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Abstract

Instruction tuning (IT) is a central mechanism
for aligning large language models (LLMs) with
user intent. In practice, randomly shuffling the
training set is a simple yet surprisingly strong
baseline. However, it overlooks latent struc-
ture, such as domain and reasoning depth, and
thus interleaves heterogeneous objectives, which
can induce gradient conflicts and diminish effec-
tive optimization progress. To this end, we pro-
pose EP-Order, an embedding-proximity-based
data-ordering paradigm for IT of LLMs. Unlike
previous paradigms that derive order from per-
example scores, EP-Order explicitly accounts for
inter-sample correlations by operating in rep-
resentation space. EP-Order trains a warm-up
model on a small subset of data (e.g., 10%), em-
beds all training samples for clustering, and ranks
these clusters according to embedding proxim-
ity. To handle sharp gradient changes at cluster
transitions and alleviate catastrophic forgetting
under cluster-based training, we introduce mixed
regions that interleave samples from the previ-
ous, current, and next clusters, thereby stabilizing
learning. Extensive experiments on 14 bench-
marks spanning vision-language, text-only, and
hybrid thinking/no-thinking scenarios show that
EP-Order achieves broadly consistent improve-
ments over random shuffling. These results sug-
gest that exploiting embedding-level data struc-
ture offers an effective and general direction for
improving IT on complex, high-conflict training
data.
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Figure 1. (a) Prior work assigns per-sample difficulty scores (e.g.,
token length and loss) and orders training accordingly. (b) Our
EP-Order schedules training at the group level: we cluster exam-
ples by embedding proximity, assign group-level scores, and train
by groups rather than individual samples. (c) Illustration of the
optimized paths of the Random paradigm (with smaller ER) and
the Grouped paradigm (with larger ER) under the same number of
steps. The Grouped paradigm moves faster and more accurately
towards the optimization goal. (d) Generalization performance of
EP-Order and four competing paradigms on 7 benchmarks.

1. Introduction

Instruction tuning (IT) has become a central step for align-
ing large language models (LLMs) with user intent, bridging
unsupervised/supervised pretraining and post-training align-
ment. By fine-tuning on instruction—response pairs, LLMs
acquire stronger task generalization and safer, more helpful
behavior, making them more suitable for providing satisfac-
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tory results.

While LLMs receive most of the attention, data is the pri-
mary driver of IT effectiveness with the guidance of the
scaling law. Previous work mainly focuses on efficient IT,
i.e., data selection, showing that carefully designed mixtures
and small, high-quality supervision can rival or exceed train-
ing with much larger but noisier corpora. Representative
strategies include self-guided difficulty scoring after a brief
warm-up (Li et al., 2024), gradient-based valuation (Liu
et al., 2025), training-free intrinsic criteria (Bi et al., 2025),
and adaptive online selection (Lee et al., 2025). These meth-
ods largely optimize what to keep (and how much), rather
than how to organize the data.

A complementary and increasingly important perspective
is to optimize how we arrange the training data we already
have. Most prior work (Liu et al., 2024a; 2023; Zheng et al.,
2024) follows a Random shuffling paradigm for training
data, which is simple and often robust. However, random
shuffling indiscriminately interleaves heterogeneous sam-
ples during optimization, implicitly ignoring latent structure
such as difficulty, domain, modality, or reasoning depth. A
prior study on multi-task optimization has shown that such
unstructured interleaving of heterogeneous objectives can
induce gradient conflicts and reduce effective optimization
progress (Yu et al., 2020). This suggests that random mixing,
while convenient, may be suboptimal in a high-conflict train-
ing paradigm. A straightforward approach is curriculum
learning (CL), which orders examples from ‘easy’ to ‘hard’
using length-, attention-, entropy-, or loss-based heuris-
tics (Kim & Lee, 2024; Jia et al., 2026). Beyond such
proxies, model-aware evaluation strategies, e.g., answer-
token entropy (Goncharov et al., 2026), perplexity differ-
ence (Zhang et al., 2025b;a), and learnability—quality scor-
ing (Dai et al., 2025), explicitly account for the dynamics
of learning. However, these strategies derive per-example
difficulty and largely ignore inter-sample interactions (see
Fig. 1(a)), which may be a more critical bottleneck for
building stronger IT models, as our experiments in Section
4.2 show that recent CL-based paradigms fail to outperform
the Random paradigm.

To verify this intuitive insight, we experimented with eval-
uating the metrics of efficiency ratio (ER)', that larger ER
yields larger effective progress per step (theoretical analysis
is introduced in Section 3.2), for orders obtained from the
Random paradigm or the group-based order. Specifically,
for the Random paradigm, we randomly extracted 15 sets
of samples from the LLaVA fine-tuning dataset (Liu et al.,
2024a), and each set contains 128 samples (a mini-batch).
For the group-based paradigm, we obtained groups based
on embedding clustering and randomly extracted sets from

'ER is the norm of the weighted mean of per-sample gradient
directions within a mini-batch.

each cluster, each also contains 128 samples. We calculated
the ER for each set and regarded the average value for each
paradigm. The result shows that the ER of the group-based
order (0.71) is significantly larger than the random-based
one (0.54), suggesting that the group-based order is able to
provide more sufficient information utilization by reducing
gradient cancellation. We illustrated the value of larger ef-
fective progress, as shown in Fig. 1(c), which moves faster
and more accurately towards the optimization goal.

Motivated by this, we ask: Can IT be improved by reorganiz-
ing data so that semantically similar examples are learned
together, with CL operating over groups rather than isolated
items? Our core insight is that embedding-level proximity
serves as a practical proxy for mutual influence during opti-
mization: samples that are nearby in representation space
tend to induce compatible gradients and are thus natural to
co-train. Therefore, we propose EP-Order, an Embedding-
Proximity-based paradigm that produces a group-based data
Order for LLM’s IT, as shown in Fig. 1(b). EP-Order
first trains a warm-up model on a small subset of data (e.g.,
10%), then uses the model to embed all training examples
and clusters them in the resulting representation space. We
construct a curriculum over clusters and train with over-
lapping ‘mixed regions’ that interleave examples from the
previous, current, and next clusters to stabilize learning
and mitigate catastrophic forgetting. We evaluate EP-Order
across three application settings: vision—language, text-only,
and hybrid thinking/no-thinking, covering 14 benchmarks
(22 sub-benchmarks). While experiments often find random
shuffling to be a strong baseline, EP-Order surpasses it on
most benchmarks shown in Fig. 1(d).

The main contributions of this paper are as follows:

* We identify group-wise data ordering as an underex-
plored lever for IT and conduct a theoretical analysis of
the advantage for group-based data ordering. We, there-
fore, introduce EP-Order, which organizes training by
feature-proximity clusters rather than per-example dif-
ficulty.

* We instantiate EP-Order via (i) a warm-up stage to ob-
tain representations, (ii) clustering to form semantically
coherent groups, and (iii) an overlapping mixed-region
schedule that maintains stability and reduces forget-
ting.

* We conduct comprehensive experiments on 14 bench-
marks spanning vision-language, text-only, and hy-
brid thinking/no-thinking text-only scenarios, showing
that EP-Order achieves superior generalization com-
pared with random shuffling and competing ordering
paradigms.
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2. Related Work

The effectiveness of IT for large models (LMs), e.g., multi-
modal LLMs and LLMs, depends not only on data quality
but also on how the training data is organized and presented
during training. Our work builds on two lines of research:
curriculum learning strategies for LMs and data optimiza-
tion competition in multi-domain/multimodal data.

2.1. Curriculum Learning Strategies for LMs

Static difficulty heuristics. A straightforward way to im-
pose a curriculum is to sort supervision examples from
‘easy’ to ‘hard’ using proxies defined on inputs, model
traces, or early training signals. Kim and Lee (Kim & Lee,
2024) systematically compare length-, attention-, and loss-
based difficulty measures under various training epochs,
reporting small and inconsistent gains over random shuf-
fling. EntropyLong (Jia et al., 2026) identifies high-entropy
positions in documents, retrieves semantically relevant con-
texts from large corpora, and evaluates utility by checking
whether prediction entropy is reduced. Model-aware diffi-
culty and preference. Rather than static heuristics, model-
centric scores measure what the current or a reference model
finds hard. Complexity-aware fine-tuning (Goncharov et al.,
2026) uses answer-token entropy computed by the student to
split data, applying standard IT to the low-entropy split and
distilled CoT to the high-entropy split. PDPC (Zhang et al.,
2025b) defines a Preference Curriculum by measuring a sam-
ple’s perplexity difference (PD) between a weak and a strong
model, scheduling high-PD data later with an S-shaped pac-
ing function. FRAME (Zhang et al., 2025a) partitions pre-
training data by two axes, perplexity (PPL) and PD, and
orders stages from high- to low-PPL and from low- to high-
PD. DELT (Dai et al., 2025) frames data efficacy as three
levers, scoring — selection — ordering, introducing Learn-
ability—Quality Scoring, and Folding Ordering to counter
forgetting and distribution bias, elevating ordering to a first-
class design choice alongside filtering. Scheduling beyond
strict ‘easy-to-hard’. Human-inspired and competence-
aware curricula relax strict monotonic schedules. Lee et
al. (Lee et al., 2024) synthesize and stage instructions to
emulate human learning sequences, while CAMPUS (Li
et al., 2025) adapts difficulty to model progress. Zhang
et al. (Zhang et al., 2026) systematize LLM curricula by
three scheduler families (strict, pacing, interleaved) and six
model-agnostic difficulty signals (compression ratio, lexi-
cal diversity, readability, token length, fertility, perplexity).
They conclude that ordering itself matters, curricula, even
as brief warm-ups, accelerate learning, and that information-
density/lexical-richness signals are more reliable than raw
perplexity. Despite their differences, the above strategies pri-
marily derive order from per-example signals. In contrast,
we advocate moving beyond isolated items to explicitly ac-
count for inter-sample correlations, and we introduce a

group-wise ordering framework for IT.

