’. Finally, a walk algorithm utilizes
these anchors to select the training data most rele-
vant to the validation set.

3.1 Core Knowledge Extraction from the
Validation Set and Selection of Walk
Anchors

The validation set, which is typically small and de-
signed to resemble the test set, is often assumed to
be independent and identically distributed in previ-
ous studies (Xia et al., 2024; Joaquin et al., 2024),
where the average gradient is used as a proxy for
the core knowledge it encapsulates. However, the
main goal of the validation set is not only to rep-
resent the overall knowledge but also to capture
the essential capabilities required to solve specific
tasks. To more accurately extract this core knowl-
edge, we employ PCA on the gradient distribution
of the validation set. PCA identifies the principal
components of the gradients, which correspond to
the most critical task-related capabilities. Based
on these principal components, we select the most
relevant training samples as anchors for the walk
algorithm, using them as the starting point for the
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Figure 2: The left side illustrates the core knowledge extracted from the validation set. In the center, anchor selection
for the gradient walk is performed by identifying the most similar data points from the training set, based on the
core knowledge. These anchors are then used to conduct a gradient walk in the graph (right side), ensuring three key
conditions: No Conflict in Knowledge, Consistency with Core Knowledge, and Knowledge Coherence. Finally, a
gradient subgraph is selected in the lower-right corner, representing a subset of knowledge from the training set

(e.g., probabilistic knowledge).

gradient walk. Unless otherwise stated, we use the
first 50% of principal components in our experi-
ments, as they capture the majority of the variance
in the data, ensuring that the selected samples align
with the core knowledge required for the task.

3.2 Data Selection with a Walk Algorithm on
the Gradient-based Graph

To ensure that the selected training data effectively
supports the target task, we adopt a structured data
selection process based on a gradient-based graph,
rather than relying solely on similarity-based meth-
ods. By utilizing the gradient graph constructed in
the previous section, we capture both complemen-
tary and conflicting knowledge structures.

The gradient walk algorithm begins with an an-
chor that closely resembles the validation set. Us-
ing the weights corresponding to the principal com-
ponents of the validation set, the number of training
instructions required for each core knowledge com-
ponent is determined. The algorithm then expands
the instruction set by selecting data that contributes
positively to model learning while maintaining con-
sistency with the validation set.

The data selection process is governed by three
heuristic principles. First, No Conflict in Knowl-
edge ensures that new samples do not introduce
contradictions. The similarity between the new
node z and all existing nodes s should be non-
negative. Second, Consistency with Core Knowl-

edge prevents the selected training data from de-
viating significantly from the core knowledge by
ensuring that the alignment (cosine similarity) of
the growing instruction set with the Core Knowl-
edge Ky, does not degrade substantially. Specifi-
cally, the magnitude of the cosine similarity after
adding a new sample must be at least a factor § of
the similarity before adding it. Third, Knowledge
Coherence ensures that, building on the previous
two principles, the selected data is most similar to
the most recent instruction s*. Formally, the data
selection process is defined as:

z* = argmax cos (VI'(z,0;), VI'(s*,6;)), (4)
2€Z

subject to the following constraints:

cos (I'(z,0,),T(s,60,)) >0, VseS, (5

| cos (D(SU{z},6:), Ky) | >
) ‘ cos (I'(S, 0;), Ky) |v

where z* is the next selected node, Z is the nodes
in the gradient-based graph, S is the current in-
struction set, and Ky is a core knowledge from the
validation set.

