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Abstract

We introduce INSTRUCT-SKILLMIX, an automated approach for creating diverse,
high quality SFT data for instruction-following. The pipeline involves two stages,
each leveraging an existing powerful LLM: (1) Skill extraction: uses the LLM to
extract core “skills” for instruction-following, either from existing datasets [6], or
by directly prompting the model; (2) Data generation: uses the powerful LLM to
generate (instruction, response) data that exhibit a randomly chosen pair of these
skills. Here, the use of random skill combinations promotes diversity and difficulty.
Vanilla SFT (i.e., no PPO, DPO, or RL methods) on data generated from INSTRUCT-
SKILLMIX leads to strong gains on instruction following benchmarks such as
AlpacaEval 2.0, MT-Bench, and WildBench. With just 4K examples, LLaMA-3-
8B-Base achieves 42.76% length-controlled win rate on AlpacaEval 2.0, a level
similar to frontier models like Claude 3 Opus and LLaMA-3.1-405B-Instruct.

1 Introduction

Instruction tuning is the first step in converting a base LLM (i.e., trained just on next-word prediction)
into a helpful and interactive agent. Whereas early versions of instruction tuning involved supervised
fine-tuning (SFT) on traditional NLP question-answer datasets [34], nowadays, the SFT data is
collected at high cost from a thriving ecosystem of skilled human annotators. We will use the term
“instruction tuning” to refer solely to supervised fine-tuning (SFT) on such Q&A pairs — and not to
reinforcement-learning methods such as PPO/DPO/RLHF [26, 25] etc., which usually follow SFT in
the pipeline to produce an Instruct model.

The cost and complexity of custom datasets has motivated creation of open-domain alternatives.
ShareGPT [4] contains conversations collected from a model-hosting website, whereas OpenAssis-
tant [15] and Dolly [5] contain crowdsourced human data. Another intriguing method, popularized
by Self-Instruct [33] (and its variants, e.g., Alpaca [28]) leverages synthetic datasets. Here, a strong
LLM is prompted with a small set of human-created examples to generate a large number of (query,
answer) examples on a variety of topics.

Evaluations of instruction-following ability have also sprung up, with AlpacaEval 2.0 [8, 9] a popular
one based upon curated queries from various sources. In these evaluations, a model’s response to a
provided query is compared against a strong reference model’s response, and the model is ranked
based upon its win rate — the percentage of queries for which the model produces a better answer
than the reference model. Rankings on AlpacaEval and related benchmarks like WildBench broadly
align with the subjective impression of a model’s performance [9], [19].

Surprising difficulty of instruction tuning. A persistent puzzle in this field is that SFT on the above
public datasets does not yield good performance on the evaluations. It was suspected that the cause is
the lack of diversity in the training data. But, efforts to produce more diverse synthetic data —e.g.,
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UltraChat [7], a synthetic dataset of 1.5M multi-turn conversations created via meticulously tracking
of lexical and topical diversity as well as coherence — do not significantly improve performance.

A popular hypothesis is that this has to do with uneven quality of open datasets —which are usually a
hodge-podge of collected queries— whereas proprietary datasets are produced to careful specifications
using good quality-control. One finding that supports this hypothesis is that doing SFT on the 1K
Q&A pairs in Alpaca-52K with the longest responses, outperforms SFT on all 52k pairs [42, 39]. In
other words, the 51K other data-points are redundant, or even interfere with the “signal” present in
the best 1K examples. This finding has inspired “less is more” approaches — including an extreme
one based upon just a judicious set of in-context examples to provide a surprisingly reasonable level
of instruction-tuning and alignment [18] — but they did not significantly improve the performance
either.

Some have cautioned against hopes for a miracle out of instruction tuning. Gudibande et al. [12]
suggest, based upon careful experiments, that basic capabilities of the LLM arise from pre-training
and its massive training corpus. Most deficiencies left after pre-training will not be fixable by, say,
a million SFT examples. While this perspective feels broadly correct, it does not quite explain
why open efforts to instruction tune Mistral-7B-Base-v0.2 and LLaMA-3-8B-Base fail to match the
performance of their proprietary Instruct counterparts.

The above difficulties have lately lowered interest level in instruction-tuning, with many researchers
now turning to RL-based methods (eg, PPO, DPO), which have been used in recent open-source
projects to greatly improve proprietary chat models [22] —which of course had already benefited
from training on expensive human data. For further discussion regarding related work, please see
Appendix A.

Synthetic Data 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Step 2: Create synthetic 
(instruction, response) pair that 
requires applying k provided skills.

Skill List

Step 1: Use powerful LLM to gather 
instruction-following skills.

What are some 
instruction 
following skills?

Create one Q&A 
using the k skills 
below…

Figure 1: Sketch of INSTRUCT-SKILLMIX pipeline. See Figures 2a and 2b for more details on two
different implementations of INSTRUCT-SKILLMIX.

This Paper: We describe a more efficient and effective approach for creating synthetic instruction
tuning datasets. Past open efforts invested significant effort in ensuring high coverage of topics
and scenarios to sufficiently equip the LLM for scenarios it might encounter at deployment time.
We take a subtly different tack. Recognizing that pre-training is the dominant source of the LLM’s
“inner knowledge,” we focus our instruction tuning on merely teaching the LLM skills for drawing
upon that inner knowledge and presenting it nicely in during conversations. Our novel pipeline,
INSTRUCT-SKILLMIX, adopts the approach in Didolkar et al. [6], and uses a frontier LLM to identify
a list of “basic skills” needed for instruction-following. The second step of our pipeline, inspired
by Yu et al. [38], uses the list of extracted skills to produce synthetic query-response examples by
repeatedly drawing a random pair of skills from the list and asking the powerful LLM to produce
a suitable query that tests those two skills, and also a good response to the query. Using merely
2K to 4K such Q&A examples, vanilla SFT boosts the performance of leading small base models
(Mistral-7B-Base-v0.2, LLaMA-3-8B-Base, and Gemma-2-9B-Base) on AlpacaEval 2.0 to match or
surpass some apex models, including the original GPT-4, LLaMA-3.1-405B-Instruct and Claude 3
Opus. (Table 1)
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Table 1: Evaluation results of base models supervised-finetuned on INSTRUCT-SKILLMIX
versus the proprietary instruct versions and other proprietary models. For our models, we report
the results for best checkpoint selected using held-out queries. For other models(*), we report the
published numbers available on publicly available leaderboards. “# Data” refers to the number of
(instruction, response) pairs in the training data.

AlpacaEval2.0 WildBench
Model # Data LC WR(%) WB-Rewardgpt4t

∞

LLaMA-3-8B
Ours 4K 42.76 -36.91
*LLaMA-3-8B-Instruct - 22.90 -46.30

Mistral-7B-v0.2
Ours 4K 36.70 -29.25
SFT on Alpaca-52K 52K 8.64 -80.47
*Mistral-7B-Instruct-v0.2 - 17.10 -54.70

Gemma-2-9B
Ours 2K 36.18 -37.83
Gemma-2-9B-Instruct - 37.21 -28.78
*Other Proprietary Models
LLaMA-3.1-405B-Instruct - 39.30 -
Mistral Large - 32.70 -46.40
Claude 3 Opus - 40.50 -21.20
Claude 3 Sonnet - 34.90 -30.30
GPT-4-Omni (2024-05-13) - 57.50 +1.70
GPT-4 (2023-03-14) - 35.30 -

2 INSTRUCT-SKILLMIX

This section describes our methodology for extracting skills from powerful LLMs1 and how to use
these extracted skills to create a diverse, high quality dataset. A simplified version of our pipeline
and prompts are depicted in Figures 1 and 2. Section 3 reports evaluation results when finetuning on
this dataset. For more details and discussion about the pipeline, see Appendix B.

2.1 Skill Extraction Procedure

We tried two variants (see Appendix B for more details), and discuss the second variant below. We
first query GPT-4-Turbo to generate a list of topics that arise in instruction-following. For each topic
returned by GPT-4-Turbo, we further prompt GPT-4-Turbo to generate a list of skills that are needed
to answer typical queries on that topic. Additionally, we ask GPT-4-Turbo to create a list of query
types (e.g., “Information Seeking”) that might arise in that topic. See Appendix M.4 for details about
the prompts used, and Appendix L.2 for the list of all extracted skills.