2.2. Data Optimization Competition in
Multi-domain/Multimodal Data

Data optimization competition refers to interference among
heterogeneous corpora (domains/modalities) when jointly
fine-tuning a single model, whereby only part of the data

‘wins’ optimization and the rest is underfit. Both theory and

practice document this phenomenon: multi-modal/multi-
domain joint training can suffer from modality competition
and mismatched learning speeds (Huang et al., 2022). Gra-
dient balancing (e.g., Gradient Blending) reweights modal-
ity/task contributions to reduce interference and avoid over-
fitting to the easiest signal (Wang et al., 2020). Canonical
gradient-geometry methods cast multi-task learning as multi-
objective optimization (MGDA) to find a Pareto-descent
direction (Sener & Koltun, 2018), perform gradient surgery
when conflicts occur (PCGrad) (Yu et al., 2020), regularize
toward the worst local improvement while optimizing the
average loss (CAGrad) (Liu et al., 2021), or normalize mag-
nitudes to equalize training rates (GradNorm) (Chen et al.,
2018), thereby mitigating dominance. More recent schemes
modulate both gradient magnitudes and directions to directly
counter modality imbalance. In sequential IT, Continual
LLaVA (Cao et al., 2024) frames continual instruction tun-
ing as parameter-efficient embedding adaptation, freezing
the backbone and introducing dual increment embeddings,
to achieve rehearsal-free continual learning and reduce op-
timization competition across domains, capabilities, and
datasets. Prior work primarily measures conflict (e.g., gra-
dient dot products/influence) and manages it via mixture
scheduling or gradient reweighting. We found that embed-
ding proximity can result in high ER within a mini-batch,
therefore, providing more sufficient information utilization
and effective learning.

3. Approach
3.1. Problem Definition

Let the (multimodal) IT dataset be Dy =
{(z1,91),-.., (zt,y:)} with ¢ samples. The preva-
lent practice is random shuffling: D;; is uniformly shuffled
prior to training. While simple, this ignores informative
structure and potential conflicts among samples. Our goal
is to design an efficient ordering paradigm, EP-Order, that
improves optimization and generalization with minimal
overhead.

3.2. Group-Order vs. Random-Order Learning

Consider a mini-batch of size B. Let the per-sample gradient
be

g eRP i=1,.. B. (1)
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Figure 2. Pipeline of the proposed EP-Order paradigm. Training proceeds cluster by cluster, sorted by intra-cluster compactness. Between
successive clusters, we insert mixed regions that interleave examples from both sides to reduce gradient conflicts at transitions and to

mitigate catastrophic forgetting.
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We define the Efficiency Ratio (ER) as
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Thus, ER depends only on the angular configuration {u; }
and weights {w;}. In particular, ER = 1 iff all u; are
colinear and aligned, and ER = 0 iff m,, = 0. For a single
update step, the directional progress along the consensus
direction 1i2,, £ M4, /||M4|| (When my, # 0) is

ER £

= [lmw] €[0,1). (©)

B
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i=1

Slmwll = SER,  (7)

Hence, larger ER yields larger effective progress per step,
accelerating IT. Empirically, grouping semantically similar
samples increases ER relative to random interleaving (0.71
vs. 0.54), motivating our group-wise ordering scheme.

3.3. Overview

To obtain an effective training data order for IT, EP-Order
comprises four stages: (1) warm-up training to obtain em-
beddings, followed by embedding-based clustering; (2) clus-
ter sorting by intra-cluster compactness; (3) insertion of
mixed regions between adjacent clusters; and (4) augmen-
tation of mixed regions with samples from earlier clusters.
The resulting order is used to fine-tune multimodal LLMs
(e.g., LLaVA (Liu et al., 2024a)) or LLMs (e.g. Qwen2.5
(Qwen Team, 2025)). The pipeline of our EP-Order was
illustrated in Fig. 2. We now delve into the details of each
part.

3.4. EP-Order Details

Warm-up model training. To efficiently compute sample
embeddings for x; = (T3, I;), where T; denotes the text
prompt and I; denotes the paired image when available,
we train a warm-up model My, on a small (e.g., 10%),
randomly sampled subset of the instruction data. Such a
warm-up process equips the My, With basic instruction-
following while avoiding overfitting to the full data distribu-
tion. Note that both the warm-up model and the model for
IT share the same architecture and initialization.

Embedding-based clustering. We obtain embeddings by
forwarding x; through My, and extracting the output of
the 6-th decoder layer, followed by token-wise average pool-
ing (TAP):

= TAP(M{y(T;, 1)) € R™. @®)
After that, we collected an embedding set E = {ey,..., e},
each embedding e; corresponding to the z;. We apply

UMAP (Mclnnes et al., 2018) for dimensionality reduc-
tion and then HDBSCAN (Mclnnes & Healy, 2017) to
produce n + 1 clusters. Compared with another popular
cluster technique, k-means (McQueen, 1967), HDBSCAN
handles variable-density clusters without requiring the num-
ber of clusters to be specified. More details of clustering are
supplied in the Appendix A.

Ordering by intra-cluster compactness. Following cur-
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Table 1. Full fine-tuning performance of seven data-ordering paradigms and our EP-Order on LLaVA-Vicuna-7B and LLaVA-Vicuna-13B.

Average scores are computed over 12 normalized sub-benchmarks. The best result in each column is highlighted in bold.

MMBench MME POPE ScienceQA
Method GQA MM-Vet en n MME-P MME-C adv pop rand  SQA  SQA-I TextVQA  Average
LLaVA-Vicuna-7B
Random 62.01 26.83 65.65 5747 1464.8 301.1 84.92 86.51 87.96 70.29 68.42 57.67 64.88
Token Length 61.29 26.74 62.76  55.07 1337.7 269.3 81.77 8290 84.10 69.56 68.32 53.93 62.25
Gradient 59.58 26.88 63.61 5473 14132 2454 84.83 86.56 87.39 69.28 67.53 57.31 63.25
Loss 57.98 25.32 21.94 2775 1386.6 251.8 76.87 77.09 7756 62.60 54.93 48.16 52.58
Attention Variance (Kim & Lee, 2024) 59.21 22.20 61.73 54.04 1345.1 288.2 8221 83.72 8470 69.56 67.72 53.03 61.78
PDPC (Zhang et al., 2025b) 61.31 29.82 6497 57.65 1475.6 302.1 84.85 86.06 87.73 71.00 69.01 58.09 65.17
Bloom’s Taxonomy (Ranaldi et al., 2024)  60.79 26.28 61.99 5430 1475.8 297.5 83.69 8572 87.50 6850 65.79 52.18 63.14
EP-Order 62.15 29.13 67.69 61.25 15123 331.1 85.32 8698 88.02 7126 69.31 57.46 66.30
LLaVA-Vicuna-13B
Random 63.11 32.06 67.26 61.08 1496.1 288.9 84.64 8648 87.40 7378 71.64 59.86 66.52
Token Length 62.58 29.45 66.58 57.22  1460.7 288.6 82.47 8390 8473 74.68 72.34 56.57 64.97
Gradient 60.40 28.58 63.52 58.25 1527.7 296.8 84.99 86.95 86.42 7253 69.96 59.80 65.41
Loss 59.33 28.81 50.09 5043 1485.8 337.1 78.01 7885 79.11 57.63 6292 52.75 59.53
Attention Variance (Kim & Lee, 2024) 60.34 27.16 6335 54.12  1385.0 290.7 8291 84.63 8552 73.85 7194 51.40 63.40
PDPC (Zhang et al., 2025b) 62.56 32.06 66.16  59.54  1546.7 326.8 84.16 85.58 86.79 73.66 71.44 60.47 66.72
Bloom’s Taxonomy (Ranaldi et al., 2024)  61.71 28.81 65.56 59.88  1500.8 301.6  85.02 85.56 87.67 72.68 70.84 58.02 65.71
EP-Order 62.65 33.26 68.37 62.20 1547.3 338.9 8493 86.60 87.49 74.13 71.15 60.96 67.62

Table 2. LoRA-based fine-tuning performance of seven data-ordering paradigms and our EP-Order on LLaVA-Vicuna-7B. Average scores
are computed over 12 normalized sub-benchmarks. The best result in each column is highlighted in bold.