The function cos(I'(S, 0;), Ky) represents the
cosine similarity between the average gradient of
the current instruction set S and the core knowl-
edge from the validation set. s* refers to the most
recently added node in the instruction set, ensur-
ing new selections align with the evolving training

(6)
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Llama3.1-8B

Gemma-7B

Mistral-7B

ratio Ins

BBH GPQA GSMS8K Math MMLU BBH GPQA GSM8K Math MMLU BBH GPQA GSMS8K Math MMLU

BERT 63.05
1% LESS 63.46
G2IS 64.78

29.94
31.57

60.65
62.02

30.55 56.79 20.22

18.66
20.96

61.87
63.15
63.42

49.79
58.95
60.25

34.22
30.96
35.03

53.15
58.45
61.64

20.92
20.02
22.88

60.75
59.85
62.17

56.77
57.93
58.59

24.85
27.49
29.44

43.44
44.05
46.40

13.30
14.04
14.68

58.30
55.26
58.64

BERT 59.65
5% LESS 64.17
G2IS 65.07

26.68
29.94
34.22

50.95
63.08
64.06

20.46
18.90
21.00

62.33
62.87
63.36

44.39
58.65
59.38

31.57
31.16
34.42

55.80
60.58
62.70

22.16
20.26
23.00

59.85
59.86
62.13

53.72
56.06
57.40

26.27
28.51
31.57

45.79
52.24
54.44

14.02
13.78
14.14

58.00
58.20
59.28

All 64.71 29.74

58.30

20.26

62.75

58.12

28.72

63.31

23.64

59.66

56.95

29.74

52.99

18.52

58.04

ratio COT BBH GPQA GSMS8K Math MMLU BBH GPQA GSM8K Math MMLU BBH GPQA GSMS8K Math MMLU

BERT 63.68
1% LESS 64.29
G2IS 65.66

28.51
27.90
32.59

53.90
57.70
62.70

16.36
18.54
21.38

63.04
63.42
64.22

58.50
59.47
61.60

28.92
32.18
33.20

57.717
57.47
63.76

21.08
21.28
23.44

59.61
59.43
62.34

56.11
56.38
58.04

23.42
27.49
28.72

40.79
44.81
49.20

12.30
11.54
12.64

57.87
57.04
59.09

BERT 63.60
5% LESS 62.76
G2IS 65.14

29.33
29.74
30.55

61.11
60.73
62.47

17.60
17.74
20.68

62.48
63.02
64.01

56.77
59.15
60.44

29.94
29.74
35.23

60.12
60.88
64.90

21.40
21.08
23.10

58.94
59.31
61.85

54.42
56.87
57.68

28.51
27.29
28.92

44.58
48.45
49.41

11.68
11.32
13.36

56.22
58.05
59.48

All 60.18 30.35

60.58

17.06

60.35

56.58

29.53

60.35

19.46

59.01

54.58

27.29

51.78

10.42

57.79

ratio FLAN BBH GPQA GSM8K Math MMLU BBH GPQA GSM8K Math MMLU BBH GPQA GSMS8K Math MMLU

BERT 64.03
1% LESS 64.81
G2IS 64.84

29.53
28.72
31.16

50.99
51.55
60.12

15.58
14.92
19.30

63.50
60.79
64.36

59.88
57.76
61.39

30.75
32.99
32.99

52.16
56.18
62.09

19.14
21.68
22.70

59.95
59.92
62.06

55.60
56.47
57.89

23.01
26.07
28.72

39.50
37.60
43.90

12.50
12.38
13.26

56.89
51.64
59.19

BERT 62.94 29.53
5% LESS 62.76 29.33
G2IS 65.27 30.96

50.57
52.31
62.40

17.26
18.32
20.40

62.90
63.77
64.03

59.15
59.21
60.70

30.96
30.75
34.01

52.54
54.44
63.68

17.62
21.46
22.44

60.31
60.72
61.78

54.83
55.55
59.13

26.68
26.68
27.29

37.07
38.36
48.98

12.98
11.04
13.46

53.87
58.74
59.77

All 63.52 332

51.71

18.70

62.88

58.29

29.94

49.43

20.88

60.80

54.29

29.94

35.63

10.74

58.99

Table 1: Performance comparison of data selected from the top 1% and 5% most beneficial samples for enhancing
performance on BBH, GPQA, GSM8K, Math, and MMLU tasks. Experiments were conducted using Llama3.1-8B,
Gemma-7B, and Mistral-7B v0.3, fine-tuned on Infinity-Instruct, COT, and FLAN-v2 for single-task objectives.

set. The parameter ¢ acts as a threshold control-
ling the allowable degradation in alignment with
core knowledge. Unless specified otherwise, we
set 0 = 0.8 to balance diversity in selected data
with alignment to the validation set.