2.2 Data Generation

Inspired by the recent SKILLMIX evaluation [38], we generate instruction-following examples by
prompting GPT-4-Turbo to combine random combinations of k skills (and a random choice of
query type for the seed-dataset agnostic version). Since the number of k-tuples scales as Nk, where
N is the total number of skills, there is a very large diversity of prompts, which translates into
diversity of training examples. We refer to the resulting dataset as INSTRUCT-SKILLMIX. For
example, INSTRUCT-SKILLMIX(k=2)-1K refers to 1,000 examples of data created from random
combinations of k = 2 skills. (See Appendix M.3 and M.5 for the details about the prompts used
for data generation.) We will refer to the datasets generated from the seed-dataset dependent and
the seed-dataset agnostic versions as INSTRUCT-SKILLMIX-SEED-DATASET-DEPENDENT and
INSTRUCT-SKILLMIX-SEED-DATASET-AGNOSTIC, respectively.

1We use GPT-4-Turbo, but any powerful LLM can be used in the pipeline. GPT-4-Turbo refers to the
2024-04-09 checkpoint throughout the paper unless specified otherwise.
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3 Experiments

We report the main evaluation results when models are finetuned on INSTRUCT-SKILLMIX-SDA
in Table 1, and summarize our findings below. For a more detailed version of Table 1, see Table 2.
For additional ablations (including the role of mixing skills, ruling out confounding factors, and
an investigation of the effect of low quality data), see Appendix G. For evaluations on other LLM
benchmarks, see Table 3.

INSTRUCT-SKILLMIX-SDA achieves SOTA performance amongst SFT models. LLaMA-3-
8B-Base finetuned on 4,000 examples from INSTRUCT-SKILLMIX-SDA(k=2) yields LC win rate
of 42.76% on AlpacaEval 2.0. This score is higher than Claude 3 Opus, LLaMA-3.1-405B-Instruct,
and GPT-4 (2023-03-14). Mistral-7B-Base-v0.2 finetuned on the same data achieves -29.25 on
WildBench, which outperforms Claude 3 Sonnet and Mistral Large. Gemma-2-9B-Base finetuned on
2,000 example from INSTRUCT-SKILLMIX-SDA(k=2) gets a score of 8.12 on MT-Bench, which is
better than GPT-3.5-Turbo (2023-03-01). To best of our knowledge, these scores are much higher
than any base model that has only undergone supervised instruction finetuning (i.e., no RLHF, DPO,
PPO, or variants).

Improved performance from SFT on INSTRUCT-SKILLMIX-SDA. Across all model types,
dataset size, and the evaluation benchmark, we generally see an improvement when finetuning on
INSTRUCT-SKILLMIX-SDA compared to INSTRUCT-SKILLMIX-SDD. See Table 2 for more details.

Early saturation. Performance from our method rises rapidly, reaching unprecedented levels with
1K examples. Unfortunately, improvements stop already with 4K examples. This turns out to be
a consequence of its high efficiency at inducing good instruction-following. Specifically, with 4K
examples, the win-rate against GPT-4 approaches 50% on heldout queries from our pipeline, and thus
overfitting sets in.

4 Conclusion

While one would have certainly expected the cost factor as well as scaling ability to ultimately favor
synthetic data, the surprising finding in this paper is that, when done well, synthetic data can be much
more effective than human data. This is shown via our INSTRUCT-SKILLMIX pipeline, which uses
the recent discovery of LLM Metacognition [6] to extract skills using a powerful LLM and then
leverages an LLM to create quality instruction data using random pairs of those skills.

Vanilla SFT of base models on just 1K to 4K examples from our pipeline outperforms the proprietary
instruct versions of the same model, as well as older and larger efforts like Vicuna and Ultrachat that
used orders of magnitude more datapoints. The performance also approaches those of frontier models
trained on expensive human data as well as RL techniques. Unfortunately our method saturates at 4K
examples as explained earlier.

Ablation studies in Appendix G.2 ruled out potential confounding factors, such as the use of a
strong data generation model or bias that may occur when the data generation model and grader
model are from the same family. These ablations reinforce that the improvement is primarily due
to the uniformly high quality of examples produced by our skill-based pipeline. Each example
contains a query with nontrivial scenarios and lots of moving parts, which elicits rich responses from
powerful LLMs. Appendix G.3 offers a preliminary exploration of pitfalls of naive collection of
instruction-tuning data. Specifically it identifies the Negative Pareto Principle of instruction-tuning:
presence of some lower-quality data causes super-proportionate harm to the final result. This insight
should be more rigorously investigated, including via new theory.

We should note that our results look stronger on paper than they actually are. This has to do with
limitations of AlpacaEval 2.0 – specifically, the focus on basic instruction-following capability, and
use of win-rates as a metric. A win rate of even 50% against a frontier model still allows unacceptably
high frequency of unsuitable responses in a deployment setting. For example, our model struggles on
queries that use vague or confusing phrasing. (The new WildBench evaluation does test for some
such issues.) We hope to use such observations to improve INSTRUCT-SKILLMIX ideas as well as to
propose a better evaluation.
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A Related Work

Prior works observe improvements from instruction finetuning on fewer, but higher quality data
generated by humans [42, 29]. However, efforts to curate high quality data from humans are quite
expensive, and licensing can become complicated. This has led to an increase in the popularity of
semi-automated and less expensive approaches.

Selecting high quality data. Synthetic data creation has become a predominant approach for
curating instruction tuning datasets, especially in the academic realm [33, 8, 37, 13]. These synthetic
datasets are generally created by providing in-context examples to a powerful LLM to produce
the synthetic data, followed by some post-filtering [33]. Recent efforts have also focused on data
selection strategies for high quality subsets of the original dataset, which lead to performance gains
[30, 3, 20, 39]. Notably, Zhao et al. [39] show that finetuning on just the 1K longest completions from
Alpaca-52K outperforms finetuning on the entire Alpaca-52K dataset. Whereas the data selection
methods just described focus on general-purpose instruction tuning, Xia et al. [36] explore an
optimizer-aware data selection strategy for targeted instruction tuning.

Encouraging data diversity. Common approaches to elicit diversity in datasets include mixing
multiple datasets [31, 21, 32], as well as rewriting the data in multiple ways and changing format-
ting [1, 14]. The Self-Instruct framework [33] and variants such as Alpaca-52K [8] popularized
the following approach to encourage diversity: filter out any synthetic data whose ROUGE-L sim-
ilarity with any existing instruction is below some threshold. Other approaches to create diverse,
synthetic data include imposing constraints on the topic in order to enhance wide coverage [7, 37], or
requiring the synthetic data to use a random subset of words or concepts chosen from some vocabu-
lary [10, 13, 16]. The latter approach is also suggested by recent work that provides a mathematical
model for emergence via LLM scaling [2] and used in the evaluation setting in Yu et al. [38].

AlpacaEval and WildBench. AlpacaEval [17, 9] and WildBench [19] are widely adopted evalua-
tions for assessing the instruction-following capabilities of LLMs. A model has to provide answers to
a set of instructions, and their answers are compared against the reference outputs from a designated
baseline model. Another evaluator LLM outputs a preference between the model outputs and the
reference outputs. The primary evaluation metric is the win rate, the proportion of model outputs
that were favored over the reference outputs. Given that a raw win rate shows bias towards longer
responses, AlpacaEval 2.0 [9] introduces length-corrected (LC) win rate as a proxy for what the raw
win rate would be if the evaluated model’s response lengths and baseline model’s response lengths
matched.

