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Abstract

The performance of large language models
heavily depends on instruction tuning, es-
pecially on task types and mixture ratios.
However, previous research has primarily
focused on mixing tasks at fixed ratios, lacking
a systematic and quantitative analysis of
task-wise interactions across diverse tasks.
Moreover, it has relied heavily on human
labeling. To address these limitations, this
study conducts empirical experiments on
unlabeled instruction corpora, varying both the
number and proportion of task combinations
to identify effective mixtures. To minimize
manual labeling, we automatically extract
five representative tasks—programming,
math problem solving, history question
answering, grammar correction, and
creative writing—using only a few seed
instructions. Across 51 mixtures, we find
that 1–2 task mixtures work best with small
datasets, while synergistic 3-task mixtures
excel with larger data. Task interactions reveal
both synergy (e.g., programming + math) and
interference (e.g., programming + creative
writing). These results provide practical
guidelines for mixture design tailored to model
scale and data size.

1 Introduction

Large Language Models (LLMs) achieve align-
ment with human intent through the process of in-
struction tuning (Ouyang et al., 2022; Chung et al.,
2024). Instruction tuning enables the model to un-
derstand and respond appropriately to a wide range
of natural language instructions via supervised
learning on high-quality instruction–response pairs.
Recent studies have shown that the performance
of instruction-tuned models can significantly vary
depending on the task and format diversity of the
training data (Chen et al., 2023; Zhou et al., 2023).
Among these factors, the types of tasks and their
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mixture proportions play a crucial role in determin-
ing final model performance, sometimes enabling
only 1,000 curated examples to reach the perfor-
mance of over 52,000 unlabeled ones (Zhou et al.,
2023), or achieving up to a 5.7× speedup in train-
ing (Chen et al., 2023).

Recent work has increasingly investigated how
task mixtures affect instruction tuning (Renduch-
intala et al., 2024), demonstrating that adjusting
task proportions can improve overall model qual-
ity. However, the approach focuses primarily on
mixing tasks at fixed ratios and lack a systematic
and quantitative analysis of task-wise interac-
tions across diverse tasks, leaving important in-
teraction patterns underexplored. Moreover, prior
work has relied on human-labeled datasets such as
FLAN (Longpre et al., 2023) and P3 (Sanh et al.,
2021). These datasets are limited in scope and do
not adequately capture scenarios involving diverse
and heterogeneous instructions.

In practice, widely-used instruction datasets such
as Self-Instruct (Wang et al., 2023b), OpenAssis-
tant (Köpf et al., 2023), and Alpaca (Taori et al.,
2023) are composed of model- or human-generated
instructions without explicit task labels. Manually
annotating task labels in such datasets is costly
and time-consuming, and thus impractical at scale.
Moreover, understanding inter-task interaction pat-
terns in large-scale corpora remains challenging.
This motivates the need for automatic analysis
methods that infer tasks and guide mixture strate-
gies from unlabeled instruction data.

To address this gap, we propose a minimally-
supervised framework for designing effective task
mixtures from unlabeled instruction corpora, along
with an analytical methodology for evaluating their
impact. While inspired by recent nearest-neighbor
sampling approaches (Kou et al., 2024; Chen et al.,
2023; Lin et al., 2025), this work represents the first
attempt to apply such methods to the study of task
mixtures. By systematically varying the number
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and proportion of tasks, our goal is to empirically
characterize task-wise interactions and discover
effective combinations. Concretely, our approach
consists of the following three stages:

1. Task Discovery and Data Allocation. De-
fine a few (≤ 5) seed instructions for
5 representative tasks (programming, math
problem solving, history QA, grammar
correction, creative writing) and re-
trieve relevant data via embedding-based
search.

2. Systematic Mixture Design and Analysis.
Construct all 1–5 task combinations with four
training sizes (250, 500, 750, 1,000), yield-
ing 51 mixtures for empirical analysis of task
interactions.

3. Large-scale Experimentation and Interac-
tion Analysis. Tune all mixtures across three
model families (Dubey et al., 2024; Team,
2024; Jiang et al., 2023), quantifying synergy
and interference, and identify effective mix-
tures via Pareto frontier analysis.

Results show that 2-task mixtures are effective
for small datasets and single-task gains, while 3-
task mixtures improve multi-task performance with
larger data. We also identify interaction patterns,
including synergy (programming + math) and in-
terference (programming + creative writing).
These insights provide practical guidelines for in-
struction tuning.

Our main contributions are as follows:

• The first attempt to apply automatic task
identification from unlabeled instructions, via
seed-based retrieval, to task mixture research.

• A large-scale empirical analysis quantifying
synergy and interference across task mixtures.

• The analysis shows that synergistic mixtures
outperform uniform task distributions on vari-
ous benchmark tasks.

• Practical guidelines for task mixture design,
tailored to model scale and training data size.

2 Task Mixture Construction

We construct task mixtures from unlabeled instruc-
tion data in four steps. First, we define a task as a
set of instructions with a shared intent and expected

response format. Second, we select five represen-
tative task categories and retrieve task-relevant ex-
amples using seed-based embedding search. Third,
we instantiate all non-empty task combinations un-
der multiple allocation ratios and training budgets.
Finally, we analyze the resulting mixtures statisti-
cally for both target-task optimization and balanced
multi-task performance.