For a detailed description of the algorithm, refer
to Appendix C. By incorporating the joint distri-
bution between instructions, it maximizes consis-
tency with both the validation set and its inher-
ent knowledge, while simultaneously avoiding con-
flicts, thereby enhancing the model’s learning effi-
ciency.

4 Experiment

To validate our method, we focus on two key ar-
eas: data selection for single-task optimization and

gradient-based selection for multi-task instruction
tuning. By comparing with baseline methods, we
demonstrate the robustness and generalizability of
our approach in both settings.

4.1 Experimental Setup and Baselines

To ensure a fair evaluation, we selected state-of-the-
art language models: Llama3.1-8B (Dubey et al.,
2024), Gemma-7B (Team et al., 2024), and Mistral-
7Bv0.3 (Jiang et al., 2023). Details of the training
and testing data are provided in Appendix A.

We compared our method with two baselines:
Less (Xia et al., 2024), a leading data selec-
tion approach, and Sentence-BERT (Reimers and
Gurevych, 2019), a widely used training data se-
lection method. Training was performed using the
Llama-Factory (Zheng et al., 2024), and model
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performance was evaluated with the Open LLM
Leaderboard Harness (Gao et al., 2024), which
provides a standardized assessment methodology.
Further details on experimental configurations are
in Appendix B.

4.2 Optimizing Data Selection for Single-Task
Performance

Table 1 presents a comparative analysis of G2IS
against baseline methods across multiple bench-
mark datasets. The results show that G2IS con-
sistently outperforms Less and Sentence-BERT, re-
gardless of whether 1% or 5% of the training data is
selected. Notably, our method excels on multi-task
datasets like FLAN, which is consistent with Wang
et al. (2023), suggesting that targeted data selection
outperforms full-dataset instruction tuning. Com-
pared to the other two datasets, FLAN-V2 covers
a broader range of tasks, better simulating the pro-
cess of extracting specific domain instructions from
large-scale data. Furthermore, G2IS demonstrates
significant improvements on complex reasoning
tasks like GSM8K and BBH, showcasing the ad-
vantages of using a gradient-based graph structure
to jointly model instruction tuning data, leading to
better performance on complex tasks.

A particularly noteworthy observation is that se-
lecting just 1% of the training data often yields
better performance than using 5% or even the en-
tire dataset. This suggests that a small subset of
highly relevant data plays a crucial role in enhanc-
ing task-specific performance, while the presence
of excessive or irrelevant data can introduce noise
and hinder the model’s generalization capabilities.

Additionally, our findings show that models
trained on the full dataset generally underperform
compared to those trained on the top 1% and 5%
subsets selected by G2IS. This further validates
that blindly instruction tuning on the entire dataset
does not yield optimal results. Instead, carefully
curated, high-quality subsets align better with task
requirements, especially for complex or specialized
tasks. These results are consistent with the conclu-
sions drawn by Tsai et al. (2024) and Zhou et al.
(2024). They confirm the effectiveness of gradient-
based, graph-driven data selection in enhancing
model performance and training efficiency.

4.3 Enhancing Multi-Task Instruction tuning
with Gradient-based Data Selection

To further assess the robustness of our method,
we evaluated its performance in multi-objective

Llama Gemma Mistral
FLAN BBH GSMSK BBH GSMSK BBH GSMSK
BERT 63.74 52.16 60.82 53.15 56.37 37.53

1% LESS 64.05 53.53 56.87 53.53 56.70 39.95
G2IS 65.01 58.98 61.05 62.32 58.45 43.44
BERT 62.40 50.27 60.07 50.57 56.09 35.10