RL-inspired approaches. Turning a vanilla LLM into a chat model consists of two main stages:
(1) supervised finetuning (SFT) to obtain a supervised policy, followed by (2) alignment (with
human values) via RL methods. Standard approaches for alignment, such as RLHF [23], rely on
reinforcement learning. Here, a reward model is trained on preference data to reflect human values,
and used to update the policy using proximal policy optimization (PPO) [26]. But the same idea can
also improve instruction-following with corresponding preference data, and evaluated on AlpacaEval.
Optimization issues with RLHF, had led to RL-free approaches such as direct preference optimization
(DPO) [25], which implicitly optimizes the same objective as RLHF, and SimPO [22], a reference-
model-free alternative to DPO. Alternate RL-inspired approaches take on a game-theoretic approach,
equating RLHF with finding the Nash equilibrium of a two player constant-sum game [27, 35]. For
example, SPPO [35] approximates the Nash equilibrium policy via a combination of multiplicative
weights and a self-play mechanism, where in each iteration, the policy plays against itself in previous
iterations by finetuning on synthetic data (which is generated by the policy and then annotated using
the preference model). In Appendix H, we compare the performance of Mistral-7B-Base-v0.2 SFT
with our 4K dataset against Mistral-7B-Instruct-v0.2 finetuned using SPPO and SimPO.

10



B Further details about INSTRUCT-SKILLMIX Pipeline

B.1 Skill Extraction Procedure (More detailed)

Method 1: Leveraging existing instruction dataset. Even though existing instruction-following
datasets may not induce good chat capability via vanilla SFT, these datasets still exhibit (possibly in
an uneven fashion) some “skills” needed by the model. Thus, we adapt the methodology presented
in [6] and use GPT-4-Turbo to extract instruction-following skills from random samples of existing
instruction and alignment datasets (5,200 samples from Alpaca-52K and 1,000 samples from Ultra-
Chat). We then use GPT-4-Turbo to cluster similar skills into broader categories, forming our final
list of instruction-following skills (e.g., Critical Thinking and Analytical Skills). See Appendix L.1
for the list of all extracted skills and Appendix M.1 and M.2 for details about the prompts used for
skill extraction.

Method 2: Directly prompting a powerful LLM. While Method 1 works surprisingly well, it
generated unease about the quality of seed datasets, as well as about inheriting their limitations and
biases. Therefore we also tried an alternative pipeline that solely relies on the powerful LLM’s ideas
about what skills it leverages for instruction-tuning. We first query GPT-4-Turbo to generate a list
of topics that arise in instruction-following. For each topic returned by GPT-4-Turbo, we further
prompt GPT-4-Turbo to generate a list of skills that are needed to answer typical queries on that topic.
Additionally, we ask GPT-4-Turbo to create a list of query types (e.g., “Information Seeking”) that
might arise in that topic. See Appendix M.4 for details about the prompts used, and Appendix L.2 for
the list of all extracted skills.

It should be clear that Method 2, by relying solely upon the LLM’s inner knowledge, should extend
easily to other types of instruction-following, including settings such as safety and alignment. This is
left for future work.
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(a) Top row: INSTRUCT-SKILLMIX-SDD pipeline (short for INSTRUCT-SKILLMIX-SEED-DATASET-
DEPENDENT).
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Figure 2: Two variants of the INSTRUCT-SKILLMIX pipeline. INSTRUCT-SKILLMIX(k) involves
two steps: (1) skill extraction using similar ideas as [6]; (2) data generation from random k-tuples of
skills.

Where does diversity come from? The first source of diversity is the skill labels. A skill-label
represents some part of GPT-4’s meta-knowledge of human behavior and needs as observed during
instruction-tuning, and which it has derived from its vast training set. Replacing a concrete Q&A
example with a skill label converts it into a pointer to a region in GPT-4’s meta-knowledge, which
GPT-4 can then freely draw upon to create new examples. The second source of diversity is the use
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of random k-tuples of skills when generating new examples. The motivation here is that, in most
cases, distinct tuples will lead to very distinct flavor of examples.

Even though two skill pairs may share a common skill, they lead to rather distinct Q&A pairs,
involving creative and nuanced situations with subtle moving parts. Since the number of k-tuples
scales as

(
N
k

)
, where N is the number of skills, using pairs of skills foster a lot of diversity — e.g.,

125, 000 possibilities with N = 500, k = 2. The pipeline in our experiments mainly uses k = 2, but
generating answers to these queries will certainly end up using many other unnamed skills as well,
and thus be a rich source for learning how to follow instructions.
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C Further details about Experimental Setup

SFT on INSTRUCT-SKILLMIX(k). We finetune LLaMA-3-8B-Base, Mistral-7B-Base-v0.2,
Gemma-2-9B-Base, LLaMA-2-7B-Base, LLaMA-2-13B-Base, on a varying number of examples
from INSTRUCT-SKILLMIX-SDD(k) and INSTRUCT-SKILLMIX-SDA(k). We train for multiple
epochs and select the best checkpoint by performance on a held-out data. Similar to [42], we observe
that using cross entropy-loss on a validation set does not lead to the best checkpoint. See Appendix F.2
for a more detailed discussion of the checkpoint selection procedure. As a baseline, we also finetune
on different subsets of Alpaca-52K, including the 1K or 5K examples with the longest completions.
For further training details (e.g., hyperparameters), see Appendix F.1.

Evaluation. We evaluate our models on popular instruction following benchmarks: AlpacaEval
2.0 [9], MT-Bench [41], and WildBench [19]. For AlpacaEval, we report the length-controlled win
rate (LC WR) of the responses of our model against a reference response, which corrects for the
length bias of the judge model. For MT-Bench, we report the average score of the responses of our
model graded by a judge model. For WildBench, we report the WB-Reward (weighted win-rate)
of the response of our model against one reference response when graded by a judge model. For
further evaluation details, see Appendix E. See Table 3 in Appendix D for evaluations on additional
benchmarks.
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D Full Evaluation Results (More Detailed)

Table 2 contains the full evaluation results on instruction following benchmarks, including the ones
in Table 1. Table 3 contains the full evaluation results on other popular LLM benchmarks.

Table 2: Evaluation results on AlpacaEval 2.0, MT-Bench, and WildBench. For our models, we
report the results for best checkpoint selected using held-out queries. For other models(*), we report
the published numbers available on publicly available leaderboards. “# Data” refers to the number of
(instruction, response) pairs in the training data.

AlpacaEval 2.0 WildBench
Model # Data WR(%) LC WR(%) MT-Bench WB-Rewardgpt4t

∞

SFT on INSTRUCT-SKILLMIX(k=2)

LLaMA-3-8B-Base
1K 27.83/27.48 23.41/27.83 6.85/7.15 -48.58/-41.46
2K 31.19/35.73 29.16/36.51 6.85/7.18 -45.70/-42.52
4K 30.05/44.63 28.59/42.76 7.05/7.09 -51.76/-36.91

Mistral-7B-Base-v0.2
1K 33.87/42.48 27.48/38.34 6.92/7.33 -41.46/-30.65
2K 37.05/40.83 31.57/36.18 7.04/7.20 -43.46/-31.92
4K 35.08/40.74 29.77/36.70 7.17/7.16 -39.06/-29.25

Gemma-2-9B-Base
1K 31.36/36.80 34.80/39.58 7.81/7.99 -53.17/-37.16
2K 34.28/39.30 42.09/36.18 7.80/8.12 -52.05/-37.83
4K 33.64/37.97 35.87/40.05 7.88/7.69 -56.05/-38.23

LLaMA-2-7B-Base
1K 8.94/14.00 10.20/13.81 4.38/4.59 -77.98/-72.36
2K 7.24/14.95 10.75/15.76 4.44/4.67 -80.71/-75.15
4K 6.90/12.50 9.63/13.94 4.50/4.31 -81.12/-76.27

LLaMA-2-13B-Base
1K 17.34/22.54 18.06/22.69 6.40/6.71 -64.42/-55.22
2K 16.95/19.67 17.76/22.75 6.29/6.73 -67.58/-58.40
4K 15.79/20.70 17.08/23.05 6.44/6.29 -69.48/-62.55

SFT on INSTRUCT-SKILLMIX(k=1)

Mistral-7B-Base-v0.2
1K 30.06/41.75 27.04/38.34 7.22/7.49 -46.83/-30.95
2K 35.07/- 31.66/- 7.39/- -46.97/-
4K 33.57/- 28.85/- 7.13/- -44.43/-