2.1 Definition of Task
Instruction datasets include diverse prompts in con-
tent, style, and format. We define a task as a group
of instructions with a shared intent and formats.

While prior work relied on pre-labeled datasets
with fixed task definitions and mixing ratios (Ren-
duchintala et al., 2024; Sanh et al., 2021), mod-
ern instruction corpora—often user-generated or
automatically collected (Taori et al., 2023; Köpf
et al., 2023)—lack explicit task boundaries. This
motivates the need for task discovery methods that
operate without labeled metadata.

2.2 Selection of Representative Tasks
To facilitate a systematic analysis of task interac-
tions, we select five representative tasks grounded
in common evaluation benchmarks:

• Programming (P): Tasks involving code gen-
eration and algorithm implementation.

• Math problem solving (M): Tasks that re-
quire logical reasoning and numerical compu-
tation.

• History QA (H): Tasks requiring factual
knowledge and information retrieval.

• Grammar correction (G): Tasks evaluating
grammatical accuracy and language editing
capabilities.

• Creative writing (C): Tasks that assess the
model’s ability to generate creative content
such as poems and stories.

These tasks collectively span essential LLM ca-
pabilities, including reasoning (P, M), linguistic gen-
eration (C, G), and factual knowledge (H).

2.3 Embedding-based Task-wise Sampling
Modern instruction datasets are often derived from
natural user interactions rather than structured task-
specific templates. To extract subsets correspond-
ing to each task, we employ an embedding-based
sampling method.
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2.3.1 Seed Instruction Collection.
The seed instructions serve as core queries for
embedding-based sampling of task-specific sub-
sets. For each of the five tasks, we manually collect
three prototypical instruction patterns, yielding 15
seed instructions in total. The total list is shown in
Appendix A.

We embed seed instructions and the full corpus
in a shared space and retrieve the top 1,100 can-
didates per task using cosine similarity, following
recent nearest-neighbor sampling approaches (Kou
et al., 2024; Chen et al., 2023; Lin et al.,
2025). We employ the text-embedding-3-small
model (OpenAI, 2023) for semantic similarity, with
the sampling process as follows:

1. Embed the seed instructions and the full Al-
paca dataset using an LLM-based embedder.

2. Compute the centroid (mean embedding) for
each task based on its seed instructions.

3. Retrieve the top 220 nearest instructions per
centroid (1,100 total per task) using cosine
similarity.

From each sampled set, we randomly select
1,000 examples for training and 100 for testing.
The data sizes are aligned with the minimum data
thresholds proposed in prior work(Zhou et al.,
2023).

2.4 Construction of Task Mixtures

We construct all combinations of 1 to 5 tasks, re-
sulting in 31 unique sets: 5 single-task, 10 two-task(
5
2

)
, 10 three-task

(
5
3

)
, 5 four-task

(
5
4

)
, and 1 five-

task mixture. These are used to analyze baseline
performance, pairwise interactions, and broader
composition effects.

For each task combination, we design both uni-
form and skewed distributions (e.g., 2:1:1) to yield
a total of 51 distinct task mixtures.

2.4.1 Training Data Allocation.
To reflect practical training constraints, we con-
struct mixtures under four training data sizes: 250,
500, 750, and 1,000 examples. Task allocations fol-
low the specified mixture ratios and are divided in
50-example increments for granularity.

2.5 Statistical Analysis of Task Mixtures

We consider two objectives of instruction tuning:
maximizing a single target task and balancing

performance across tasks. To address both, we
treat task proportions as design variables and ap-
ply statistical mixture analysis to identify effective
combinations.

2.5.1 Score Aggregation across LLMs
Because LLMs produce different score distribu-
tions due to their inherent biases, we aggregate
scores from three structurally diverse LLM judges
into a single value. We denote by yd(w) the raw
score of mixture w on task d. We apply inverse-
variance weighting so that judges whose evalua-
tions are more consistent across instances receive
higher weight. This yields an aggregated score
yd⋆(w) for each mixture.

2.5.2 Statistical Analysis for Target Task
Improvement

We then cast mixture selection as a best-arm iden-
tification problem (Gabillon et al., 2012). Using
bootstrap resampling over instances (B = 10,000),
we compute for each mixture:

• pbest(w): the probability that w is ranked first,

• ∆(w): the margin between the winner ŵ and
the runner-up.

We declare a unique winner ŵ if

pbest(ŵ) ≥ 0.95 and Pr(∆(ŵ) > τ) ≥ 0.95,

with margin threshold τ = 0.03. Otherwise, we
report an ε-optimal set. This procedure provides
a statistically certified Top-1 mixture for each
target task and training data size.

2.5.3 Statistical Analysis for Balanced
Multi-task Performance

For balanced performance across all tasks, we nor-
malize per-task scores for comparability:

ỹd(w) =
yd(w)−minw′ yd(w

′)
maxw′ yd(w′)−minw′ yd(w′)

,

so that ỹd(w) ∈ [0, 1] represents the normalized
performance of mixture w on task d.

We summarize each mixture w by two factors:

1. Quality (q): the mean normalized score across
tasks,

q(w) =
1

D

D∑

d=1

ỹd(w).
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2. Stability (1− d∞): the complement of worst
domain regret,

d∞(w) = max
d

(
1− ỹd(w)

)
.