5% LESS 59.07 46.55 56.14 51.10 53.89 34.50
G2IS 65.81 57.85 61.36 59.97 58.09 46.40

All 63.52 51.71 58.29 49.43 5429 35.63

COT BBH GSM8K BBH GSM8K BBH GSM8K
BERT 63.23 55.88 60.57 51.78 55.64 39.20

1% LESS 63.69 58.91 59.35 60.05 56.01 44.73
G2IS 64.60 60.12 61.36 62.93 58.93 49.51
BERT 63.40 59.21 56.54 58.38 55.55 46.70

5% LESS 63.46 57.16 58.65 56.48 55.24 45.03

G2IS 63.69 60.88 60.74 59.29 58.04 47.08

All 60.18 60.58 56.58 60.35 54.58 51.78

ratio

Table 2: Performance of different methods in selecting
data from FLAN or COT to simultaneously improve
performance on BBH and GSMS8K complex reasoning
tasks.

optimization by combining the validation sets of
GSMEK and BBH. GSMSK focuses on mathe-
matical reasoning, requiring step-by-step problem-
solving, while BBH is a general complex reasoning
dataset. Although distinct, these tasks share signif-
icant structural similarities, making them suitable
for multi-task optimization.

As shown in Table 2, traditional methods like
Less struggle with multi-task optimization, show-
ing performance degradation in multi-task scenar-
ios. In contrast, G2IS demonstrates robustness in
handling multiple objectives, consistently deliv-
ering strong results across both. These findings
confirm that our gradient-based graph approach ef-
fectively balances conflicting objectives, enabling
efficient multi-task instruction tuning.

5 Ablation Study

Building on our experimental results, we conduct
ablation studies to identify the key factors contribut-
ing to the effectiveness of our method. Specifically,
we examine two aspects: (1) the impact of varying
principal component ratios on task performance by
selecting different proportions of principal compo-
nents and analyzing their influence on the results,
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coT

Model ratio w/o

FLAN

BBH GPQA GSMS8K Math MMLU Avg

BBH GPQA GSM8K Math MMLU Avg

w/o graph  65.64 30.55
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61.42 095| 64.03 30.55 58.15 1896 61.6 0.97

1%  wlo gradient 64.57 32.53 5891
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64.75 30.14 57.01 19.12 63.84 0.98

G2IS 65.66 32.59 62.7
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w/o graph  58.61 31.77 59.89

21.46 60.92 0.95

60.88 31.16 61.41 21.68 59.67 0.97

1%  w/o gradient 58.93 32.79 62.62

225 61.45 098

59.48 30.14 58.38 22.58 61.71 0.96

G2IS 61.6 332 63.76
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23.44 62.34 1.00

61.39 3299 62.09 22.7 62.06 1.00

w/o graph  58.15 31.16 56.1

20.2 60.56 0.91

59.75 33.6 56.25 21.48 60.74 0.96

5%  wio gradient 59.48 32.59 59.29

21.56 60.60 0.95

59.67 30.96 58.07 21.26 61.35 0.95

G2IS 60.44 3523 64.9

23.1 61.85 1.00| 60.7 34.01

63.68 22.44 61.78 1.00

w/o graph  57.06 28.52 43.52

12.46 59.02 0.97

57.72 2833 398 11.92 58.31 0.95

1%  wlo gradient 55.83 25.87 43.52

12.56 58.71 0.96

57.27 2749 439 1282 583 098

G2IS 58.04 28.72 49.2

Mistral

12.64 59.09 1.00

57.89 28.72 439 13.26 59.19 1.00

w/o graph 57.28 28.51 423

12.44 59.01 095| 57.1

2724 4435 12.34 5899 0.95

5%  wio gradient 57.4 28.11 44.96

11.78 57.26 0.94

57.99 2699 45.11 12.46 58.45 0.96

G2IS 57.68 28.92 4941

13.36 59.48 1.00

59.13 27.29 48.98 13.46 59.77 1.00

Table 3: An ablation study was conducted on the COT and FLAN datasets using Llama3.1-8B, Gemma-7B, and
Mistral-7B models."w/o graph" refers to a variant with no graph structure,where training samples are selected
solely based on principal component analysis."w/o gradient" replaces the gradient-based representation with a
Sentence-BERT-based similarity measure for comparison. The experiment evaluates data selection for BBH, GPQA,
GSMSK, Math, and MMLU tasks."Avg" represents the average accuracy of each method relative to our approach.

and (2) the role of key components within the struc-
tured gradient-based graph approach. To explore
this, we perform controlled experiments to isolate
the effects of each factor. We compare our method
with variants that either use PCA without the graph
structure or replace gradient-based representations
with BERT-based semantic similarity measures.