SFT on Subsets of Alpaca-52K

Mistral-7B-Base-v0.2

Long 1K 12.75 10.09 6.88 -63.38
Long 5K 13.01 8.92 6.90 -62.55

Random 5K 8.70 11.10 6.86 -74.41
Full 52K 7.47 8.64 6.45 -80.47

*Existing Models (not trained by us)
LLaMA-3.1-405B-Instruct - 39.10 39.30 - -
Mistral Large - 21.40* 32.70 - -46.40
Claude 3 Opus - 29.10 40.50 - -21.20
Claude 3 Sonnet - 25.60 34.90 - -30.30
GPT-4-Omni (2024-05-13) - 51.30 57.50 - +1.70
GPT-4 (2023-03-14) - 22.10 35.30 8.96 -
LLaMA-2-70B Chat - 13.90 14.70 6.86 -53.40
UltraLM 13B V2.0 1.5M 7.50 9.90 -
Vicuna 13B v1.5 > 1M 7.00 11.70 6.57
LLaMA-3-8B-Instruct - 22.60 22.90 - -46.30
Mistral-7B-Instruct-v0.2 - 14.70 17.10 7.60 -54.70
Gemma-2-9B-Instruct - 21.49 37.21 - -28.78
Zephyr 7B Beta - 11.00 13.20 -
Claude 2.0 - 17.20 28.20 8.06
Gemini Pro - 18.20 24.40 -
GPT-3.5-Turbo (06/13) - 14.10 22.70 8.39
GPT-4 (2023-06-13) - 15.80 30.20 9.18
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Table 3: Evaluation results on MMLU, TruthfulQA, GSM8K, ARC Challenge, Winogrande,
PIQA.

Model MMLU TrQA GSM ARC-C Winogrande PIQA

LLaMA-3-8B Models
INSTRUCT-SKILLMIX-SDD-1K 62.09 34.88 52.54 53.92 74.51 79.76
INSTRUCT-SKILLMIX-SDD-2K 62.09 37.33 52.77 53.75 75.06 79.54
INSTRUCT-SKILLMIX-SDD-4K 62.28 32.19 50.42 52.73 73.09 79.22
INSTRUCT-SKILLMIX-SDA-1K 62.33 37.09 51.25 52.39 74.19 79.92
INSTRUCT-SKILLMIX-SDA-2K 62.18 35.25 52.39 52.39 74.66 79.05
INSTRUCT-SKILLMIX-SDA-4K 61.72 34.15 51.10 52.22 73.72 79.27
LLaMA-3-8B-Instruct 62.06 27.05 49.96 50.43 72.85 79.71
LLaMA-3-8B-Base 63.84 36.23 76.12 52.99 72.06 78.62

Mistral 7B v0.2 Models
INSTRUCT-SKILLMIX-SDD-1K 58.97 26.19 36.01 51.02 73.64 81.18
INSTRUCT-SKILLMIX-SDD-2K 58.67 25.95 36.32 50.60 73.56 81.01
INSTRUCT-SKILLMIX-SDD-4K 58.38 26.68 36.54 50.00 73.56 81.45
INSTRUCT-SKILLMIX-SDA-1K 59.24 27.05 35.10 52.47 73.48 81.23
INSTRUCT-SKILLMIX-SDA-2K 58.90 25.83 33.66 52.99 73.88 81.66
INSTRUCT-SKILLMIX-SDA-4K 58.49 26.68 31.77 52.13 73.72 81.12
INSTRUCT-SKILLMIX-SDD(k=1)-1K 59.02 26.56 34.27 50.34 72.77 81.07
INSTRUCT-SKILLMIX-SDD(k=1)-2K 58.90 25.83 33.66 52.99 73.88 81.66
INSTRUCT-SKILLMIX-SDD(k=1)-4K 58.94 26.56 33.97 51.11 73.56 81.45
INSTRUCT-SKILLMIX-SDA(k=1)-1K 59.07 26.44 35.86 51.71 74.11 81.45
Alpaca-1K Longest 58.72 27.29 35.18 51.88 72.93 81.01
Mistral-7B-Instruct-v0.2 58.70 52.51 43.67 54.35 72.38 80.41
Mistral-7B-Base-v0.2 58.59 28.27 37.98 48.81 71.67 80.30

Gemma-2-9B Models
INSTRUCT-SKILLMIX-SDD-1K 69.16 30.60 70.96 62.54 74.74 81.23
INSTRUCT-SKILLMIX-SDD-2K 69.26 30.72 70.81 63.23 74.59 81.28
INSTRUCT-SKILLMIX-SDD-4K 69.39 30.11 71.72 63.14 74.66 81.66
INSTRUCT-SKILLMIX-SDA-1K 69.49 31.21 70.74 62.80 73.95 81.83
INSTRUCT-SKILLMIX-SDA-2K 69.64 32.56 71.04 63.82 74.59 81.66
INSTRUCT-SKILLMIX-SDA-4K 69.36 31.58 71.27 63.74 74.27 81.72
Gemma-2-9B-Instruct 71.61 42.96 79.08 63.40 76.32 81.18
Gemma-2-9B-Base 68.58 30.11 67.10 61.60 74.11 81.45

LLaMA-2-7B Models
INSTRUCT-SKILLMIX-SDD-1K 41.04 34.39 11.83 46.93 70.01 78.07
INSTRUCT-SKILLMIX-SDD-2K 41.84 31.21 17.51 47.10 69.53 78.45
INSTRUCT-SKILLMIX-SDD-4K 43.00 30.84 15.24 47.01 69.38 78.24
INSTRUCT-SKILLMIX-SDA-1K 41.45 34.39 14.78 48.38 69.61 78.35
INSTRUCT-SKILLMIX-SDA-2K 43.17 33.41 15.92 47.78 70.01 78.51
INSTRUCT-SKILLMIX-SDA-4K 42.56 32.80 14.63 47.70 68.67 78.02
LLaMA-2-7B-Chat 46.39 30.35 21.76 43.86 66.69 76.44
LLaMA-2-7B-Base 40.76 25.21 12.36 43.52 69.46 77.97

LLaMA-2-13B Models
INSTRUCT-SKILLMIX-SDD-1K 51.25 30.72 28.51 51.02 72.38 79.16
INSTRUCT-SKILLMIX-SDD-2K 51.03 30.84 28.73 50.85 72.30 79.43
INSTRUCT-SKILLMIX-SDD-4K 51.05 29.50 28.58 51.19 71.82 80.03
INSTRUCT-SKILLMIX-SDA-1K 50.68 30.11 27.45 50.60 72.61 79.92
INSTRUCT-SKILLMIX-SDA-2K 51.67 30.35 29.19 50.17 72.06 79.98
INSTRUCT-SKILLMIX-SDA-4K 51.47 30.60 30.86 50.94 71.67 80.41
LLaMA-2-13B-Chat 53.25 27.91 34.80 46.42 71.03 77.69
LLaMA-2-13B-Base 50.48 25.70 22.74 48.81 72.06 79.27
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E Evaluation Details

To evaluate our models on the AlpacaEval 2.0, we followed the instructions in https://github.
com/tatsu-lab/alpaca_eval [9]. The reference model and judge model are both GPT-4-Turbo
(2023-11-06).

To evaluate our models on MT-Bench, we followed the instructions in https://github.com/
lm-sys/FastChat [41]. The reference model and judge model are both GPT-4 (2023-06-13).

To evaluate our models on WildBench, we followed the instructions in https://github.com/
allenai/WildBench [19]. The reference model and judge model are both GPT-4-Turbo (2024-
04-09), and we used no length penalty (K = ∞). This corresponds to WB-Rewardgpt4t

∞ in their
notation.

For other LLM benchmarks, we followed the default configuration for the evaluation scripts in
https://github.com/EleutherAI/lm-evaluation-harness [11]. We report the exact-match
accuracy for GSM8K and the MC1 score for TruthfulQA.
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F Training Details

F.1 Hyperparameters

In Table 4, we include the hyperparameters use in our experiments. We finetune each model using
the AdamW optimizer. For every run, we use a learning rate schedule with a linear warmup of 0.03
and cosine decay to zero. For all experiments, we finetune for 15 epochs and store the checkpoint
after each epoch, with the exception of the full Alpaca-52K dataset on which we only finetune for 3
epochs.