Thus each mixture is represented as a 2D point
(q(w), 1− d∞(w)). We compute the Pareto fron-
tier in this space to identify mixtures that cannot be
improved in both dimensions simultaneously. For
reporting, we present the optimal Pareto set. For
deployment, we optionally scalarize with

Scoreλ(w) = λ q(w) + (1− λ) (1− d∞(w)),

to select a single balanced mixture. We set λ =
0.5 by default to equally weight performance and
diversity, representing a neutral trade-off point.

3 Experimental Setup

We investigate how task mixture composition af-
fects instruction tuning across different training
data sizes and model architectures. Our analysis
addresses the following questions:

1. Task Discovery: Can tasks be clustered from
unlabeled data with seed-based embeddings?

2. Training Data Size: How do effective mix-
tures change with more training data?

3. Target Task Focus: Which mixtures improve
specific tasks?

4. Balanced Performance: Which mixtures
give strong overall results?

5. Interaction Effects: Which mixtures show
synergy or interference across different exper-
imental setups?

We systematically examine task mixtures across
model architectures under consistent settings, and
will release all code and configurations upon publi-
cation.

3.1 Embedding Search Setup

we use the text-embedding-3-small
model (OpenAI, 2023) with cosine distance,
for task clustering. All embedding parameters
follow OpenAI defaults.

3.2 Models

We evaluate three widely used open-source mod-
els: Llama 3.1 8B (Llama) (Dubey et al., 2024),
Mistral 7B (Mistral) (Jiang et al., 2023), Qwen
2.5 7B (Qwen) (Team, 2024). This selection en-
ables comparison across different architectures and
language pretraining styles.

3.3 Training Setup

All models are fine-tuned using LoRA (Hu et al.,
2022) on a single L40 GPU. We train for 5 epochs
with a learning rate of 2×10−5, weight decay 0.01,
and batch size 4. LoRA settings include rank r = 8,
α = 32, and dropout rate 0.1.

3.4 Dataset

We use the Alpaca instruction dataset (Taori
et al., 2023) (52k instruction–response pairs),
a diverse unlabeled corpus suitable for post-
hoc task construction. From five representa-
tive task types—Programming, Math problem
solving, History QA, Grammar correction, and
Creative writing—we sample 1,000 training
and 100 test examples each. Prompts average 13–17
tokens, while responses vary more widely (20–140
tokens). Detailed statistics are provided in Ap-
pendix B.

3.5 Evaluation Dataset and Baselines

3.5.1 Evaluation Dataset Construction
We construct a test set of 500 instructions (100
per task) for evaluation. Scoring follows the LLM-
as-a-judge protocol (Zheng et al., 2023), using
GPT-4o (OpenAI, 2024), Gemini-2.5-flash (et al,
2025b), and Deepseek-chat-v3.1 (et al, 2025a) as
the judge models. The prompt is shown in Ap-
pendix C.

3.5.2 Baselines
To analyze the influence of task mixtures, we de-
signed two controlled baselines: Single-task tuning
for target task focus, and Uniform training across
all five tasks for balanced multi-task. These base-
lines isolate the effect of task composition without
relying on external sampling or weighting schemes.

4 Analysis of Task Mixtures

We analyze 51 task mixtures across three model
families (Llama, Mistral, Qwen) and four data sizes
(250–1,000 examples), addressing: (i) task discov-
ery from unlabeled corpora, (ii) effects of data size,
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Figure 1: Performance trends by data scale. The blue line represents uniform-task training, while the red line
indicates single-task training. Overall, model performance tends to training data size converge between 750 and
1,000. Two-task mixtures show high variance and occasional peaks, while four-task mixtures offer more stability
with slightly lower peaks.

(a) Llama 3.1 8B (b) Mistral 7B (c) Qwen 2.5 7B

Figure 2: Contribution relationships among effective mixtures for the Target Task. Edge thickness = frequency of
a Task in optimal solutions (over all data sizes); semicircle size = share of self-optimal cases. Programming(P)
influences all domains, while Creative writing(C) never appears in an optimal solution except the self-optimal
cases.

P M H G C Avg.

Human 1 0.7 0.9 0.7 1.0 1.0 0.86
Human 2 0.7 0.8 0.8 0.8 0.9 0.80
Human 3 0.7 0.8 0.9 0.8 0.8 0.80
Human 4 0.7 0.7 0.7 0.9 0.8 0.76
Human 5 1.0 0.8 0.9 0.8 1.0 0.90

Majority Voting 0.8 1.0 0.9 0.9 0.9 0.90

Table 1: Agreement rates between human annotators and
embedding-searched task assignments, along with ma-
jority voting results across task types: Programming (P),
Math problem solving (M), History QA (H), Grammar
correction (G), and Creative writing (C). The final
column reports the average per annotator.

(iii) task-optimal mixtures, (iv) balanced perfor-
mance, and (v) model-specific differences.