MMBench MME POPE ScienceQA
Method GQA  MM-Vet en cn MME-P MME-C adv pop rand SQA  SQA-I TextVQA  Average
Random 61.62 2633 65.14 56.44 14727 270.7  84.61 86.09 87.08 69.75 69.91 58.09 64.38
Token Length 60.10 2596  62.76 53.61 1453.1 263.2 8547 87.71 88.05 69.82 68.52 58.12 63.81
Gradient 60.38  26.15 63.18 5395 14414 2479 8535 8720 8797 6991 68.27 57.76 63.60
Loss 59.14 2353 56.46 47.94  1396.9 2679 7658 77.13 7135 6732 64.20 46.05 58.25
Attention Variance (Kim & Lee, 2024) 60.88  31.15 5697 49.83 1508.7 273.6  83.34 86.17 87.68 67.96 65.10 55.88 62.88
PDPC (Zhang et al., 2025b) 61.35 29.95 63.69 54.04 1479.5 2782 8436 8575 86.79 69.70 69.21 57.73 64.28
Bloom’s Taxonomy (Ranaldi et al., 2024)  61.02 26.83 59.27 53.01 1450.5 282.5 84.25 86.56 87.82 69.46 67.53 56.42 63.33
EP-Order 61.96  30.73 66.24 57.65 14934 337.5 84.85 86.44 87.17 7121 68.82 57.24 65.76

riculum learning, we need to calculate the difficulty level
for each cluster for ranking. To achieve that, for each cluster
C; with k; samples, we randomly sample min(10, 000, k;)
samples from each cluster to represent the cluster and com-
pute the mean pairwise Euclidean distance among its em-
beddings as a compactness score p;. The lower mean pair-
wise Euclidean distance suggests that embeddings within
the cluster are closer to each other, and therefore induce
lower conflict during model learning. We sort clusters in
ascending order of p;, yielding the original training order
0 ={Cy,Cq,...,Cp} withpy < p; < -+ < p,. Within
each C}, the training order is randomly shuffled.

Mixed regions between adjacent clusters. While within-
cluster training exhibits low conflict, transitions between
clusters always induce sharp gradient changes, resulting
in high conflict. Such conflict introduces the risk of un-
stable optimization, degraded generalization on previously
seen data, and even catastrophic forgetting when the model
rapidly shifts its focus to the new cluster without sufficient
overlap in gradient directions. To smooth transitions, we
build a mixed region M; between C; and C;1, by select-
ing equal-sized mixed sets ¢; C C; and ¢;41 C C;41 and

shuffling their union. Therefore, the training order becomes
O = {Cy, My,Cy, My, ..., M,,_1,C, }. After insertion, the
effective size of each C} is reduced accordingly. Note that
using HDBSCAN for clustering can bring some samples re-
garded as noise samples. We randomly shuffle these samples
and uniformly assign them to the mixed regions, avoiding
information loss.

Adding previous data into mixed regions. Clustering
can concentrate related knowledge, increasing the risk of
forgetting when moving forward. To counter this, we
further augment each M; with a small, randomly sam-
pled buffer from previously learned clusters. For exam-
ple, for M,,_1 = c¢,—1 U ¢, we add buffer samples
{bo,...,bn_2} drawn from {Cy,...,C,_2}, producing
M/ 1 ={cn-1,¢n,bo,...,bn_2}. Applying this augmen-
tation to all mixed regions yields the final order O¢ipai =
{CO,M(;,C’l,Mi, ...,Ml_l,Cn}. For My, no previous-

n

cluster buffer is added, so M(') = M.

Model training. As a static data ordering paradigm, the
EP-Order is performed prior to the IT to obtain O ¢;5,4;. We
train the target model using its tailored training data order
without further changes to the standard IT pipeline.
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Table 3. Ablation study of Group-based Order, Mixed Region, and Replay Buffer Data components on 12 sub-benchmarks. The Random

paradigm serves as the baseline. Backbone: LLaVA-Vicuna-7B.

MMBench MME POPE ScienceQA
Method GQA  MM-Vet en cn MME-P MME-C adv pop rand SQA  SQA-I TextVQA  Average
Random (Baseline) 62.01 26.83 65.65 5747 1464.8 301.1 84.92 86.51 8796 7029 68.42 57.67 64.88
+ Group-based Order 62.12  27.66 6531 57.56 14433 289.3 84.06 85.61 87.32 70.83 69.96 57.63 64.70
+ Mixed Region 62.03 29.31 67.09 59.79 14779 3004  84.41 86.04 8721 7149 70.20 57.32 65.53
+ Replay Buffer Data 62.15 29.13 67.69 6125 15123 331.1 8532 8698 88.02 7126 69.31 57.46 66.30
EP-Order w/o Group-based Order  62.21 28.58 66.07 59.88 1481.9 267.5 8441 8569 87.44 6949 66.63 57.11 64.59

Table 4. Performance of four k-means—based orderings and
one HDBSCAN-based ordering on seven benchmarks. Aca-
demic: academic-task-oriented benchmarks (GQA, ScienceQA,
and TextVQA). IF: instruction-following multimodal LLM bench-
marks (MM-Vet, MMBench, MME, and POPE). Average: mean
score over all 12 sub-benchmarks. The best result in each column
is highlighted in bold. Backbone: LLaVA-Vicuna-7B.

Method Academic IF Average
k-means (k=5) 63.67 64.37 64.14
k-means (k=10) 65.00 65.96 65.64
k-means (k=15) 64.89 65.85 65.53
k-means (k=20) 64.51 65.25 65.00
HDBSCAN 65.05 66.92 66.30

4. Experiment
4.1. Experimental Setup

Multimodal data. We adopted the fine-tuning data from
the LLaVA-1.5 (Liu et al., 2024a), a mixed multimodal
instruction-following corpus (VQA, OCR, region-level
VQA, visual conversation, and language-only dialogue),
totaling ~ 665K samples. The evaluation data spans seven
benchmarks, including academic-task-oriented datasets,
GQA (Hudson & Manning, 2019), ScienceQA (Lu et al.,
2022), TextVQA (Singh et al., 2019), and instruction-
following multimodal LLM suites, including MM-Vet (Yu
et al., 2024), MMBench (Liu et al., 2024b), MME (Fu et al.,
2023), and POPE (Li et al., 2023). More details are provided
in the Appendix B.

Multimodal Models. We adopt LLaVA-1.5-7B and LLaVA-
1.5-13B as multimodal LLM backbones, whose language de-
coders are Vicuna-7B and Vicuna-13B (Zheng et al., 2023).
The visual encoder is a pretrained ViT-Large (Radford et al.,
2021).

Training. We followed LLaVA-1.5 (Liu et al., 2024a) for
instruction fine-tuning. For full fine-tuning (vision encoder
frozen), we used AdamW, batch size 128, and trained for
1 epoch with a cosine schedule. The learning rate warms
from 0.0 to 2 x 10~° over 3% of steps, then decays cosinely.
We used greedy decoding for evaluation to ensure repro-
ducibility. For LoRA-based fine-tuning (Hu et al., 2022),
we set rank = 128 and alpha = 256. Hyperparameters

match full fine-tuning except that the base learning rate is
2 x 10~* while the MLP projection layer uses 2 x 1075,
All experiments run on 8 x GPUs.

Baselines. We compared EP-Order with Random and sev-
eral data-ordering paradigms: (1) Random: The training
order is determined by a random shuffle. (2) Token Length:
Samples are sorted by the total token count of the text
prompt and image (from small to large). (3) Gradient:
Each sample’s aggregated Ly norm over all trainable param-
eters is computed using the warm-up model (trained on 10%
of the data), and samples are sorted by gradient norm (from
small to large). (4) Loss: Similar to Gradient, but using
the per-sample loss from the warm-up model (from small to
large). (5) Attention Variance (Kim & Lee, 2024), PDPC
(Zhang et al., 2025b), and Bloom’s Taxonomy (Ranaldi
et al., 2024) are implemented following their official set-
tings. Details are shown in Appendix C.

4.2. Comparison with Data Ordering Paradigms

We comprehensively compare EP-Order with recent data-
ordering paradigms, including Random (the most widely
used paradigm), Token Length, Gradient, Loss, Attention
Variance (Kim & Lee, 2024), PDPC (Zhang et al., 2025b),
and Bloom’s Taxonomy (Ranaldi et al., 2024), on seven
multimodal benchmarks. LLL.aVA-Vicuna-7B and LLaVA-
Vicuna-13B (Liu et al., 2024a) serve as backbones. Both
full fine-tuning (vision encoder frozen) and LoRA-based
fine-tuning are evaluated.

Full fine-tuning. Results are reported in Table 1. We
observed that, despite its implementation simplicity and
zero overhead for data arrangement, the Random paradigm
achieves the best or near-best generalization across 12 sub-
benchmarks, outperforming most prior ordering methods,
with PDPC being the closest competitor. This highlights the
limited robustness of existing techniques based on curricu-
lum learning when transferred to challenging multimodal
LLM benchmarks and underscores the difficulty of directly
porting conventional curriculum techniques to multimodal
LLMs. In contrast, EP-Order consistently improves perfor-
mance across most benchmarks. With LLaVA-Vicuna-7B,
EP-Order achieves the best results on 10 out of 12 sub-
benchmarks and surpasses Random and the second-best
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Table 5. Performance of five sorting strategies based on the proposed compactness scores. In the folding strategy, clusters are divided into
n groups, and each group is ordered from ‘easy’ to ‘hard’. Backbone: LLaVA-Vicuna-7B.