5.1 Impact of Principal Component Ratios

To investigate the impact of principal component
ratios on task performance, we select the top 1% of
data from the Infinity-Instruct dataset and evaluate
it using the MMLU and GSM8K benchmarks. As
shown in Figure 3, the optimal principal compo-
nent ratio varies across tasks, though its overall
impact remains limited. For tasks like MMLU,
which require multi-domain knowledge and exhibit
high noise, filtering out lower-variance components

improves performance by reducing irrelevant or
conflicting information. In contrast, for tasks like
GSMSK, which focus on mathematical reasoning
with minimal domain conflict, retaining more com-
ponents helps preserve crucial task-related knowl-
edge, enhancing performance. Despite these task-
specific variations, the effect of adjusting the prin-
cipal component ratio is constrained. In most cases,
our method consistently outperforms traditional se-
lection approaches, highlighting its robustness and
effectiveness across different tasks.

5.2 The Role of Graph Structure and
Gradient-based Representations

To assess the contributions of the two core compo-
nents of our method—the structured graph-based
framework and gradient-based knowledge repre-
sentation—we conduct a comparative ablation ex-
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Figure 3: On the Infinity-Instruct dataset, we utilize the
gradient walk algorithm based on principal components
of knowledge extracted from different proportions of
the validation set. The results of training after selecting
data to enhance MMLU (top) and GSMS8K (bottom)
performance are presented.

periment. Specifically, we introduce two ablation
settings: (1) w/o graph,where knowledge is ex-
tracted solely via PCA and selected based on gra-
dient similarity, and (2) w/o gradient,where the
gradient-based similarity measure is replaced with
a BERT-based semantic similarity approach.

The results on the COT and FLAN datasets,
shown in Table 3, demonstrate the necessity of
both structured graph modeling and gradient-based
representations. While both components improve
performance, the structured graph is especially crit-
ical. As the number of selected instructions in-
creases, the graph-based approach consistently out-
performs by capturing interdependencies between
instructions, reducing redundancy, and optimizing
knowledge transfer. These findings highlight the ef-
fectiveness of our graph-based selection framework
in enhancing instruction tuning.

6 Related Work

Recent studies (Park et al., 2023; Jain et al.,
2024) have explored using model gradients for
instruction-tuning data selection, showing that gra-
dients capture the informational content of training

samples. Xia et al. (2024) proposed a gradient
similarity-based approach that selects data aligned
with the validation set, achieving performance com-
parable to full-data instruction tuning using only
5% of the data. Joaquin et al. (2024) improved
data selection for large models by leveraging the
similarity between the training and validation sets
in smaller models, enhancing selection efficiency.

However, these approaches focus on similarity
and fail to capture the deeper interdependencies
within the training data. Previous research (Zhao
et al., 2024a) found that instructions are not inde-
pendent, but instead exhibit interdependencies. By
leveraging these dependencies, instruction tuning
performance can be improved. Moreover, Hiibot-
ter et al. (2024) highlighted that similarity-based
selection overlooked these dependencies, limiting
the effectiveness of instruction tuning.

Several studies (Lu et al., 2023; Bhatt et al.,
2024) enhance dataset complexity and diversity.
While modifying data distributions for general-
ization, they prioritize adaptability over domain-
specific optimization and omit explicit modeling of
relationships between training samples.