4.1 Reliability of Task Discovery

Table 1 reports human evaluation scores for the
embedding-based retrieval procedure. Five anno-
tators were asked to judge whether the retrieved

instructions were semantically aligned with the tar-
get task domain, using a 0–1 scale where higher
values indicate stronger relevance. Across all tasks,
individual annotators consistently rated the re-
trieved samples between 0.7 and 1.0, suggest-
ing that embedding search reliably captures task-
related semantics. The average agreement per an-
notator ranges from 0.76 to 0.90, and majority vot-
ing yields an overall score of 0.90, further con-
firming robustness across evaluators. In particular,
programming and creative writing show per-
fect or near-perfect agreement, while history QA
and grammar correction exhibit slightly lower
but still strong alignment. These results validate
our use of embedding-based retrieval as a practical
and accurate method for constructing task-specific
subsets without manual annotation.

4.2 Effect of Training Data Size

Figure 1 illustrates how performance variance
across mixtures decreases as data size increases,
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Figure 3: Pareto-optimal solutions on overall tasks with 750 data size. Orange squares indicate the optimal solution
for each model. The number of data samples per domain is also provided. dinf denotes Stability (1− d∞), i.e., the
complement of the worst-domain regret, and q represents the average performance across all tasks: Programming
(P), Math problem solving (M), History QA (H), Grammar correction (G), and Creative writing (C). The
final column reports the average score per annotator.

with a convergence point near 750 examples.

• 250–500 examples (low-resource): single-
task or 2-task mixtures are most effective,
while 3+ tasks often underperform.

• 750–1,000 examples (mid- to high-
resource): 3–4 task mixtures become more
stable and outperform the uniform 5-task
baseline in balanced settings.

These results support the strategy of specialization
under low-resource and balanced mixtures under
larger data sizes.

4.3 Target Task Optimization
As defined in Sec. 2.5.2, we treat mixture selec-
tion as a best-arm identification problem and de-
termine the statistically significant winner mixture.
Specifically, a mixture is declared the winner when
its probability of being ranked first. A mixture is
declared the unique winner if pbest ≥ 0.95 and
Pr[∆ > τ ] ≥ 0.95. The threshold τ = 0.03 en-
sures that the declared winner exhibits not only
statistical but also practical significance, prevent-
ing overinterpretation of marginal gains.

4.3.1 Unique Winners.
Out of 60 (model, size, task) settings, 45 (75%) sat-
isfy these criteria. Varying the pbest threshold from
0.90 to 0.975 does not change this count, indicating
threshold-insensitivity. The remaining 15 settings
are reported as ϵ-optimal sets; Appendix D.2 lists
the top-1 candidate mixtures and their probabilities.

4.3.2 Domain-specific Patterns.
Figure 2 shows the relation between domain and
training data combination.

• Programming: Helps other tasks, showing
strong synergy on M or G.

• Math problem solving: benefits from P as
auxiliaries.

• History QA: effective alone or in P and M
combinations.

• Grammar correction: best when isolated or
paired with H.

• Creative writing: sensitive to interference,
often degraded when mixed with G or H.

4.4 Balanced Multi-task Performance
Having examined task-specific optimization, we
now turn to the question of overall balance across
tasks. To this end, we analyze task mixtures under
the Pareto frontier defined in the (q, 1− d∞) space.
We report optimal mixtures on main document, and
hypervolume (HV) as a scalar summary and the
composition of balanced winners on Appendix D.4.

4.4.1 Pareto Frontier Size.
Most settings yield a single balanced winner. How-
ever, for Mistral at 1,000 examples, the Pareto set
expands to two distinct mixtures, suggesting the
presence of multiple near-equivalent balanced so-
lutions rather than a single dominant one.

Winner Mixtures. Balanced winners often em-
phasize H and G at smaller data sizes (e.g., Llama:
H+G on 250 data size, Mistral: H+G on 500 data
size), while P participation increases at larger bud-
gets (e.g., Qwen: P+M+G on 750 data size, Llama:
M+H on 1,000 data size). Figure 3 shows the opti-
mal configuration at a data size of 750. The optimal
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Target task Best-performing mixture pattern Harmful pattern

Programming 4 6 , 2 4 4 >40% Math Problem Solving

Math Problem Solving 8 2 , 4 6 Math Problem Solving mixed with language-only tasks

History QA 10 —

Grammar correction 6 4 , 10 >20% Programming

Creative writing 2 8 , 2 8 pure language mixtures

Table 2: Best-performing and harmful mixture patterns for each target task, aggregated over all three models. Bar
segments represent component tasks: = Programming (P), = Math problem solving (M), = History QA
(H), = Grammar correction (G), = Creative writing (C).

configurations at other data sizes can be found in
Appendix D.3. This shift aligns with the specializa-
tion → balance transition observed in Sec 4.3.

4.5 Model-wise Differences
Robustness patterns differ across models:

• Llama: sensitive to data sizes size, balanced
HV decreases with larger data.

• Mistral: balanced HV peaks at medium data
sizes (500 examples).

• Qwen: consistently robust across data sizes,
achieving high HV even with 250 examples.

4.6 Take-aways
1. Convergence point: mixture effects stabilize

near 750 examples.

2. Unique winner stability: decisions are
threshold-insensitive; Pr[∆ > τ ] is the de-
cisive factor.

3. Balanced performance: HV trajectories
show model-specific peaks—Mistral at 500,
Qwen at 250/750, Llama at 250.

4. Domain/model specificity: P–M synergize,
P–C interfere. Qwen is robust under low-
resource, Llama is size-sensitive, Mistral
peaks at medium data sizes.

5 Practical Guidelines

Our analysis offers practical guidelines for building
instruction-tuning mixtures from unlabeled data,
helping practitioners curate training data efficiently.