MMBench MME POPE ScienceQA
Method GQA MM-Vet "o ¢y MMEP MMEC adv pop rand SQA SQAI TXVQA  Average
Random Shuffle 6112 2826 6471 5790 14817 3482 8499 8669 87.83 7142 6936  57.16 6559
Folding (n=5) (Dai etal, 2025) 6177 2959 6471 5876 14579 2629 8464 8637 87.33 7121 705 5852 6490
Folding (n=3) (Dai etal, 2025) 6221 29.13 6582 5636 14746 2825 8510 87.07 87.99 70.60 6951 5818 6508
Hard — Easy 6217 3092 6599 5644 15148 3082 8531 8666 8790 7001 6886  58.64 6560
Easy — Hard 6215 2913  67.69 6125 15123 3311 8532 8698 8802 7126 6931 5746  66.30

method (PDPC) by 1.42 and 1.13 average performance,
respectively. When scaling from LLaVA-Vicuna-7B to
LLaVA-Vicuna-13B, we observe a similar pattern: Ran-
dom remains a strong (and sometimes competitive) baseline,
yet EP-Order attains the best performance on 6 out of 12
sub-benchmarks and achieves the highest average score.

LoRA-based fine-tuning. We further compared EP-Order
with competing paradigms under the LoRA-based fine-
tuning setting using LLaVA-Vicuna-7B as the backbone.
The results, presented in Table 2, show that EP-Order
achieves the best average performance, outperforming the
second-best method (Random) by 1.38 average points.

Overall, prior ordering paradigms often underperform
the widely used Random baseline, and naively applying
curriculum-learning signals (e.g., loss-based ordering) can
even degrade performance. By contrast, EP-Order is well-
suited to multimodal LLM benchmarks and demonstrates
consistent gains under both full and LoRA-based fine-
tuning.

4.3. Ablation Studies

We conducted ablations on the key components of EP-Order:
Group-based ordering, mixed regions (MR), and replay
buffer data (RBD). These three strategies are incrementally
added to obtain the final EP-Order. Results are shown in
Table 3 using LLaVA-Vicuna-7B, with Random as the base-
line. Replacing Random with group-based ordering alone
leads to mixed effects: some benchmarks (e.g., MM-Vet,
ScienceQA) improve, while others (e.g., MME, POPE) de-
grade, resulting in comparable or slightly worse average
performance overall. This behavior aligns with our intuition.
Although grouping semantically similar samples accelerates
learning within each group, it also introduces sharp gradient
shifts at group boundaries and exacerbates the forgetting
of group-specific knowledge, which can ultimately harm
overall performance. After inserting MR with a small size,
we are able to observe consistent improvements on most
benchmarks, with only minor drops on GQA and TextVQA.
This indicates that smoothing transitions between clusters
reduces optimization risk induced by sharp changes in gradi-
ent directions. Finally, introducing RBD yields the full EP-
Order and achieves the best average results, underscoring

the importance of buffer samples for alleviating catastrophic
forgetting under group-based training. To directly examine
whether the gains mainly come from MR and RBD rather
than meaningful grouping, we further introduce a control ex-
periment. Specifically, we keep the same 15-group schedule,
the same group-size distribution, and the same MR/RBD
design, but replace embedding-based grouping with random
partitions. This variant, denoted as “EP-Order w/o Group-
based Order,” achieves an average performance of 64.59,
which is comparable to Random (64.88) but clearly lower
than full EP-Order (66.30). This result confirms that MR
and RBD alone cannot explain the improvement; meaning-
ful group-based ordering is essential for unlocking their
effectiveness. In summary, group-based ordering provides
a strong baseline for multi-task learning but has inherent
weaknesses. Introducing a small size of mixed regions helps
address these issues and substantially unlocks its potential.

4.4. Different Clustering Strategies

The default clustering method in EP-Order is HDBSCAN
with automatically determined cluster count. We also evalu-
ated k-means clustering with four choices of cluster num-
bers (k € {5,10,15,20}), using LLaVA-Vicuna-7B as the
backbone. Results are reported in Table 4. We find that
too few clusters (e.g., K = 5) or too many clusters (e.g.,
k = 20) hurt performance, in some cases significantly un-
derperforming Random. Intuitively, too few clusters fail to
produce highly similar, low-conflict groups, while too many
clusters exacerbate catastrophic forgetting. HDBSCAN au-
tomatically yields 15 clusters in our setting and achieves
the best performance across metrics. Moreover, even when
controlling for the same number of clusters (kK = 15), HDB-
SCAN consistently outperforms k-means. We attribute this
difference to the distinct inductive biases of the clustering
algorithms. HDBSCAN favors forming compact, density-
connected clusters, which better align with the goal of con-
structing low-conflict training groups. In contrast, k-means
enforces a fixed partitioning of the representation space
and may split a semantically coherent cluster or forcibly
assign transition-region samples to a centroid-driven cluster
(see Appendix A for visualization). Such artifacts reduce
intra-cluster consistency and weaken the effectiveness of
cluster-based ordering.
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Table 6. Full fine-tuning performance of six data-ordering
paradigms and EP-Order on Qwen3-4B. Average scores are com-
puted over four benchmarks, and the best result in each column is
highlighted in bold.

Method ARC BBH GSM MMLU Average
Random 71.86 7229 8271 72.39 74.81
Token Length 81.83 7244 7089 7139 74.14
Gradient 81.36 7345 6126 3191 62.00
Loss 79.66 7471 8347  32.58 67.61
Attention Variance (Kim & Lee, 2024) 85.80 74.33 64.14  71.45 73.93
PDPC (Zhang et al., 2025b) 70.85 7422 7597 71.63 73.17
EP-Order 86.44 72.15 88.10 7133 79.51

Table 7. Performance of the Random paradigm and EP-Order
for hybrid thinking training. Models are evaluated on MATHS500,
AIME24, and GPQA under think and no-think evaluation modes.

MATHS500 AIME24 GPQA
Method Data Think No-think Think No-think Think No-think
No-think - 63.34 - 533 ; 2879
Random Think 69.44 : 10.00 ) 27.58 ;
No-think + Think 7154 63.44 1167 533 2833 2571

EP-Order No-think + Think  71.52 63.60 13.67 6.33 28.84 27.12

4.5. Different Ordering Strategies within EP-Order

We also investigated alternative ordering strategies based on
the compactness scores, as summarized in Table 5 (LLaVA-
Vicuna-7B backbone). The cluster order is determined either
in ascending (Easy — Hard) or descending (Hard — Easy)
order according to the proposed compactness scores. We
also adopted the folding strategy (Dai et al., 2025), which
divides clusters into groups and applies an Easy — Hard
ordering within each group. For completeness, we also con-
sidered randomly shuffling the cluster order. The results
show that both folding variants (with 5 or 3 groups) perform
poorly on the benchmarks, yielding only marginal gains
over Random. In contrast, straightforward curricula that
order clusters globally from Hard — Easy or Easy — Hard,
even a random order (Random Shuffle), perform better than
folding. Among these, sorting clusters from Easy — Hard
by compactness achieves the best overall performance, and
we therefore adopted this setting as the default configuration
of EP-Order. The inferior performance of the folding strate-
gies further supports our hypothesis that abrupt changes in
gradient directions (when switching between folds) can hin-
der optimization. Although mixed regions partially alleviate
this issue, they are insufficient to fully compensate for the
instability introduced by fold-wise ordering.

4.6. Training Efficiency for EP-Order

We verified that the group-based ordering yields a higher
ER than the Random paradigm, indicating that EP-Order
enables more efficient training. To further examine whether
a higher ER translates into faster loss optimization, we visu-
alize loss differences in Fig. 3, defined as AL, = £, — L1,
t: Step, L: Loss function, i.e., the loss at the current step
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-0.10

= -015
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|
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Figure 3. Visualization of loss differences under the Random
paradigm and EP-Order during training. Loss difference de-
notes the change in loss between two consecutive training steps
(stride=50). An exponential moving average with o = 0.05 is
applied for smoothing. Mean and Std are computed over loss dif-
ferences (stride=1). Lower loss differences imply faster learning.

minus that at the previous step (computed between consecu-
tive sampled training steps). As shown in Fig. 3, EP-Order
(red) generally exhibits more negative loss differences than
Random (blue), particularly at the beginning and near the
end of training, indicating faster loss reduction. Overall,
EP-Order achieves a more negative mean loss difference
(approximately 2x smaller in value than Random) with a
smaller standard deviation, suggesting that the group-based
ordering enables both faster and more stable optimization.

4.7. EP-Order for More Text-only Benchmarks

To further evaluate the generalization ability of EP-Order,
we conduct experiments with Qwen3-4B (Yang et al., 2025)
on Tulu-3-SFT (Lambert et al., 2025) and evaluate the result-
ing models on ARC (Clark et al., 2018), Big-Bench-Hard
(BBH) (Suzgun et al., 2023), GSM8k (GSM) (Cobbe et al.,
2021), and MMLU (Hendrycks et al., 2021), comparing six
ordering paradigms. As shown in Table 6, the conclusions
are consistent with the multimodal results: Random remains
strong; prior methods are often unbalanced (e.g., Attention
Variance improves ARC but drops substantially on GSM);
and EP-Order achieves the best results on ARC (86.44) and
GSM (88.10) while remaining competitive on BBH (72.15)
and MMLU (71.33). Overall, EP-Order improves the av-
erage score from 74.81 to 79.51, further showing that its
effectiveness is not specific to multimodal IT.