With the rise of domain-specific LLMs (Wu
et al., 2023; Zhang and Yang, 2023), instruction se-
lection methods should account for dependencies in
training data. Unlike similarity-based approaches,
graph-based models capture interdependencies, re-
duce redundancy, and enhance knowledge transfer.
This highlights the need for more effective selec-
tion strategies that extend beyond similarity, opti-
mizing instruction tuning for specialized domains.
Graph-based models, like G2IS, offer a promis-
ing solution by capturing complex relationships,
leading to improved performance.

7 Conclusion

We introduced G2IS, a gradient-based instruc-
tion selection method aimed at enhancing domain-
specific instruction tuning by constructing struc-
tured gradient-based graphs. Unlike traditional
methods, which rely on similarity measures, G2IS
captures the joint distribution and interdependen-
cies between instructions, leading to more efficient
data selection. Our experiments on state-of-the-art
models demonstrate that G2IS significantly outper-
forms conventional instruction tuning approaches,
achieving superior results with only 1% of the train-
ing data, especially on complex reasoning tasks
like GSMS8K and BBH. Notably, G2IS excels in
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selecting highly relevant data, showing that smaller,
carefully curated subsets outperform larger, less rel-
evant datasets. Ablation studies further confirm the
critical role of both the structured graph framework
and gradient-based representations in optimizing
knowledge transfer and improving performance.
These findings emphasize G2IS’s potential to en-
hance task-specific learning, reduce data require-
ments, and enable more efficient instruction-tuning
strategies, particularly in data-limited specialized
domains.

8 Limitations

In this study, we adopt the LoRA method and com-
pute gradients only for the LoRA layers, rather
than for the full model parameters, to reduce com-
putational cost. While our method demonstrates
strong performance across various instruction-
tuning tasks, we have not yet evaluated whether
computing full-parameter gradients could further
enhance data selection effectiveness. Additionally,
due to computational constraints, our experiments
are primarily conducted on 7B and 8B-scale mod-
els (e.g., Llama3-8B, Gemma-7B, Mistral-7B), and
we have not yet tested our method on larger-scale
LLMs (e.g., 13B, 65B, 175B). In future work, we
plan to extend our study to full-gradient computa-
tion and larger-scale models to more comprehen-
sively assess the applicability and optimization po-
tential of the G2IS method.
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A Appendix: Data Construction

A.1 Training Data Construction

« Infinity-Instruct ' We randomly selected 1
million instruction-tuning samples from the
InfInstruct-3M core subset for training.

* COT (Wei et al., 2022) and FLAN-v2 (Long-
pre et al., 2023) We used the cleaned dataset
provided by (Xia et al., 2024) to ensure data
quality.

A.2 Validation and Test Data Construction &

Evaluation Methods
BBH Dataset (Suzgun et al., 2022)

L]

— Validation set: We used the original
dataset’s development set, which consists
of 81 samples.

— Evaluation method: 0-shot evaluation.

GPQA Dataset (Rein et al., 2023)

— Validation set: Since the original dataset
does not include an official development
set, we randomly selected 55 samples
as the validation set, with the remaining
samples used for testing.

— Evaluation method: 0-shot evaluation.

GSMSK Dataset (Cobbe et al., 2021)

— Validation set: We randomly selected
100 samples from the training set as the
validation set.

— Evaluation method: 5-shot evaluation.

* Math Dataset (Hendrycks et al., 2021b)

— Validation set: We randomly selected
200 samples from the training set as the
validation set.

— Evaluation method: 4-shot evaluation.

* MMLU Dataset (Hendrycks et al., 2021a)

— Validation set: We used the original
dataset’s dev set, which consists of 1,531
samples.

— Evaluation method: 0-shot evaluation.

To ensure consistency and fairness in the evalua-
tion process, we used the harness evaluation frame-
work (Gao et al., 2024), keeping all hyperparame-
ters at their default settings.

1https://huggingface.co/datasets/BAAI/
Infinity-Instruct

B Appendix: Train Setup
B.1 Experimental Setup

All experiments were conducted on an A100-
SMX4 GPU cluster. To ensure fair compar-
isons and reproducibility, we used the Llama-
Factory (Zheng et al., 2024) for model training
and followed the experimental configurations out-
lined in (Xia et al., 2024).