1. Data size-aware strategy. With fewer than
500 examples, single-task or carefully cho-
sen 2-task mixtures are most effective. Be-
yond 750 examples, balanced mixtures of 3–
4 tasks become advantageous. Practitioners
should specialize under low-resource settings
and balance under larger scales.

2. Domain interactions. Programming and
Math consistently exhibit synergy and should
be combined when the target requires rea-
soning or structured outputs. In contrast,
Programming and Creative writing often
interfere and should be separated unless suf-
ficient data is available to mitigate negative
transfer.

3. Anchor tasks. History and Grammar fre-
quently serve as stabilizing anchors in bal-
anced winners, particularly at small to mid
data sizes. Including at least 20–30% of such
language-oriented tasks improves generaliza-
tion across other domains.

4. Model-aware design. Model families differ
in their balanced performance peaks: Llama
favors smaller data sizes, Mistral peaks at
medium data sizes (around 500), while Qwen
remains robust across scales. Mixture strate-
gies should be adjusted to model-specific in-
ductive biases.

5. Uncertainty reporting. When mixtures can-
not be statistically distinguished, we recom-
mend reporting an ϵ-optimal set of top can-
didates rather than a single winner. This re-
duces selection bias and provides a more re-
producible basis for deployment.

Overall, these guidelines emphasize that mixture
design is not one-size-fits-all: effective strategies
depend jointly on data size, domain composition,
and model architecture. Our framework identifies
such trade-offs without task labels (Table 2).

6 Performance on External Benchmarks

The best mixture identified in this study also
performs well on external benchmarks, hu-
maneval (Chen et al., 2021), GSM8K (Cobbe et al.,
2021), Creative Writing Benchmark v3(Paech,
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Figure 4: Task-wise benchmark min–max normalized
performance and average distribution for Llama trained
with 750 examples; orange squares show each task’s
and balanced mixture’s optima, black squares the equal-
ratio baseline.

2024), CoLA(Warstadt et al., 2019) and MMLU-
pro(Wang et al., 2024b) history. Figure 4 shows
its performance on the Llama model trained with
750 examples, the most stable data size. While
weaker on creative domains such as History QA
and Creative writing, it excels in overall per-
formance and objective metrics, achieving the
best results for balanced multi-task training.
Since each benchmark uses different scales, we ap-
plied min–max normalization. The external bench-
mark results of other models are provided in Ap-
pendix D.5.

7 Related Work

Instruction tuning datasets were initially con-
structed by aggregating multi-task corpora (Long-
pre et al., 2023; Sanh et al., 2021) or lever-
aging large-scale user-generated data (Ouyang
et al., 2022; Chung et al., 2024). More recent
work emphasizes smaller curated sets (Zhou et al.,
2023; Chen et al., 2023) and automated sampling
such as embedding-based retrieval (Chen et al.,
2025), LLM-based filtering (Liu et al., 2024), and
diversity-aware selection (Bukharin et al., 2024).

Another line of research examines how task mix-
tures affect multi-task tuning. Studies have pro-
posed adaptive reweighting methods (Renduchin-
tala et al., 2024), empirical comparisons of mix-
ing strategies (Wang et al., 2024a; Mueller et al.,
2024), and label-free tuning frameworks like In-
structZero (Chen et al., 2024), collectively demon-
strating the complexity of task interactions.

Statistical mixture modeling has a long history
in fields such as chemistry and hyperparameter op-
timization (Scheffé, 1958; Ehrgott, 2012; Gabillon
et al., 2012), but has rarely been applied at the data
level in NLP. Our work extends this perspective by

treating task proportions as explicit variables for
statistical analysis.

Despite these advances, most prior studies as-
sume access to pre-labeled task annotations (Ren-
duchintala et al., 2024; Wang et al., 2024a; Mueller
et al., 2024). This assumption limits applicability
in real-world unlabeled corpora and hampers scala-
bility when new tasks arise. We address these limi-
tations by proposing an automated framework that
constructs effective task mixtures without relying
on explicit task labels.

Recent instruction tuning studies often use large
models as evaluators (Li et al., 2023; Wang et al.,
2023a; Chen et al., 2024), which correlate with
human ratings but may introduce bias when eval-
uation depends on a single judge model. To mit-
igate this issue, we adopt a multi-judge protocol
with three distinct LLMs: GPT-4o (OpenAI, 2024),
Gemini (et al, 2025b), and DeepSeek (et al, 2025a).
Each mixture is scored independently by all three
judges on a 1–5 Likert scale, and the scores are
aggregated via inverse-variance weighting so that
more consistent judges receive larger weights. We
additionally report bootstrap confidence intervals to
quantify uncertainty. More broadly, our framework
is related to recent work on semantic data selec-
tion and embedding-based retrieval (Chen et al.,
2025), but differs in that it uses retrieved subsets as
approximate task proxies for mixture construction
and statistical analysis rather than as fixed training
sets. This approximation is supported by human val-
idation of the retrieval stage, where annotator-level
agreement falls in the 0.7–0.9 range and majority
voting reaches 0.90, while the main claims of our
study do not depend on perfect task recovery so
long as the retrieved subsets preserve meaningful
variation across instruction types.