Training a 7B model on 15 epochs of 1000 examples from INSTRUCT-SKILLMIX takes approximately
15 minutes on 4 H100 GPUs via PyTorch FSDP [40].

In total, 120 hours of H100 GPU were used for training models reported in this paper, and an
additional 1200 hours were spent on preliminary experiments.

Table 4: Hyperparameters used for SFT.

Model LR Batch Size
LLaMA-3-8B-Base 2e-5 64, 128
Mistral-7B-Base-v0.2 2e-6 64
Gemma-2-9B-Base 1e-6 64
LLaMA-2-7B-Base 2e-5 64
LLaMA-2-13B-Base 2e-5 64
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F.2 Checkpoint Selection

We randomly choose 100 held-out examples from our dataset. After each epoch, we generate
responses to the held-out instructions using the model checkpoint. We then calculate the win rate of
these responses against the reference outputs generated by GPT-4-Turbo (using the same grader as
AlpacaEval 2.0). We select the checkpoint with the highest length-controlled win rate (LC WR) on
this held-out evaluation.

For example, in Table 5, we report the LC WR and WR on our validation dataset and on AlpacaEval
2.0 for all 15 checkpoints when training Mistral-7B-Base-v0.2 on INSTRUCT-SKILLMIX-SDD-4K.

We select the checkpoint corresponding to epoch 11, since this has the highest LC WR on the held-out
data. Note that (1) the corresponding LC WR on AlpacaEval (29.77%) is fairly close to the best LC
WR (30.84%); and, (2) the corresponding WR on AlpacaEval (35.08%) is the best WR.

We additionally report the cross-entropy loss of each model checkpoint on our held-out data. Similar
to [39], we notice that selecting the checkpoint that minimizes the cross-entropy loss on validation
task (i.e., epoch 2) leads to suboptimal downstream performance. The LC WR on AlpacaEval 2.0
is only 16.5%, which is significantly lower than 29.77%, when we select the checkpoint with our
validation task.

Table 5: Checkpoint selection. We SFT Mistral-7B-Base-v0.2 on INSTRUCT-SKILLMIX-SDD-4K, and
evaluate the performance on held-out data. We select the checkpoint with the best LC WR on held-out data (in
this case, epoch 11). Entries in boldface represent the best performing epoch for that metric.

Epoch 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

On Held-Out INSTRUCT-SKILLMIX-SDD Data
LC WR(%) 20.7 20.4 27.8 28.2 37.0 35.2 45.5 44.1 45.6 39.5 52.8 42.8 45.6 38.5 44.1
WR(%) 34.1 42.8 63.1 61.8 69.7 69.8 75.3 76.2 76.2 71.7 82.3 74.4 73.1 70.6 74.0
CE Loss 1.21 1.18 1.19 1.23 1.30 1.43 1.61 1.78 1.97 2.11 2.19 2.23 2.24 2.24 2.24

On AlpacaEval 2.0
LC WR(%) 14.8 16.5 22.9 26.2 28.2 28.4 29.7 30.1 29.9 28.8 29.8 28.1 29.4 30.4 30.8
WR(%) 17.3 19.2 27.1 30.9 33.2 32.4 34.4 35.6 34.6 33.7 35.1 32.5 34.0 34.6 35.1
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G Ablations

G.1 The Effectiveness of (Mixing) Skills

INSTRUCT-SKILLMIX-SDD significantly outperforms SFT on Alpaca dataset. To illustrate
the performance of the INSTRUCT-SKILLMIX pipeline, we present the evaluation results when we
finetune Mistral-7B-Base-v0.2 on different subsets of the Alpaca-52K dataset (responses written by
GPT-4 2023-03-14 [24]): (1) Alpaca-1K Longest: 1,000 examples with the longest responses [39];
(2) Alpaca-5K Longest: 5,000 examples with the longest responses; (3) Alpaca-5K Random: 5,200
randomly sampled examples from which we extracted our skills; and (4) Alpaca-52K: the full 52,002
examples.

Table 6: Evaluation results of Mistral-7B-Base-v0.2 finetuned on INSTRUCT-SKILLMIX vs. on
Alpaca-52K. Note that skills extracted from Alpaca-5K Random were used to create the INSTRUCT-
SKILLMIX-SDD datasets.

AlpacaEval 2.0 WildBench
SFT Dataset # Data LC WR(%) MT-Bench WB-Rewardgpt4t

∞
INSTRUCT-SKILLMIX-SDD(k=2) 4K 29.77 7.17 -39.06
INSTRUCT-SKILLMIX-SDD(k=1) 1K 27.04 7.22 -46.83
Alpaca-1K Longest 1K 10.09 6.88 -63.38
Alpaca-5K Longest 5K 8.92 6.90 -62.55
Alpaca-5K Random 5K 11.10 6.86 -74.41
Alpaca-52K Full 52K 8.64 6.45 -80.47

As shown in Table 6, finetuning on 1,000 examples with the longest completions from Alpaca-
52K yields 10.09% LC win rate on AlpacaEval 2.0. On the other hand, finetuning on only 1K
examples of INSTRUCT-SKILLMIX-SDD(k=1) yields 27.04% LC win rate. Furthermore, SFT on
INSTRUCT-SKILLMIX-SDD(k=2)-4K yields 29.77% LC win rate. We highlight that since INSTRUCT-
SKILLMIX-SDD is partially derived from Alpaca-52K, the observed improvements in the win rate are
indicative of the improved quality of INSTRUCT-SKILLMIX over selecting the longest completions.

Table 14 shows that INSTRUCT-SKILLMIX has the same number of tokens per (instruction, response)
pair as Alpaca-1K Longest, but has longer and more descriptive instruction, whereas the reference
model output is shorter and more concise. This suggests that the quality of the instruction is important
for instruction tuning. 2

Increasing k boosts performance. In Table 7, models finetuned in INSTRUCT-SKILLMIX(k=2)
data outperform models SFT on INSTRUCT-SKILLMIX(k=1) on AlpacaEval and WildBench, whereas
performance on MT-bench is about the same.

Table 7: Evaluation results of Mistral-7B-Base-v0.2 SFT on INSTRUCT-SKILLMIX where k=1
vs. k=2. In each entry, we report INSTRUCT-SKILLMIX-SDD/INSTRUCT-SKILLMIX-SDA

AlpacaEval 2.0 WildBench
Model # Data WR(%) LC WR(%) MT-Bench WB-Rewardgpt4t

∞

SFT on INSTRUCT-SKILLMIX(k=2)

Mistral-7B-Base-v0.2
1K 33.87/42.48 27.48/38.34 6.92/7.33 -41.46/-30.65
2K 37.05/40.83 31.57/36.18 7.04/7.20 -43.46/-31.92
4K 35.08/40.74 29.77/36.70 7.17/7.16 -39.06/-29.25

SFT on INSTRUCT-SKILLMIX(k=1)

Mistral-7B-Base-v0.2
1K 30.06/41.75 27.04/38.34 7.22/7.49 -46.83/-30.95
2K 35.07/- 31.66/- 7.39/- -46.97/-
4K 33.57/- 28.85/- 7.13/- -44.43/-

2The same result holds when finetuning on 1,000 examples of INSTRUCT-SKILLMIX-SDD(k=1), which
only includes 1 skill per datapoint. This strongly suggests that INSTRUCT-SKILLMIX is able to generate data
that better illustrates conversational skills present in the Alpaca dataset, even without having to combine skills.
See Table 2 for more details.
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G.2 Ablations to Rule Out Confounding Factors

We report ablation studies that help get to the source of our method’s effectiveness.

Is it entirely due to a powerful text generator? We used GPT-4-Turbo, whereas many SFT efforts
in 2023 used an earlier version of GPT-4 or GPT-3.5. To pinpoint the effect of this change, we match
the version of the GPT-4 by regenerating answers to the top 1K queries of Alpaca (the ones identified
in [42]) with GPT-4-Turbo, and regenerating INSTRUCT-SKILLMIX with the same GPT-4 version as
in [42].