The model was fine-tuned using the LoRA
method with a rank of 128, o = 512, and a dropout
rate of 0.1. We employed bf16 precision and used
the cosine learning rate scheduler with an initial
learning rate of 2 x 107°. The training process
spanned 3 epochs, with a batch size of 2 per device,
gradient accumulation steps set to 16, and a warm-
up ratio of 0.3. The maximum sequence length
was set to 2048 tokens. For optimization, we used
the DeepSpeed ZeRO-2 (Rajbhandari et al., 2020)
configuration.

B.2 Warmup Strategy and Random
Projection

To effectively initialize the momentum of the
Adam optimizer, we employed a warmup strat-
egy.Specifically, we randomly selected 5,000 sam-
ples from the training dataset and conducted 4
epochs of training to initialize the LoRA layer pa-
rameters and optimizer momentum.Given the high
computational cost of tracking momentum at ev-
ery training step, we approximate the model’s mo-
mentum when encountering new data by using the
momentum accumulated after these 4 epochs.Since
the model sizes are similar, we adopted hyperpa-
rameters similar to those used in Xia et al. (2024).

Due to the significant magnification of gradients
in the LoRA layer, we reduce the dimensionality
of the LoRA gradients by applying Random Pro-
jection (Park et al., 2023), as suggested by Xia
et al. (2024), to project the gradients down to 8192
dimensions.

B.3 Computational Cost Analysis

The primary computational cost of this experi-
ment comes from gradient computation. How-
ever, since we adopt the LoRA method and com-
pute gradients only for the LoRA layers, the
overall computational overhead is significantly re-
duced compared to full-parameter instruction tun-
ing.Furthermore, the additional cost compared to
existing gradient-based similarity methods is neg-
ligible.In the construction of the gradient-based
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graph, we employ efficient sparse computation
techniques, and the entire process can be com-
pleted on the CPU, eliminating the need for ad-
ditional GPU resources.Overall, G2IS introduces
minimal additional computational cost while sig-
nificantly improving the efficiency and accuracy of
data selection, making it both practical and scal-
able.
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C Appendix:Gradient Walk Algorithm for Instruction Selection

Algorithm 1: Gradient Walk Algorithm for Instruction Selection

Input: Z: Training dataset, }: Validation dataset, 6: Threshold for validation consistency, k:
Principal component selection threshold (e.g., cumulative variance ratio), ratio: Percentage
of training data to be selected

QOutput: S: Selected instruction subset

Step 1: Compute Gradients

for each validation sample v € V do

| Compute validation gradient: Vyy(v) = VL(v,0)
end
for each training sample z € Z do

‘ Compute training gradient: Vigin(2) = VI'(z,0) // Momentum-adjusted gradient
end

Step 2: Extract Core Knowledge from Validation Set

Perform PCA on {V,(v)|v € V}

Select top-k% principal components based on cumulative variance ratio

Represent validation core knowledge as Ky,

Normalize weights: a; = kailw so that Zle a; =1

Step 3: Gradient Walk Selection

for each principal component i do

| Compute selection budget: Nyejecr,; = ratio x |Z| x a;

end

Initialize S < ()

for each v € Ky, do

Initialize S’ « ()

Choose s € Z maximizing cos(Vin(s), v)

S+ S U{s}

while |S'| < Nyelecr,i do

Sort z* from Z \ S’ in descending order by cos(V ain(2*), Virain(s))

Set found = False

for each sorted z* do

ifVs' € 8, cos(Viain(2*), Virain(s')) > 0 and

|c0s(V,m,~n(S’ U {z*}),KV)‘ >4 }cos(V,mm(S’),Ky)‘ then
S+« S uU{z*}
Update s = z*
Set found = True
break for-loop

end
end
if not found then
Choose 2* = arg max,¢ z\ s/ €0S(Virain (2), Kv)
Update s = z*
S« S uU{z*}
end
end
S+ Sus
end
return S
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