8 Conclusion and Future Work

We present a method for automatically identi-
fying tasks from unlabeled instruction data and
conduct a large-scale empirical analysis of task
mixtures. Our results show that synergistic mix-
tures consistently outperform uniform task distri-
butions across benchmarks, and that mixture com-
position has measurable, interpretable effects on
performance. In particular, we observe consistent
synergy between reasoning-oriented tasks (e.g.,
Programming + Math problem solving) and in-
terference between linguistically divergent ones
(e.g., Programming + Creative writing).
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More broadly, we provide a principled and repro-
ducible framework for studying inter-task dynam-
ics in instruction tuning. By formulating mixture
design as a statistical optimization problem, our
approach moves beyond heuristic task selection to-
ward interpretable analysis, without relying on task
labels.

Our findings reveal both expected and less intu-
itive patterns. While some align with prior expec-
tations—such as positive interactions between pro-
gramming and math tasks, and the effectiveness of
simpler mixtures in low-resource settings—others
do not, including the stabilizing role of language-
oriented tasks in balanced mixtures and the limited
benefit of increasing task diversity. These results
highlight the need for systematic statistical analy-
sis, since intuition alone cannot determine which
interaction patterns are robust, scale-dependent, or
model-specific.

Future work should test whether these pat-
terns hold with more reasoning-intensive instruc-
tion data, substantially larger models, and hybrid
human–LLM evaluation. Such extensions will help
distinguish general properties of instruction tuning
from effects specific to the controlled setting stud-
ied here. In this sense, our contribution is both a set
of empirical findings and a framework for making
these distinctions explicit and testable.

Limitations

Our study intentionally focuses on a controlled and
interpretable setting, which also defines its main
limitations.

• Data scope: We restrict our analysis to direct-
answer instruction data in order to maintain
relatively consistent task boundaries and sup-
port reliable statistical modeling. This choice
is motivated by the prevalence of single-turn
instruction data in practical instruction tuning.
However, the resulting findings should not
be assumed to transfer directly to reasoning-
intensive settings such as chain-of-thought su-
pervision or to specialized domains with sub-
stantially different data distributions.

• Model scale: All experiments are conducted
on 7–8B parameter models so that 51 task
mixtures can be evaluated under a tractable
and fully replicated setup. This design enables
broad coverage of mixture conditions, but it
also limits the extent to which the observed

patterns can be generalized to substantially
larger models. Some effects identified here
may reflect stable trends, while others may
change as model capacity increases. Verify-
ing which interaction patterns persist across
scale remains an important direction for future
work.

• Evaluation protocol: Our evaluation uses
three LLM judges with bootstrap-based un-
certainty estimation, providing a practical bal-
ance between cost, reproducibility, and statisti-
cal robustness. Although this protocol follows
recent practice and reduces dependence on a
single evaluator, it does not replace direct hu-
man assessment. Additional human evaluation
would be valuable, especially for validating
subtle interaction effects and for determining
whether the observed gains are meaningful
beyond model-based preference judgments.

These design choices prioritize controlled sta-
tistical analysis over exhaustive coverage. Future
work can extend the present framework along three
main directions: broader instruction regimes includ-
ing reasoning-oriented data, larger model scales,
and hybrid evaluation protocols combining LLM
judges with human assessment. More generally, our
current results should be interpreted as evidence
about mixture effects in a constrained but practi-
cally relevant setting, rather than as a universal
characterization of instruction tuning behavior.
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Table 3 and Table 4 list the seed instructions used
to retrieve task-specific samples. The centroid of
these seed sentences was used as the golden key
for each task, and the top-k most similar samples
were retrieved based on similarity.

B Data Statistics

Table 5 shows the statistics of dataset construc-
tion. Samples were collected for five representative
benchmark tasks. Overall, the number of input to-
kens was similar across tasks, ranging from 12 to
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Task Instruction Examples

Programming

• Write code to print "hello world".

• Develop a strategy for optimizing web content

• List three use cases for gpt-3.

• Create a function to check if a given number is an armstrong number or not.

• Explain what the following machine learning algorithm does. INPUT: k-means clustering

Math problem solving

• What is the tenth term in the geometric sequence 9,3,1,1/3, . . . ?

• Explain the concept of vector multiplication

• Compare and contrast the mass of the earth with the mass of mars. INPUT: earth mass: 5.972
× 1024 kg mars mass: 6.39 × 1023 kg

• Convert the phrase "1/2" into a fraction.

• Compute the result of 38.

Table 3: Seed instructions for Programming (P) and Math problem solving (M) task category.

16, while the number of output tokens varied con-
siderably. In particular, the grammar correction
task exhibited notably shorter output lengths.

C Evaluation Prompt

Table 6 shows the prompt of llm-as-a-judge (Zheng
et al., 2023). We referred to the 1–5 scale criteria
used in existing benchmark evaluations. The final
result was obtained by averaging the evaluation
scores from three LLMs.

D Overall Performance and Analysis
Results

D.1 Full Results.

Due to the scale of the evaluation—51 task mix-
tures × 3 model architectures × 5 target tasks
× 4 training data sizes—it is impractical to in-
clude all detailed results in the main paper or ap-
pendix. Instead, we provide the complete results
as supplementary material. Specifically, the per-
model results are available in the score folder as
llama.csv, mistral.csv, and qwen.csv, respec-
tively.