Table 8: Evaluation results of Mistral-7B-Base-v0.2 finetuned on INSTRUCT-SKILLMIX-SDD vs. Alpaca-
1K Longest generated from two different versions of GPT-4. For a fixed data generator model, SFT
Mistral-7B-Base-v0.2 on INSTRUCT-SKILLMIX-SDD outperforms SFT on Alpaca-1K Longest.

AlpacaEval 2.0
Model for Data Generation Dataset WR(%) LC WR(%) MT-Bench

GPT-4 (2023-03-14) Alpaca-1K Longest 12.75 10.09 6.83
INSTRUCT-SKILLMIX-SDD-1K 13.29 15.01 7.10

GPT-4-Turbo (2024-04-09) Alpaca-1K Longest 35.23 19.62 6.99
INSTRUCT-SKILLMIX-SDD-1K 33.87 27.48 6.92

Table 8,compares the performance of Mistral-7B-Base-v0.2 when finetuned on the two datasets using
the two versions of GPT-4. Using a better generator helps improve peroformance on Alpaca queries,
but for each fixed generator model, the INSTRUCT-SKILLMIX dataset leads to better performance.
Furthermore, replacing GPT-4 with the stronger GPT-4-Turbo in generation makes INSTRUCT-
SKILLMIX pull even further ahead of Alpaca-1K Longest, which highlights that our pipeline is better
positioned than Alpaca to elicit better supervision from a more powerful LLM teacher.

Table 9: Evaluation results when using two different graders for AlpacaEval 2.0. Relative ranking of
evaluated models are generally preserved when using different graders.

Grader: GPT-4 (2023-11-06) Grader: Claude 3 Opus
Model WR(%) LC WR(%) WR(%) LC WR(%)
Mistral-7B-Base-v0.2 SFT on ISM-SDD-1K 33.87 27.48 50.56 38.50
Mistral-7B-Base-v0.2 SFT on ISM-SDD-2K 37.05 31.57 48.94 38.29
Mistral-7B-Base-v0.2 SFT on ISM-SDD-4K 35.08 29.77 52.55 44.16
(Reference Model) LLaMA-3-70B-Instruct 33.20 34.40 39.68 42.33
(Reference Model) Mistral-7B-Instruct-v0.2 14.70 17.10 15.16 18.89
(Reference Model) LLaMA-2-70B-Chat 13.90 14.70 16.67 17.85

Effect of choice of graders. To check for potential bias that may arise when the model used for
data generation and grading are from the same model family, we compare the effect of using Claude
3 Opus as the grader for AlpacaEval 2.0. Table 9 shows that although Claude is a more generous
grader across the board, it generally preserves the relative rankings among the models. Importantly, it
exhibits even stronger preference for our models’ generations than does GPT-4.

G.3 Effect of Low Quality Data: The Negative Pareto Principle

Our fully synthetic pipeline produces a large number of high-quality questions and answers that look
impressive but also (for want of a better word) “robotic.” Data sourced from human workers shows
greater variation, and one begins to wonder if that additional diversity could be beneficial. We tried
interventions such as generating 20% using a different prompt –e.g., require a shorter answer, or a
poor quality answer. In a human pipeline, this variation would be expected (although maybe would
be filtered out by quality control in corporate settings). We can think of this as “data from shirkers.”
See Appendix J for an example of a poor quality response.

We replace 20% of the responses in INSTRUCT-SKILLMIX(k=2)-2K with short responses (“respond
in one paragraph”) to create BREV-INSTRUCT-SKILLMIX(k=2)-2K. Finetuning Mistral-7B-Base-
v0.2 on such data was surprising: brevity constraint on just 20% of data almost halved the average
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response length on AlpacaEval, from 2817 to 1746 characters. LC win rate dropped from 31.57% to
23.93%.

We alternatively replace 20% of the responses in the same datasets with responses that are still
long but have poor quality (i.e., deliberately sloppy and unhelpful) to create JUNK-INSTRUCT-
SKILLMIX(k=2)-2K. Mistral-7B-Base-v0.2 finetuned on this dataset yields less than 1% win rate on
AlpacaEval and 5.01 on MT-Bench.

Thus lower-quality data has a super-proportionate harm on model responses. We propose to call this
effect the negative pareto principle 3. It may help explain why creating open-domain instruction-
tuning data has proved so difficult via naive crowd-sourcing.

Table 10: Evaluation results of models finetuned on low quality INSTRUCT-SKILLMIX. Re-
placing just 20% of the dataset with low quality data has a super-proportionate harm on the model
performance.

AlpacaEval 2.0 WildBench
Model # Data LC WR(%) Avg Len MT-Bench WB-Rewardgpt4t

∞

SFT on INSTRUCT-SKILLMIX-SDD(k=2)

Mistral-7B-Base-v0.2
2K 31.57 2817 7.04 -43.46

2K (Brevity 20%) 23.93 1746 6.69 -49.85
2K (Junk 20%) 0.77 1104 5.01 -47.50

SFT on INSTRUCT-SKILLMIX-SDA(k=2)

Mistral-7B-Base-v0.2
2K 36.18 2936 7.20 -31.92

2K (Brevity 20%) 31.61 2336 7.32 -32.27
2K (Junk 20%) 24.60 2435 6.90 -47.50

G.4 Scaling Up Model Size Increases Performance.

In Table 11, observe that the win rate and LC win rate for LLaMA-2-13B-Base is higher than for
LLaMA-2-7B-Base after finetuning on the same dataset. This supports the understanding that larger
models learn better than smaller models, when given the same dataset.

Table 11: Scaling up model size enhances performance.

AlpacaEval 2.0
Model # Data WR(%) LC WR(%)

LLaMA-2-7B-Base
1K 8.94/14.00 10.20/13.81
2K 7.24/14.95 10.75/15.76
4K 6.90/12.50 9.63/13.94

LLaMA-2-13B-Base
1K 17.34/22.54 18.06/22.69
2K 16.95/19.67 17.76/22.75
4K 15.79/20.70 17.08/23.05

3The Pareto Principle, also known as the 80/20 rule, states that roughly 80% of the consequences come from
20% of the causes.4
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G.5 Win Rates and Average Output Length on Varying Amounts of INSTRUCT-SKILLMIX
Data

In Figures!4 and 3, we plot the win rates and average output length on varying amounts of INSTRUCT-
SKILLMIX-SDD and INSTRUCT-SKILLMIX-SDA, respectively. We generally observe that around
2K examples leads to good performance.
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Figure 3: Win rates and average output length on varying amounts of INSTRUCT-SKILLMIX-
SDD data.
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Figure 4: Win rates and average output length on varying amounts of INSTRUCT-SKILLMIX-
SDA data.
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H INSTRUCT-SKILLMIX is Competitive With RL-Inspired Methods.

Self-Play Preference Optimization (SPPO) [35] and SimPO [22] are two RL-inspired methods that
are used as an alternative to PPO. SPPO applied to LLaMA-3-8B-Instruct achieves LC win-rate of
38.77% on AlpacaEval by training on 60K examples, whereas further training LLaMA-3-8B-Instruct
via SimPO achieves 44.70%. On the other hand, finetuning LLaMA-3-8B-Base with 4K examples
from INSTRUCT-SKILLMIX-SDA yields 42.76%, which is better than or competitive to the two
approaches. Note that we combine two process (1) instruction tuning (with unknown amount of data),
and (2) RL-based preference optimization into one instruction tuning process with 4K examples.

Table 12: Evaluation results of models finetuned on INSTRUCT-SKILLMIX data vs. finetuned
via RL methods.

AlpacaEval 2.0
Model Method LC WR(%) MT-Bench
SFT on INSTRUCT-SKILLMIX-SDA(k=2)
LLaMA-3-8B-Base SFT on INSTRUCT-SKILLMIX-SDA(k=2)-4K 42.76 7.09
LLaMA-3-8B-Base SimPO 22.00 7.70
LLaMA-3-8B-Instruct SimPO 44.70 8.00
LLaMA-3-8B-Instruct SPPO 38.77 -
Mistral-7B-Base-v0.2 SFT on INSTRUCT-SKILLMIX-SDA(k=2)-4K 36.70 7.16
Mistral-7B-Instruct-v0.2 SimPO 32.10 7.60
Mistral-7B-Instruct-v0.2 SPPO 30.46 7.59
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I Robustness of INSTRUCT-SKILLMIX Across Random Skill Combinations
for SFT

We finetune on four disjoint subsets of INSTRUCT-SKILLMIX data, each consisting of 1000 examples,
and report the results in Table 13. Due to the randomness in choosing skill pairs, only 1% of data in
any given two subsets share the same skill pair. Our findings suggest that the model’s performance is
robust to the random choice of skills.