4.8. EP-Order in Hybrid Thinking Scenarios

EP-Order is flexible and broadly applicable. We further
applied it to a text-only hybrid-thinking scenario, which
exhibits non-negligible optimization conflict when jointly
training think and no-think samples. Following (Wang
et al., 2025), we used 80K examples from the OpenR1-
Math (Hugging Face, 2025) default subset and construct a
no-think version by removing the chain-of-thought for half
of the samples (40K). We fine-tuned Qwen2.5-7B-Instruct
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(Qwen Team, 2025) for one epoch. More training details
and experimental results are provided in Appendix E. The
resulting models are evaluated on MATH500 (Lightman
et al., 2024), AIME24?, and GPQA (Rein et al., 2024) under
both think and no-think evaluation modes. We compared
pure no-think training, pure think training, and hybrid train-
ing with Random ordering. As shown in Table 7, naively
mixing think and no-think data does not bring significant
performance improvements and can even result in a per-
formance decrease on the GPQA, as its no-think accuracy
drops from 28.79 to 25.71. With EP-Order, hybrid think
training achieves substantial improvements across most met-
rics. The GPQA no-think accuracy increases from 25.71 to
27.12, and the AIME24 think accuracy increases from 11.67
to 13.67, which suggests that embedding-proximity-based
ordering provides a promising perspective for mitigating
interference in hybrid think/no-think training.

5. Conclusion

In this paper, we propose a new data ordering paradigm for
instruction tuning (IT) of multimodal LLMs and LLMs. Un-
like prior approaches that assign per-sample scores and sort
all examples accordingly, EP-Order partitions the dataset
into multiple groups and operates at the group level. Com-
pared with the widely used Random paradigm, our group-
based EP-Order leverages richer semantic information, sub-
stantially increasing the utilization of useful gradient signals
within a mini-batch caused by optimization conflicts. We
evaluated EP-Order on seven popular instruction-following
multimodal LLM benchmarks and demonstrated its effec-
tiveness and robustness across both full and LoRA-based
fine-tuning. Moreover, by transferring EP-Order to a hybrid
thinking text-only scenario, we showed that it can effectively
alleviate intra- and inter-group conflicts between think and
no-think samples, achieving superior performance over ran-
dom ordering. In future work, we plan to extend EP-Order
to dynamic training schedules under multi-epoch settings
and to explore its integration with broader families of cur-
riculum learning and data selection strategies.
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overhead, depends on the quality of learned embeddings
and clustering results, and may involve a trade-off between
optimization efficiency and final generalization.

References

Bi, J.,, Wang, Y., Yan, D., Xiao, X., Hecker, A., Tresp,
V., and Ma, Y. Prism: Self-pruning intrinsic selection
method for training-free multimodal data selection. arXiv
preprint arXiv:2502.12119, 2025.

Bottou, L., Curtis, F. E., and Nocedal, J. Optimization
methods for large-scale machine learning. SIAM review,
60(2):223-311, 2018.

Cao, M., Liu, Y., Liu, Y., Wang, T., Dong, J., Ding, H.,
Zhang, X., Reid, L., and Liang, X. Continual LLaVA: Con-
tinual instruction tuning in large vision-language models.
arXiv preprint arXiv:2411.02564, 2024.

Chen, Z., Badrinarayanan, V., Lee, C.-Y., and Rabinovich,
A. Gradnorm: Gradient normalization for adaptive loss
balancing in deep multitask networks. In International
conference on machine learning, pp. 794-803. PMLR,
2018.

Clark, P., Cowhey, L., Etzioni, O., Khot, T., Sabharwal, A.,
Schoenick, C., and Tafjord, O. Think you have solved
question answering? try ARC, the AI2 reasoning chal-
lenge. arXiv preprint arXiv:1803.05457, 2018.

Cobbe, K., Kosaraju, V., Bavarian, M., Chen, M., Jun, H.,
Kaiser, L., Plappert, M., Tworek, J., Hilton, J., Nakano,
R., et al. Training verifiers to solve math word problems.
arXiv preprint arXiv:2110.14168, 2021.

Dai, Y., Huang, Y., Zhang, X., Wu, W., Li, C., Lu, W., Cao,
S., Dong, L., and Li, S. Data efficacy for language model
training. arXiv preprint arXiv:2506.21545, 2025.

Fu, C., Chen, P,, Shen, Y., Qin, Y., Zhang, M., Lin, X., Yang,
J., Zheng, X., Li, K., Sun, X., et al. MME: a comprehen-
sive evaluation benchmark for multimodal large language
models. arXiv preprint arXiv:2306.13394, 2023.

Ghadimi, S. and Lan, G. Stochastic first-and zeroth-order
methods for nonconvex stochastic programming. SIAM
Jjournal on optimization, 23(4):2341-2368, 2013.

Goncharov, A., Vyazhev, D., Sychev, P., Khalafyan, E., and
Zaytsev, A. Complexity-aware fine-tuning. In Findings
of the Association for Computational Linguistics: EACL
2026, pp. 682-696, 2026.



Group-wise Data Ordering: Enhancing Instruction Tuning of Large Language Models via Embedding Proximity

Giirbiizbalaban, M., Ozdaglar, A., and Parrilo, P. A. Why
random reshuffling beats stochastic gradient descent.
Mathematical Programming, 186(1):49-84, 2021.

Hendrycks, D., Burns, C., Basart, S., Zou, A., Mazeika, M.,
Song, D., and Steinhardt, J. Measuring massive multitask
language understanding. In International Conference on
Learning Representations, 2021.

Hu, E. J.,, Shen, Y., Wallis, P., Allen-Zhu, Z., Li, Y., Wang,
S., Wang, L., Chen, W., et al. LoRA: Low-rank adaptation
of large language models. In International Conference
on Learning Representations, 2022.

Huang, Y., Lin, J., Zhou, C., Yang, H., and Huang, L.
Modality competition: What makes joint training of multi-
modal network fail in deep learning?(provably). In Inter-

national conference on machine learning, pp. 9226-9259.
PMLR, 2022.

Hudson, D. A. and Manning, C. D. GQA: a new dataset for
real-world visual reasoning and compositional question
answering. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pp. 6700—

6709, 2019.

Hugging Face. OpenRI1: a fully open reproduction of

DeepSeek-R1, January 2025. URL https://github.

com/huggingface/open—-rl.

Jia, J., Chen, Z., Wu, X., Gao, C., Lin, Z., Zhang, D., Hu,
S., and Guo, B. EntropyLong: effective long-context
training via predictive uncertainty. In The Fourteenth
International Conference on Learning Representations,
2026. URL https://openreview.net/forum?
1d=SFXX5P j15K.

Kim, J. and Lee, J. Strategic data ordering: Enhancing
large language model performance through curriculum
learning. arXiv preprint arXiv:2405.07490, 2024.

Lambert, N., Morrison, J., Pyatkin, V., Huang, S., Ivison,
H., Brahman, F., Miranda, L. J. V., Liu, A., Dziri, N.,
Lyu, X., et al. Tulu 3: Pushing frontiers in open language
model post-training. In Second Conference on Language
Modeling, 2025.

Lee, B. W., Cho, H., and Yoo, K. M. Instruction tuning
with human curriculum. In Findings of the Association
for Computational Linguistics: NAACL 2024, pp. 1281-
1309, 2024.

Lee, M., Seo, M., Qu, T., Tuytelaars, T., and Choi, J. Oasis:
Online sample selection for continual visual instruction
tuning. arXiv preprint arXiv:2506.02011, 2025.

Li, M., Zhang, Y., Li, Z., Chen, J., Chen, L., Cheng, N.,
Wang, J., Zhou, T., and Xiao, J. From quantity to quality:

10

boosting LLM performance with self-guided data selec-
tion for instruction tuning. In Proceedings of the 2024
Conference of the North American Chapter of the Associ-
ation for Computational Linguistics: Human Language
Technologies (Volume 1: Long Papers), pp. 7602-7635,
2024.

Li, Y., Du, Y., Zhou, K., Wang, J., Zhao, X., and Wen, J.-R.
Evaluating object hallucination in large vision-language
models. In Proceedings of the 2023 conference on empiri-
cal methods in natural language processing, pp. 292-305,
2023.

Li, Y, Lu, T., Li, Y., Chen, Y., Huang, W.-C., Jiang, W.,
Wang, H., Zheng, H.-T., and Yu, P. S. Teaching according
to talents! instruction tuning LLMs with competence-
aware curriculum learning. In Findings of the Association
for Computational Linguistics: EMNLP 2025, pp. 11724—
11741, 2025.

Lightman, H., Kosaraju, V., Burda, Y., Edwards, H., Baker,
B., Lee, T., Leike, J., Schulman, J., Sutskever, I., and
Cobbe, K. Let’s verify step by step. In International
Conference on Learning Representations, 2024.

Liu, B., Liu, X., Jin, X., Stone, P., and Liu, Q. Conflict-
averse gradient descent for multi-task learning. Advances
in Neural Information Processing Systems, 34:18878—
18890, 2021.

Liu, H,, Li, C., Wu, Q., and Lee, Y. J. Visual instruction tun-
ing. Advances in neural information processing systems,

36:34892-34916, 2023.

Liu, H, Li, C,, Li, Y., and Lee, Y. J. Improved baselines
with visual instruction tuning. In Proceedings of the
IEEE/CVF conference on computer vision and pattern
recognition, pp. 2629626306, 2024a.

Liu, Y., Duan, H., Zhang, Y., Li, B., Zhang, S., Zhao, W.,
Yuan, Y., Wang, J., He, C., Liu, Z., et al. MMBench:
is your multi-modal model an all-around player? In
European conference on computer vision, pp. 216-233.
Springer, 2024b.