D.2 Target Task Optimization

Table 7, 8, 9 shows the multiple optimal candidates
for each domain and model. At this time, different
results are observed for each model. In the case of

Qwen, it presents single optimal case in all cases,
but for Llama, the number of optimal candidates
increases as the data size grows. Mistral, regardless
of data size, shows multiple optimal candidates in
the programming domain.

D.3 Pareto Frontier Results for Total Data
Scale

Pareto frontier results across all data scales are
summarized in Table 10. Overall, we observe that
mixtures emphasizing language-oriented tasks of-
ten yield optimal performance. Figure 5 presents
the optimal mixture for each model.

D.4 Hypervolume Trends.

Figure 6 shows HV trajectories per model across
data sizes.

• Llama: achieves its highest HV at 250 exam-
ples (0.968), followed by a gradual decline
with larger data sizes (0.900 at 1,000).

• Mistral: peaks at 500 examples (0.918),
drops sharply at 750 (0.853), and stabilizes
at 1,000 (0.859).

• Qwen: robust across scales, high at 250
(0.963), dips at 500 (0.920), then rises again
at 750 (0.960), and slightly declines at 1,000
(0.922).
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Task Instruction Examples

History QA

• When did the Second World War end?

• Summarize the history of the peloponnesian war in no more than 100 words.

• List the states in the united states of america in alphabetical order.

• Answer the question based on common sense and your knowledge. INPUT: what is the name
of the capital city of peru?

• Write a biography of bill gates

Grammar correction

• Format the input sentence by adding punctuation. INPUT: i love to eat pizza

• Generate a sentence using the following words in the correct order. INPUT: house on fire

• Rewrite the sentence using antonyms to two of the adjectives. INPUT: the students found the
exam relatively easy.

• Rearrange the phrase such that it is in an alphabetical order

• Edit the following sentence in the most natural way to make it active voice: INPUT: the media
campaign was led by the team.

Creative Writing

• Convert the following text into an acrostic poem. INPUT: time

• Generate a children’s story with the following title: the magic violin.

• Give me a metaphor for a good relationship.

• Take a joke and explain it in one sentence. INPUT: why don’t scientists trust atoms? because
they make up everything.

• Categorize the following text into one of the genres: comedy, thriller, romance, or drama.
INPUT: two kids from very different backgrounds meet in summer camp and form an unlikely
friendship.

Table 4: Seed instructions for History QA (H), Grammar correction (G), and Creative writing (C) task category.
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Figure 5: Pareto-optimal solutions on overall tasks with 250, 500, 750, 1000 data size. Orange squares indicate the
optimal solution for each model. The number of data samples per domain is also provided. dinf denotes Stability
(1 − d∞), i.e., the complement of the worst-domain regret, and q represents the average performance across all
tasks: Programming (P), Math problem solving (M), History QA (H), Grammar correction (G), and Creative
writing (C). The final column reports the average score per annotator.
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Source # of samples Input Output

Train
Programming 1,000 14.2 138.5
Math problem solving 1,000 12.8 86.9
History QA 1,000 14.3 111.3
Grammar correction 1,000 16.4 25.3
Creative writing 1,000 14.6 106.7

Test
Programming 100 13.7 123.7
Math problem solving 100 12.7 92.3
History QA 100 17.6 117.5
Grammar correction 100 17.1 21.4
Creative writing 100 14.7 88.4

Table 5: Data size and average length (in tokens) of
prompts (Input) and responses (Output) across training
and test splits. Training data are constructed under vary-
ing training data sizes (250 to 1,000 sequences), with
task combinations allocated accordingly.
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Figure 6: Pareto hypervolume across total data sizes.
Higher hypervolume indicates a better Pareto front;
Llama shows a consistent decline, Mistral peaks at mid-
scale, and Qwen remains robust with a resurgence at
750 examples.
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Figure 7: Task-wise benchmark min–max normalized
performance and average distribution for Llama, Mistral,
and Qwen trained with 750 examples; orange squares
mark the optima for each task and the balanced multi-
task mixture, while black squares indicate the baseline
(training all tasks in equal proportion).

These differences indicate that balanced perfor-
mance peaks at different data sizes depending on
the model.

D.5 External Benchmark Performance
Figure 7 shows the performance distribution of the
Llama, Mistral, and Qwen models with 750 data
size on external benchmarks. Although their distri-
butions differ, models selected as the best generally
achieve above-average performance. In particular,
for average performance, models identified on the
Pareto frontier demonstrate superior results across
all models. All distributions were computed after
applying min–max normalization.
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Evaluation Prompt

You are an impartial evaluator.
Your task is to assign a score from 1 to 5
for the response to the given question,
based on four criteria:
accuracy, relevance, completeness, and fluency.

Scoring Guide:
5 – Excellent: Fully accurate and relevant;
answers the question completely with detail;
language is natural and well-structured.
4 – Good: Mostly accurate and relevant;
answers the question but lacks minor details or clarity;
language is mostly fluent.
3 – Fair: Partially accurate or relevant;
incomplete or vague explanation; some awkward phrasing.
2 – Poor: Largely inaccurate or off-topic;
misinterprets question; hard to follow.
1 – Very Poor: Completely incorrect or irrelevant;
nonsensical or no meaningful answer.