Table 13: Robustness of INSTRUCT-SKILLMIX across random skill combinations for finetuning.
We SFT Mistral-7B-Base-v0.2 on 4 disjoint subsets of INSTRUCT-SKILLMIX(k=2) data, each
consisting of 1,000 examples. The SFT-ed model’s performance is robust to the random choice of
skills.

AlpacaEval 2.0 WildBench
SFT Dataset WR(%) LC WR(%) Avg. Len. MT-Bench WB-Rewardgpt4t

∞
Split 1 (1-1000) 33.87 27.48 2835.0 6.92 -41.46
Split 2 (1001-2000) 34.14 28.60 2657.0 7.00 -40.62
Split 3 (2001-3000) 34.31 29.16 2669.0 6.93 -43.36
Split 4 (3001-4000) 34.17 28.78 2704.0 7.12 -36.28
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J Examples of BREV-INSTRUCT-SKILLMIX and JUNK-INSTRUCT-SKILLMIX

Below is an example Q&A pair generated from BREV-INSTRUCT-SKILLMIX(k=2):

### Instruction:
I’m crafting an adventure novel where my protagonist, a city dweller, is thrust into a survival
challenge in the dense forests of the Pacific Northwest. I aim to realistically portray their
evolution from a survival novice to a competent woodsman. What are some specific survival tactics I
could integrate throughout the story to enhance realism and deepen the character’s growth? Could you
also suggest how these skills could reflect the protagonist’s emotional and psychological journey?

### Response:
Begin your protagonist’s survival tale with basic skills, like creating a shelter using fallen
branches, sparking their initial struggles and emotional turmoil. As confidence grows, introduce
intermediate skills like navigating using moss on trees, paired with feelings of achievement.
Eventually, showcase their expertise with advanced techniques, such as making snares from natural
materials, symbolizing complete mastery over their surroundings and emotional resilience. This arc
not only propels the plot but deeply embeds the protagonist’s psychological transformation, enhancing
the authenticity and depth of your narrative.

Below is an example Q&A pair generated from JUNK-INSTRUCT-SKILLMIX(k=2):

### Instruction:
I am preparing for a job interview at a multinational company and have to give a presentation on the
impact of cultural sensitivity in global business operations. Can you help me draft a compelling
introduction and main points that emphasize the importance of this topic?

### Response:
Oh, for your presentation, just start by talking about how cultural sensitivity is important for
businesses, especially the big ones that work in lots of different countries. Maybe say something
like it helps people get along and work better or something like that. You can talk about respect
and being nice to each other, which is always good, right? Then maybe add some stuff about how
this affects business, like making more money or avoiding issues, though I’m not too sure on those
details. Just try to speak confidently, fill up the time with some general talk about understanding
and teamwork, and it should probably be okay. Good luck, just keep it vague but make sure it sounds
kind of important and comprehensive.
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K Stats on Different Datasets

In Table 14, we report the average number of characters and number of tokens in the input (instruction)
and the output (response) fields of the datasets. For the number of tokens, we use the LLaMA-2
tokenizer. On average, INSTRUCT-SKILLMIX has longer instructions and more concise reference
model responses than the Alpaca-1K-Longest, but has roughly the same number of tokens when the
input and output fields are combined.

Table 14: Statistics of various SFT datasets.

Dataset # Data Instruction Response
Avg. # Tokens Avg. Len Avg. # Tokens Avg. Len

UltraChat ? ? ? ? ?
Alpaca-52K 52002 221.09 912.17 159.48 664.58
Alpaca-1K-Longest 1000 511.37 2289.16 458.19 2069.64
INSTRUCT-SKILLMIX-SDD 4000 511.58 2199.01 394.15 1644.88
INSTRUCT-SKILLMIX-SDA 4000 510.63 2152.77 392.32 1606.33
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L List of Skills

L.1 INSTRUCT-SKILLMIX-SDD List of Skills

Using the skill extraction procedure detailed in Section 2.1, we extract 337 skill clusters from a
random sample of 5200 instruction-response pairs from Alpaca-52k (GPT-4 version); 128 skill
clusters from random sample of 1000 instruction-response pairs from UltraChat; and 35 skill clusters
for alignment and safety. We remove duplicates, and end up with 484 total skill clusters.
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L.2 INSTRUCT-SKILLMIX-SDA List of Skills and Query Types

Using the procedure detailed in Section 2.1, we extract 156 conversational topics and 18 query types
from GPT-4-Turbo. From the topics, we get a fine-grained list of 1,143 skills.
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l
e
d
e
s
i
g
n