Liu, Z., Zhou, K., Zhao, W. X., Gao, D., Li, Y., and Wen,
J.-R. Less is more: High-value data selection for visual
instruction tuning. In Proceedings of the 33rd ACM In-
ternational Conference on Multimedia, pp. 3712-3721,
2025.

Lu, P, Mishra, S., Xia, T., Qiu, L., Chang, K.-W., Zhu,
S.-C., Tafjord, O., Clark, P., and Kalyan, A. Learn to
explain: Multimodal reasoning via thought chains for
science question answering. Advances in Neural Infor-
mation Processing Systems, 35:2507-2521, 2022.


https://github.com/huggingface/open-r1
https://github.com/huggingface/open-r1
https://openreview.net/forum?id=SFXX5Pjl5K
https://openreview.net/forum?id=SFXX5Pjl5K

Group-wise Data Ordering: Enhancing Instruction Tuning of Large Language Models via Embedding Proximity

Mclnnes, L. and Healy, J. Accelerated hierarchical density
based clustering. In 2017 IEEE international conference
on data mining workshops (ICDMW), pp. 33-42. IEEE,
2017.

Mclnnes, L., Healy, J., and Melville, J. UMAP: uniform
manifold approximation and projection for dimension
reduction. arXiv preprint arXiv:1802.03426, 2018.

McQueen, J. B. Some methods of classification and analysis
of multivariate observations. In Proc. of 5th Berkeley
Symposium on Math. Stat. and Prob., pp. 281-297, 1967.

Qwen Team. Qwen2.5 technical report. arXiv preprint
arXiv:2412.15115, 2025.

Radford, A., Kim, J. W., Hallacy, C., Ramesh, A., Goh, G.,
Agarwal, S., Sastry, G., Askell, A., Mishkin, P., Clark, J.,
et al. Learning transferable visual models from natural
language supervision. In International conference on
machine learning, pp. 8748-8763. PMLR, 2021.

Ranaldi, L., Pucci, G., and Freitas, A. Does the order matter?
curriculum learning over languages. In Proceedings of the
2024 Joint International Conference on Computational
Linguistics, Language Resources and Evaluation (LREC-
COLING 2024), pp. 5212-5220, 2024.

Rein, D., Hou, B. L., Stickland, A. C., Petty, J., Pang, R. Y.,
Dirani, J., Michael, J., and Bowman, S. R. GPQA: a
graduate-level Google-proof Q&A benchmark. In First
Conference on Language Modeling, 2024.

Safran, I. and Shamir, O. How good is SGD with random
shuffling? In Conference on Learning Theory, pp. 3250—
3284. PMLR, 2020.

Sener, O. and Koltun, V. Multi-task learning as multi-
objective optimization. Advances in neural information
processing systems, 31, 2018.

Singh, A., Natarajan, V., Shah, M., Jiang, Y., Chen, X.,
Batra, D., Parikh, D., and Rohrbach, M. Towards VQA
models that can read. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition,
pp- 8317-8326, 2019.

Suzgun, M., Scales, N., Schérli, N., Gehrmann, S., Tay, Y.,
Chung, H. W., Chowdhery, A., Le, Q., Chi, E., Zhou, D.,
et al. Challenging BIG-Bench tasks and whether chain-of-
thought can solve them. In Findings of the Association for
Computational Linguistics: ACL 2023, pp. 13003-13051,
2023.

Wang, S., Yang, W., Long, X., Wang, Q., Chaudhary, V.,
and Han, X. Demystifying hybrid thinking: can LLMs
truly switch between think and no-think? arXiv preprint
arXiv:2510.12680, 2025.

11

Wang, W., Tran, D., and Feiszli, M. What makes training
multi-modal classification networks hard? In Proceedings
of the IEEE/CVF conference on computer vision and
pattern recognition, pp. 12695-12705, 2020.

Yang, A., Li, A., Yang, B., Zhang, B., Hui, B., Zheng, B.,
Yu, B., Gao, C., Huang, C., Lv, C., et al. Qwen3 technical
report. arXiv preprint arXiv:2505.09388, 2025.

Yu, T., Kumar, S., Gupta, A., Levine, S., Hausman, K.,
and Finn, C. Gradient surgery for multi-task learning.

Advances in neural information processing systems, 33:
5824-5836, 2020.

Yu, W., Yang, Z., Li, L., Wang, J., Lin, K., Liu, Z., Wang,
X., and Wang, L. MM-Vet: evaluating large multimodal
models for integrated capabilities. In International Con-
ference on Machine Learning, pp. 57730-57754. PMLR,
2024.

Zhang, X., Duan, F., Liangyu, X., Zhou, Y., Wang, S., Weng,
R., Wang, J., and Cai, X. FRAME: boosting LLMs with
a four-quadrant multi-stage pretraining strategy. In Find-

ings of the Association for Computational Linguistics:
ACL 2025, pp. 20278-20297, 2025a.

Zhang, X., Liangyu, X., Duan, F., Zhou, Y., Wang, S.,
Weng, R., Wang, J., and Cai, X. Preference curriculum:
LLMs should always be pretrained on their preferred
data. In Findings of the Association for Computational
Linguistics: ACL 2025, pp. 21181-21198, 2025b.

Zhang, Y., Mohamed, A., Abdine, H., Shang, G., and Vazir-
giannis, M. Beyond random sampling: Efficient language
model pretraining via curriculum learning. In Proceed-
ings of the 19th Conference of the European Chapter of
the Association for Computational Linguistics (Volume 1:
Long Papers), pp. 5776-5794, 2026.

Zheng, L., Chiang, W.-L., Sheng, Y., Zhuang, S., Wu, Z.,
Zhuang, Y., Lin, Z., Li, Z., Li, D., Xing, E., et al. Judg-
ing LLM-as-a-judge with MT-Bench and Chatbot Arena.
Advances in neural information processing systems, 36:

46595-46623, 2023.

Zheng, Y., Zhang, R., Zhang, J., Ye, Y., Luo, Z., Feng,
Z., and Ma, Y. LLaMAFactory: unified efficient fine-
tuning of 100+ language models. In Proceedings of the
62nd Annual Meeting of the Association for Computa-
tional Linguistics (Volume 3: System Demonstrations),
Bangkok, Thailand, 2024. Association for Computational
Linguistics. URL http://arxiv.org/abs/2403.
13372.


http://arxiv.org/abs/2403.13372
http://arxiv.org/abs/2403.13372

Group-wise Data Ordering: Enhancing Instruction Tuning of Large Language Models via Embedding Proximity

A. Details of Clustering

For each sample, we first extract the hidden states from
the 6-th decoder layer and apply token-wise average
pooling to obtain a single embedding vector, which is
more compact and clustering-friendly. We then reduce
the embedding dimension from d. to djow (e.g., from
4096 to 10 for LLaVA-Vicuna-7B) using UMAP, obtain-
ing low-dimensional embeddings ejoy € R, HDB-
SCAN is subsequently applied to {ejow} to produce
multiple clusters. The main hyperparameters are set
as: ‘min_cluster_size’=5000, ‘min_samples’=100, ‘met-
ric’=‘euclidean’, ‘cluster_selection_method‘=‘eom’, ‘clus-
ter_selection_epsilon’=0.30.

We further visualize the resulting clusters using t-SNE, as
shown in Figure 4, and compare two coloring schemes.
Clustering-based coloring: each color corresponds to a
cluster produced by k-means or HDBSCAN. Sub-dataset-
based coloring: each color corresponds to a sub-dataset
of the LLaVA-1.5 training data, following the partition
provided by TIVE (Liu et al., 2025). We randomly sam-
ple 5,000 embeddings per category for visualization. The
plots reveal that, under embedding-proximity clustering,
sub-datasets are not good surrogates for semantic groups:
many samples from different sub-datasets lie close in em-
bedding space. Moreover, Fig. 4 shows that the k-means-
based partitioning with a pre-defined number of clusters can
split semantically coherent groups, preventing highly related
samples from being learned together. This fragmentation
likely explains why k-means underperforms HDBSCAN,
even when using the same number of clusters. We also tried
an EP-Order variant that uses sub-datasets as groups. Specif-
ically, we compute a compactness score for each sub-dataset
and sort sub-datasets from ‘easy’ to ‘hard’ based on these
scores; the remaining steps mirror those of EP-Order. As re-
ported in Table 8, sub-dataset—based ordering leads to large
performance drops compared with cluster-based EP-Order
on most benchmarks, with the exception of POPE-pop and
POPE-rand, where it yields performance gains. We attribute
the poor overall performance of sub-dataset—based ordering
to catastrophic forgetting: some types of knowledge appear
predominantly in a single sub-dataset that is learned early
in training. Although EP-Order includes buffer samples to
mitigate this effect, the buffer size is insufficient to fully
counteract it. In contrast, cluster-based ordering groups
samples by embedding proximity rather than dataset iden-
tity, which spreads related knowledge across clusters and
substantially reduces this risk.

B. Details of Benchmarks

GQA (Hudson & Manning, 2019) is a large-scale visual
question answering benchmark constructed from scene
graphs over real-world images in Visual Genome. It eval-
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uates fine-grained visual reasoning, including object and
attribute recognition, spatial relations, and multi-step com-
positional reasoning.