Format your answer strictly as: [[X]]
Where X is the score from 1 to 5. Do not add anything else.

—

Question: question

Response: response

Score:

Table 6: Evaluation prompt for judging scores.
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Data size Target task Best mixture pbest Pr[∆ > τ ]_eff

250

P H:250 1.000 1.000
M H:100+G:150 1.000 0.999
H H:250 1.000 1.000
G H:50+G:200 1.000 1.000
C H:50+G:200 1.000 1.000

500

P P:100+H:100+G:300 0.957 0.882
M H:500 0.889 0.787
H H:200+C:300 1.000 0.995
G M:100+H:100+C:100+G:200 0.521 0.335
C H:200+C:300 0.999 0.996

750

P P:750 1.000 1.000
M P:300+G:450 1.000 0.994
H H:300+C:450 1.000 1.000
G P:150+C:150+G:450 1.000 1.000
C M:150+C:600 1.000 1.000

1000

P P:200+M:200+G:600 0.990 0.946
M M:200+H:800 0.983 0.945
H P:400+H:600 0.678 0.450
G M:200+H:200+G:600 1.000 1.000
C P:200+C:800 0.991 0.959

Table 7: Optimal mixture of Llama for the 250-, 500-, 750- and 1,000-examples settings across five tasks:
Programming (P), Math problem solving (M), History QA (H), Grammar correction (G), and Creative writing
(C). We report pbest, Pr[∆ > τ ], and the top-1 candidate indices with selection probabilities.
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Data size Target task Best mixture pbest Pr[∆ > τ ]_eff

250

P M:50+C:50+G:150 0.973 0.886
M P:50+M:50+C:50+G:100 0.971 0.895
H H:50+C:100+G:100 0.969 0.875
G P:50+C:200 0.990 0.972
C H:100+G:150 1.000 1.000

500

P M:100+G:400 0.712 0.448
M P:100+M:100+H:100+C:200 0.988 0.931
H H:200+G:300 0.926 0.793
G P:200+G:300 0.997 0.992
C M:100+G:400 1.000 1.000

750

P C:750 0.977 0.872
M P:300+H:450 0.992 0.955
H M:150+H:600 0.992 0.966
G H:150+C:150+G:450 1.000 0.999
C H:150+C:150+G:450 1.000 1.000

1000

P M:200+H:200+C:600 0.992 0.939
M M:200+G:800 0.991 0.954
H H:200+C:200+G:600 0.984 0.925
G C:200+G:800 1.000 0.998
C M:400+C:600 1.000 1.000

Table 8: Optimal mixture of Mistral for the 250-, 500-, 750- and 1,000-examples settings across five tasks:
Programming (P), Math problem solving (M), History QA (H), Grammar correction (G), and Creative writing
(C). We report pbest, Pr[∆ > τ ], and the top-1 candidate indices with selection probabilities.
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Data size Target task Best mixture pbest Pr[∆ > τ ]_eff

250

P P:50+H:200 1.0 0.999
M M:50+C:200 1.0 0.999
H P:50+M:100+C:100 1.0 1.000
G H:50+C:200 1.0 1.000
C P:50+M:50+H:50+G:100 1.0 1.000

500

P M:100+G:400 1.0 1.000
M G:500 1.0 0.999
H M:100+H:100+G:300 1.0 1.000
G H:500 1.0 1.000
C P:100+G:400 1.0 1.000

750

P P:150+M:150+G:450 1.0 1.000
M P:300+G:450 1.0 0.997
H H:300+C:450 1.0 1.000
G P:150+M:300+H:300 1.0 1.000
C P:150+C:600 1.0 1.000

1000

P P:400+H:600 1.0 0.999
M P:200+M:400+G:400 1.0 1.000
H P:200+M:800 1.0 1.000
G H:200+C:400+G:400 1.0 1.000
C M:400+C:600 1.0 1.000

Table 9: Optimal mixture of Qwen for the 250-, 500-, 750- and 1,000-examples settings across five tasks:
Programming (P), Math problem solving (M), History QA (H), Grammar correction (G), and Creative writing
(C). We report pbest, Pr[∆ > τ ], and the top-1 candidate indices with selection probabilities.

Model Samples Best Mixture Mean Score d∞ M + P ratio

Llama

250 H:G(2:8) 3.382 0.21 0
500 H:G(4:6) 3.834 0.23 0
750 H:C(2:8) 4.482 0.12 0

1,000 H:C:G(2:2:6) 4.054 0.19 0

Mistral

250 H:G(4:6) 4.088 0.14 0
500 P:C:G(2:2:6) 4.114 0.09 0.2
750 H:C:G(2:2:6) 4.222 0.09 0

1,000 M:H(2:8) 4.116 0.16 0.2

Qwen

250 H(1) 4.356 0.10 0
500 H(1) 4.486 0.10 0
750 P:G(4:6) 4.494 0.10 0.4

1,000 P:M:H:C:G(2:2:2:2:2) 4.512 0.10 0.4

Table 10: Pareto frontier results for the 250-, 500-, 750- and 1,000-examples settings across five tasks: Programming
(P), Math problem solving (M), History QA (H), Grammar correction (G), and Creative writing (C). Mixtures
emphasizing linguistic tasks often dominate. d∞ measures the maximum gap from the per-task optimum; lower
values indicate more balanced performance.
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