ScienceQA (Lu et al., 2022) is a multimodal science ques-
tion answering benchmark with multiple-choice questions
spanning natural science, language science, and social sci-
ence. It assesses models’ abilities to understand multimodal
content, leverage external knowledge, and perform complex
scientific reasoning, often with chain-of-thought explana-
tions.

TextVQA (Singh et al., 2019) is a visual question answering
dataset that requires reading and reasoning about scene text
in images. It evaluates a model’s ability to integrate visual
perception with OCR-based text recognition and linguistic
reasoning to answer natural-language questions.

MM-Vet (Yu et al., 2024) is an evaluation benchmark tar-
geting challenging multimodal tasks for large multimodal
models, organized around six core vision—language capa-
bilities and sixteen integrated capability combinations. It
measures integrated skills such as OCR, spatial and mathe-
matical reasoning, commonsense, and world knowledge in
open-ended image—question settings.

MMBench (Liu et al., 2024b) is a systematically designed
bilingual benchmark for robust and holistic evaluation of
vision—language models. It is available in both English (en)
and Chinese (cn) versions, enabling cross-lingual assess-
ment of models’ comprehensive multimodal understanding.

MME (Fu et al., 2023) is a comprehensive evaluation suite
for multimodal large language models that measures both
perception and cognition across 14 subtasks using manu-
ally designed instruction—answer pairs. It assesses general
vision—language competence, including recognition of ob-
jects, attributes, and text, as well as higher-level reasoning
under concise, standardized instructions.

POPE (Li et al., 2023) is a benchmark and protocol for
assessing object hallucination in large vision—-language mod-
els. Built on images with ground-truth object annotations
(e.g., COCO) and yes/no probes such as ‘Is there a {object}
in the image?’, it quantifies models’ tendency to hallucinate
non-existent objects and provides stable, flexible metrics for
hallucination rates across datasets and models.

C. Details of Baselines

Attention Variance (Kim & Lee, 2024) performs data or-
dering in three steps. Step I: Train a warm-up model. We
follow EP-Order and randomly sample 10% of the train-
ing data to train this warm-up model. Step 2: Compute
attention variance for each sample using the official imple-
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Table 8. Performance of EP-Order when ordering by sub-datasets versus by clusters. Backbone: LLaVA-Vicuna-7B. The best result in

each column is highlighted in bold.

MMBench MME POPE ScienceQA
Method GQA MM-Vet en cn MME-P MME-C advy pop rand  SQA  SQA-I TextVQA  Average
EP-Order w/ Sub-datasets  47.61 26.15 57.23 4837 14513 259.3 84.17 87.24 8945 62.63 60.93 43.22 59.33
EP-Order w/ Clusters 62.15 29.13 67.69 61.25 15123 331.1 8532 8698 83.02 71.26 69.31 57.46 66.30

Table 9. Time cost of each component for Attention Variance (AV), PDPC, Bloom’s Taxonomy, and EP-Order. Time is reported in hours

(h).

Step 1: Warm-up Training Step 2: AV Calculation & Sort Step 3: Full Training  Total Time

Attention Variance ~1.6h ~4.5h ~16h ~22.1h
Step 1: Weak Model Training ~ Step 2: Strong Model Training ~ Step 3: PD calculation & Sort ~ Step 4: Full Training  Total Time

PDPC ~1.6h ~16h ~8h ~16h ~41.6h
Step 1: LLM Scores Step 2: Sort Step 3: Full Training  Total Time

Bloom’s Taxonomy ~7 days ~0.0h ~16h ~184h
Step 1: Warm-up Training Step 2: Embedding Extraction Step 3: Clustering & Sort Step 4: Full Training  Total Time

EP-Order ~1.6h ~3.7h ~0.3h ~16h ~21.6h

ST LY
"E'v:,m.l

K-means-based Coloring

HDBSCAN-based Coloring

Sub-dataset-based Coloring

Figure 4. T-SNE visualizations of clustered embeddings colored
based on clustering, obtained by k-means, HDBSCAN, or sub-
datasets, which consist of the LLaVA-1.5 training data.

mentation®. Step 3: Sort samples by attention variance from
large (‘easy’) to small (‘hard’) values and use this order for
IT.

PDPC (Zhang et al., 2025b) also adopts a three-step
pipeline. Step I: Train a weak and a strong model. In
our setup, the weak model is the warm-up model trained on
10% of the data, and the strong model is the fully trained
model using 100% of the data. We do not follow the origi-
nal PDPC setting where the weak model is a smaller model
(e.g., 1.5B) and the strong model is an equal-size model
(e.g., 7B for LLaVA-Vicuna-7B), because no smaller pre-
trained Vicuna-based decoder is available. Thus, adopting
the Early-End strategy is effectively the only feasible choice.
Notably, the original paper reports that the two strategies
yield very similar performance (54.88 vs. 54.69), suggesting
limited sensitivity to this design.

Bloom’s Taxonomy (Ranaldi et al., 2024) first assigns a
Bloom’s taxonomy level to each sample and then orders the
data accordingly. We design a prompt (shown in Figure 5)

3https://github.com/KoJLabs/StrategicDataOrdering
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You are an expert in multimodal task analysis.

Your task is to assess and annotate the “cognitive complexity’ of a single- or multi-turn visual-language
dialogue.

Consider the required level of visual under ding, language compret
and creative expression needed o complete the tasks in the dialogue.

ion, cr modal r

The dialogue may contain <image> placeholders indicating relevant images.
If image captions or titles are provided, include them in your assessment.

Use Bloom's Taxonomy six levels as the complexity labels:
- remember

- understand

- apply

- analyse

- evaluate

- create

Output **strict JSON only** with the following fields:

"overall_level": "<r ber|under lapply |evaluate|create>",
"overall_score": <integer from 1 to 6, where remember=1 and create=6>,
"confidence": <float from 0.0 to 1.0, indicating your confidence in the label>

Evaluation rules:

1. Base the judgment on the main cognitive operation required for the dialogue as a whole, not on the
quality of the assistant's answers.

2. If the dialogue progresses through increasing complexity (e.g., object identification — counting —
comparison — creative design), assign the overall_level as the highest/dominant level reached.

3. If the image is complex but the question only requires direct retrieval, still choose "remember"; do
not inflate difficulty due to visual detail alone.

4. If multiple images are involved, consider the difficulty of integrating information across them (which
may raise the level to analyse or evaluate).

5. Return JSON only. Do not include explanations, examples, or any text outside the JSON object.

Figure 5. Prompt used in Bloom’s Taxonomy to select the taxon-
omy level for multimodal samples.

tailored to multimodal samples and use an SOTA LLM to
obtain the taxonomy scores. Samples are then sorted from
‘remember’ to ‘create’. Within each complexity level, we
further sort samples by token length from short to long.

D. Overhead of Data Ordering

Any data-ordering scheme introduces extra overhead to com-
pute ordering signals. We therefore measured the total extra
time of EP-Order and three strong competitors: Attention
Variance (Kim & Lee, 2024), PDPC (Zhang et al., 2025b),
and Bloom’s Taxonomy (Ranaldi et al., 2024). Table 9
reports the detailed time cost of each component for all
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Table 10. Performance of the Random paradigm and EP-Order for hybrid thinking training with 140K training samples. Models are
evaluated on MATH500, AIME24, and GPQA under think and no-think evaluation modes.

MATHS500 AIME24 GPQA
Method Data Think No-think Think No-think Think No-think
No-think - 61.24 - 3.67 i 2778
Random Think 7378 ) 14.33 ] 29.50 )
No-think + Think 7522  64.80 1267  4.00 2854  27.83
EP-Order No-think + Think 75.28  64.60 1433  3.67 3040  28.90

Table 11. Full fine-tuning performance of seven data-ordering paradigms and our EP-Order on LLaVA-LLaMA?2-7B. Average scores are
computed over 12 normalized sub-benchmarks. The best result in each column is highlighted in bold.

MMBench MME POPE ScienceQA
Method GQA  MM-Vet en cn MME-P MME-C adv pop rand SQA  SQA-I TextVQA  Average
Random 6251 2936 6582 5576 14967 2814 8491 8629 8791 6930 67.92  56.64 64.70
Token Length 61.04 2606 5723 46.65 13928 2889 8120 82.09 83.23 5848 67.58  53.I18 60.21
Gradient 6123 2931 6582 57.65 14219 2825 84.52 8596 87.07 7149 6847 5621 64.51
Loss 5890 3101 6250 5052 13743 2471 8250 84.04 8483 6357 66.14 4881 61.04
Attention Variance (Kim & Lee, 2024)  59.60 2495  60.71 5421 1303.6 2932 8269 8339 8507 7024 6832 8.17 58.27
PDPC (Zhang et al., 2025b) 46.06 2959 5952 5137 13157  291.1 8043 8473 86.87 6932 6753  55.80 61.12
Bloom’s Taxonomy (Ranaldi et al., 2024)  60.73 26.88 63.27 53.69 14714 313.6 83.88 86.43 8840 6991 67.58 54.61 64.01
EP-Order 6241 2963 67.35 5825 1519.1  320.7 8545 87.21 8803 70.62 69.16  57.60 65.98
1200% 50 with Attention Variance, PDPC, and Bloom’s Taxonomy,
1000% respectively.
800% All data ordering paradigms necessarily introduce extra
oo costs for data evaluation, and these overheads are often
comparable to, or even exceed, the IT training time. Nev-
400% ertheless, data re-ordering remains a potential strategy for
200% 160% alleviating data-induced optimization conflicts without mod-
. - e > . . e
e - e ifying training code, making it highly engineering-friendly.

0%

Attention Variance PDPC Bloom's Taxonomy EP-Order

Figure 6. Ratio between data ordering overhead and IT train-
ing time for Attention Variance, PDPC, Bloom’s Taxonomy, and
EP-Order under full fine-tuning on LLaVA-Vicuna-7B. All experi-
ments are conducted on 8 x GPUs.

data-ordering paradigms. The results show that the com-
putation of the sorting metric is the dominant contributor
to overhead. Our EP-Order is the most efficient: it reuses
the output of a single decoder layer as the ordering signal,
avoiding repeated passes or additional heavy processing.
In contrast, PDPC must train two models to estimate the
Perplexity Difference (PD), and Attention Variance requires
storing and processing all attention maps. The overhead of
Bloom’s Taxonomy is largely determined by the degree of
concurrency in LLM API calls. The ratios between data or-
dering overhead and IT training time of these paradigms are
shown in Figure 6. Totally, EP-Order incurs the lowest total
overhead among these paradigms, adding approximately
35% extra time (5.6h) over Random. EP-Order reduces the
additional overhead by 0.5h, 20.0h, and 162.4h compared
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E. EP-Order on Hybrid Thinking Training

In Section 4.8, we constructed a hybrid thinking dataset with
40K think samples and 40K no-think samples to evaluate
the effectiveness of EP-Order. We ensured that the 40K no-
think samples were not derived from the corresponding 40K
think samples. All experiments were conducted using the
LLaMA-Factory framework®. In this section, we scale the
training set from 80K to 140K samples, consisting of 70K
think and 70K no-think examples. Unlike before, we now al-
low overlap between think and no-think data, i.e., a no-think
instance may be constructed from the same original prob-
lem as a think instance. The results in Table 10 show that
EP-Order provides a more suitable ordering for hybrid think-
ing training, yielding performance gains on most datasets.
The only exceptions are MATHS500 (no-think) and AIME24
(no-think), where performance is slightly lower than the
Random baseline. Moreover, when comparing with Table 7,
we observe that increasing the number of no-think samples
from 40K to 70K leads to performance drops when training

*nttps://github.com/hiyouga/LLaMA-Factory
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Table 12. Performance of EP-Order with different mixed set sizes
|¢;| and buffer sample sizes |b;| on three metrics. Here, |c;| and
|b;| denote the number of mixed and buffer samples per region,
respectively.

Method Academic IF Average
c;=512, b;=256 64.97 66.15 65.75
¢;=1024, b;=256 65.05 66.92  66.30
¢;=2048, b;=256 64.87 65.83 65.51
¢;=1024, b;=128 64.85 65.23 65.10
¢;=1024, b;=256 65.05 66.92  66.30
¢;=1024, b;=512 64.84 65.99 65.61

Table 13. Performance of EP-Order using cluster embeddings
from the 0-th decoder layer. The best result in each column is
highlighted in bold. Backbone: LLaVA-Vicuna-7B.

0-th decoder layer ~Academic IF Average
0=1 63.79 64.73 64.42
0=7 64.52 65.31 65.04
0=10 64.32 65.73 65.26
0=16 64.46 66.07 65.53
0=32 65.05 66.92  66.30

on no-think data alone across all benchmarks, whereas in-
creasing the number of think samples consistently improves
performance. This suggests that think data are particularly
valuable and highlights the potential benefits of generating
and leveraging more think-style supervision.

F. EP-Order with LLaVA-LLaMA2-7B

We further evaluate EP-Order by replacing the Vicuna-7B
decoder in LLaVA-1.5 with LLaMA2-7B, while keeping
all other training settings unchanged. The full fine-tuning
results are reported in Table 11. We observe several sim-
ilar trends: (1) the Random paradigm still provides the
strongest generalization on average across all benchmarks
over other baselines; (2) EP-Order achieves the best per-
formance on most benchmarks and consequently attains
the highest average score. Under this backbone, PDPC no
longer matches or surpasses the Random paradigm, whereas
the Gradient-based ordering attains performance compara-
ble to the Random-based ordering. This further underscores
the robustness of Random as a baseline.

G. Sizes of Mixed Sets and Buffer Samples

The sizes of the mixed sets and buffer samples involve a
trade-off between transition smoothness and data purity,
since both are extracted from cluster data. We studied six
combinations of mixed-set sizes |¢;| and buffer sizes |b;|.
Results are summarized in Table 12. In the first setting
(top part of the table), we fixed |b;| and increased |¢;| from
512 to 2048. The best performance is obtained with |¢;| =
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Figure 7. Performance visualization of Qwen3-0.6B, Qwen3-1.7B,
Qwen3-4B, Qwen3-8B, and Qwen3-14B with different data order-
ing paradigms.

1024. Next (bottom part of the table), we fixed |¢;| = 1024
and varied |b;| from 128 to 512. The best performance is
achieved with |b;| = 256. Consequently, we set |¢;| = 1024
and |b;| = 256 in all main experiments. Notably, there is
no one-size-fits-all choice for both hyperparameters, as the
optimal sizes are related to the total training number and the
number of clusters. Empirically, the mixed-set size is more
sensitive to data heterogeneity (how abrupt the distribution
shift is across clusters), whereas the buffer size primarily
governs knowledge retention (how strongly cluster-specific
information is preserved).

H. Clustering with Different Embeddings

By default, we formed clusters using embeddings from the
last decoder layer (the 32-nd layer). We varied the layer
index 0 € {1,7,10, 16, 32} and report results in Table 13.
We observed a trend: embeddings from deeper decoder
layers produce better clustering and higher performance. For
LLaVA-Vicuna-7B, the average score improves from 64.42
to 66.30 when moving from 6 = 1 to § = 32. Although
shallower layers are cheaper to compute, we used the last
decoder layer for clustering to maximize performance.

I. Performance Visualization of Model Scaling

We conduct additional experiments with Qwen3-0.6B, 1.7B,
8B, and 14B, together with our previously reported Qwen3-
4B results. All models are trained on the Tulu-3-SFT
dataset (Lambert et al., 2025). We reported the average per-
formance on ARC, BBH, GSM, and MMLU in the model-
scaling figure, and made three observations. (1) Final SFT
performance generally improves as the pretrained model
scale increases. This trend is particularly clear for EP-Order:
its average performance increases from 50.2 to 67.0, 79.5,
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81.0, and 83.9 as the base model scales from 0.6B to 1.7B,
4B, 8B, and 14B, respectively. (2) The quality of the pre-
trained initialization alone is insufficient to explain the final
SFT outcome. The average performance of the base model is
not strictly monotonic across scales; for example, it remains
roughly flat from 1.7B to 8B, while post-SFT performance
continues to improve substantially. In particular, the gain
of EP-Order over the base model increases from +9.9 at
0.6B to +17.0 at 1.7B, +28.7 at 4B, and +31.3 at 8B. This
suggests that larger pretrained models have stronger adap-
tation capacity during SFT, even when their initialization
performance does not improve monotonically. (3) EP-Order
performs best across scales. For all evaluated model sizes
from 0.6B to 14B, EP-Order achieves the highest average
performance among the compared ordering paradigms.

Overall, these results suggest that pretrained model scale
substantially affects post-SFT performance, but the raw per-
formance of the base model alone is not a reliable predictor
of the final SFT outcome. Larger pretrained models gener-
ally benefit more from SFT, and EP-Order remains the most
robust and effective data-ordering paradigm across scales.

J. Impact of EP-Order on Stochastic
Optimization Theories

Let F() = 137 | f;(6) be the full empirical objective,
and let F, (0) = ﬁ > icq, [i(0) denote the objective of
the current group G (a cluster or a mixed region).

J.1. Theories that remain relevant at the local level.

(1) Within a fixed group, without-replacement / random-
reshuffling remains the right local lens, since EP-Order still
randomly shuffles samples within each cluster and mixed
region. A representative example is finite-sum analysis un-
der a random permutation or without-replacement traversal
within one epoch (Giirbiizbalaban et al., 2021). Accord-
ingly, the mini-batch gradient is more naturally compared
to VFg, (0:) than to VF(6;); under the usual idealization
of uniform sampling from Gy, Elg; | 0;, G¢] = Vg, (0:).

(2) Standard descent-style analyses for the currently opti-
mized objective also remain meaningful, since EP-Order
does not modify the optimizer, loss, or standard IT pipeline;
it only changes the sampling structure (Bottou et al., 2018).

J.2. Theories that do not apply directly.

(1) Classical SGD / stochastic first-order analyses based
on full-objective unbiasedness (typically under indepen-
dent/global sampling) do not apply verbatim. A repre-
sentative example is the standard non-convex SGD frame-
work assuming E[g; | ;] = VF(6,), where each mini-
batch is a globally representative mixture from the whole
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dataset (Ghadimi & Lan, 2013). Under EP-Order, this is
no longer exact because each mini-batch comes from the
current group.

(2) Full-dataset random-reshuffling theory is no longer exact,
since EP-Order breaks the assumption that each epoch is a
uniform random permutation of all training samples (Safran
& Shamir, 2020). Consequently, the standard full-objective
noise model g; = VF(0;) + &, E[¢ | 6,] = 0is no
longer the right description at the level of the full empirical
objective.