c
o
n
s
e
r
v
a
t
i
o
n
s
t
r
a
t
e
g
y
p
l
a
n
n
i
n
g

i
n
s
t
r
u
m
e
n
t
p
r
o
f
i
c
i
e
n
c
y

e
n
e
r
g
y
e
f
f
i
c
i
e
n
c
y
t
e
c
h
n
i
q
u
e
s

g
e
o
g
r
a
p
h
i
c
i
n
f
o
r
m
a
t
i
o
n
s
y
s
t
e
m
s

t
e
c
h
n
i
c
a
l
a
n
a
l
y
s
i
s

o
b
s
e
r
v
i
n
g
e
t
i
q
u
e
t
t
e
r
u
l
e
s

i
n
t
e
r
i
o
r
d
e
s
i
g
n
i
n
g

s
t
r
a
t
i
g
r
a
p
h
i
c
c
o
r
r
e
l
a
t
i
o
n

g
r
a
m
m
a
r
e
r
r
o
r
i
d
e
n
t
i
f
i
c
a
t
i
o
n

w
a
s
t
e
r
e
d
u
c
t
i
o
n
s
t
r
a
t
e
g
i
e
s

a
d
v
o
c
a
c
y
s
t
r
a
t
e
g
y
d
e
v
e
l
o
p
m
e
n
t

p
e
d
a
g
o
g
i
c
a
l
c
o
n
t
e
n
t
k
n
o
w
l
e
d
g
e

d
e
b
t
f
i
n
a
n
c
i
n
g

p
e
t
s
a
f
e
t
y
p
r
e
c
a
u
t
i
o
n
s

h
e
a
l
t
h
e
d
u
c
a
t
i
o
n
d
e
v
e
l
o
p
m
e
n
t

s
c
i
e
n
t
i
f
i
c
w
r
i
t
i
n
g

p
h
i
l
o
s
o
p
h
y
a
n
d
r
e
l
i
g
i
o
n

s
p
e
a
k
i
n
g
f
l
u
e
n
c
y

q
u
a
n
t
i
t
a
t
i
v
e
d
e
c
i
s
i
o
n
m
a
k
i
n
g

c
r
i
s
i
s
c
o
m
m
u
n
i
c
a
t
i
o
n

t
e
a
m
b
u
i
l
d
i
n
g

a
p
p
l
i
c
a
t
i
o
n
s
e
c
u
r
i
t
y

s
o
l
a
r
p
a
n
e
l
i
n
s
t
a
l
l
a
t
i
o
n

t
r
a
f
f
i
c
m
a
n
a
g
e
m
e
n
t
s
y
s
t
e
m
s

m
a
r
k
e
t
a
n
a
l
y
s
i
s

e
l
e
c
t
r
i
c
a
l
s
a
f
e
t
y
i
n
s
p
e
c
t
i
o
n

s
p
e
c
i
e
s
i
d
e
n
t
i
f
i
c
a
t
i
o
n

e
m
o
t
i
o
n
a
l
i
n
t
e
l
l
i
g
e
n
c
e

e
n
e
r
g
y
a
n
d
r
e
s
o
u
r
c
e
s

t
e
c
h
n
i
c
a
l
p
r
o
b
l
e
m
s
o
l
v
i
n
g

f
a
s
h
i
o
n
t
r
e
n
d
s

p
o
e
t
i
c
a
n
a
l
y
s
i
s

s
t
a
k
e
h
o
l
d
e
r
n
e
g
o
t
i
a
t
i
o
n

p
a
t
i
n
a
a
p
p
l
i
c
a
t
i
o
n

l
i
n
k
b
u
i
l
d
i
n
g

f
o
o
d
p
r
e
s
e
n
t
a
t
i
o
n

h
e
a
l
t
h
y
e
a
t
i
n
g
a
d
v
i
c
e

s
o
l
v
i
n
g
l
i
n
e
a
r
e
q
u
a
t
i
o
n
s

h
i
s
t
o
r
y
a
n
d
g
e
o
g
r
a
p
h
y

c
u
l
t
u
r
a
l
a
d
a
p
t
a
t
i
o
n
s
t
r
a
t
e
g
i
e
s

t
r
i
p
p
l
a
n
n
i
n
g

a
g
i
l
e
m
e
t
h
o
d
o
l
o
g
i
e
s

n
e
g
o
t
i
a
t
i
o
n
t
a
c
t
i
c
s

d
i
g
i
t
a
l
a
r
t
d
e
s
i
g
n

s
o
c
i
a
l
m
e
d
i
a
m
a
r
k
e
t
i
n
g

m
i
n
d
f
u
l
n
e
s
s
t
e
c
h
n
i
q
u
e
s

p
l
a
n
e
t
a
r
y
g
e
o
l
o
g
y

s
e
c
u
r
i
t
y
r
i
s
k
a
s
s
e
s
s
m
e
n
t

c
o
d
e
o
p
t
i
m
i
z
a
t
i
o
n

t
e
c
h
n
o
l
o
g
y
i
n
t
e
g
r
a
t
i
o
n

f
a
s
h
i
o
n
b
r
a
n
d
i
n
g

c
a
r
e
e
r
p
l
a
n
n
i
n
g

l
i
t
e
r
a
r
y
c
r
i
t
i
c
i
s
m

d
a
t
a
d
r
i
v
e
n
s
t
r
a
t
e
g
y

p
u
b
l
i
c
t
r
a
n
s
p
o
r
t
p
l
a
n
n
i
n
g

d
i
a
l
o
g
u
e
c
r
a
f
t
i
n
g

h
o
m
e
b
u
d
g
e
t
m
a
n
a
g
e
m
e
n
t

d
i
g
i
t
a
l
m
u
s
i
c
p
r
o
d
u
c
t
i
o
n

r
i
s
k
f
a
c
t
o
r
i
d
e
n
t
i
f
i
c
a
t
i
o
n

r
e
s
e
r
v
a
t
i
o
n
h
a
n
d
l
i
n
g

v
a
c
c
i
n
a
t
i
o
n
s
c
h
e
d
u
l
e
m
a
n
a
g
e
m
e
n
t

c
r
e
a
t
i
v
e
p
r
o
b
l
e
m
s
o
l
v
i
n
g

s
o
c
i
a
l
m
e
d
i
a
a
d
s
c
r
e
a
t
i
o
n

u
s
e
r
e
x
p
e
r
i
e
n
c
e
e
v
a
l
u
a
t
i
o
n

s
l
e
e
p
i
m
p
r
o
v
e
m
e
n
t
s
t
r
a
t
e
g
i
e
s

c
o
d
i
n
g
a
n
d
d
e
b
u
g
g
i
n
g

c
l
i
e
n
t
c
o
m
m
u
n
i
c
a
t
i
o
n

l
e
g
i
s
l
a
t
i
v
e
d
r
a
f
t
i
n
g

c
o
l
o
r
t
h
e
o
r
y
a
p
p
l
i
c
a
t
i
o
n

s
u
s
t
a
i
n
a
b
i
l
i
t
y
p
l
a
n
n
i
n
g

h
u
m
a
n
r
e
s
o
u
r
c
e
s
m
a
n
a
g
e
m
e
n
t

s
u
s
t
a
i
n
a
b
l
e
a
g
r
i
c
u
l
t
u
r
e
p
r
a
c
t
i
c
e
s

l
i
t
e
r
a
r
y
c
r
i
t
i
q
u
e

a
c
t
i
v
e
l
i
s
t
e
n
i
n
g

s
y
n
t
a
x
a
n
a
l
y
s
i
s

t
h
e
m
e
e
x
p
l
o
r
a
t
i
o
n

c
h
o
r
e
o
g
r
a
p
h
y
d
e
s
i
g
n

e
p
i
d
e
m
i
c
o
u
t
b
r
e
a
k
i
n
v
e
s
t
i
g
a
t
i
o
n
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tio

n
I
n
f
o
r
m
a
t
i
o
n
-
S
e
e
k
i
n
g

T
h
i
s
i
n
c
l
u
d
e
s
a
n
y
q
u
e
r
y
w
h
e
r
e
t
h
e
u
s
e
r
i
s

l
o
o
k
i
n
g
t
o
f
i
n
d
o
u
t
f
a
c
t
s
,
d
a
t
a
,
e
x
p
l
a
n
a
t
i
o
n
s
,

o
r
l
e
a
r
n
a
b
o
u
t
a
t
o
p
i
c
.

H
e
l
p
-
S
e
e
k
i
n
g

Q
u
e
r
i
e
s
w
h
e
r
e
t
h
e
u
s
e
r
n
e
e
d
s
a
s
s
i
s
t
a
n
c
e

i
n
s
o
l
v
i
n
g
a
p
r
o
b
l
e
m
o
r
p
e
r
f
o
r
m
i
n
g
a
n

a
c
t
i
o
n
.

T
h
i
s
c
o
u
l
d
b
e
t
e
c
h
n
i
c
a
l
s
u
p
p
o
r
t
,

t
r
o
u
b
l
e
s
h
o
o
t
i
n
g
,
o
r
g
u
i
d
a
n
c
e
o
n
p
e
r
s
o
n
a
l

i
s
s
u
e
s
.

I
n
s
t
r
u
c
t
i
o
n
a
l

Q
u
e
r
i
e
s
t
h
a
t
s
p
e
c
i
f
i
c
a
l
l
y
r
e
q
u
e
s
t
d
e
t
a
i
l
e
d
,

s
t
e
p
-
b
y
-
s
t
e
p
i
n
s
t
r
u
c
t
i
o
n
s
o
r
p
r
o
c
e
d
u
r
a
l

g
u
i
d
a
n
c
e
.

T
h
i
s
c
a
t
e
g
o
r
y
i
s
d
e
s
i
g
n
e
d
t
o
a
s
s
i
s
t

u
s
e
r
s
i
n
u
n
d
e
r
s
t
a
n
d
i
n
g
a
n
d
e
x
e
c
u
t
i
n
g
t
a
s
k
s
b
y

b
r
e
a
k
i
n
g
t
h
e
m
d
o
w
n
i
n
t
o
s
e
q
u
e
n
t
i
a
l
,
m
a
n
a
g
e
a
b
l
e

s
t
e
p
s
.

W
h
e
t
h
e
r
i
t
’
s
a
p
r
a
c
t
i
c
a
l
d
a
y
-
t
o
-
d
a
y

t
a
s
k
,
a
c
o
m
p
l
e
x
t
e
c
h
n
i
c
a
l
p
r
o
c
e
d
u
r
e
,
o
r
a

c
r
e
a
t
i
v
e
p
r
o
c
e
s
s
,
t
h
e
A
I
p
r
o
v
i
d
e
s
a
c
l
e
a
r
,

m
e
t
h
o
d
i
c
a
l
a
p
p
r
o
a
c
h
t
o
a
c
c
o
m
p
l
i
s
h
i
n
g
s
p
e
c
i
f
i
c

o
b
j
e
c
t
i
v
e
s
.

C
o
n
v
e
r
s
a
t
i
o
n
a
l

T
h
e
s
e
a
r
e
q
u
e
r
i
e
s
w
h
e
r
e
t
h
e
u
s
e
r
i
s
p
o
s
s
i
b
l
y

l
o
o
k
i
n
g
f
o
r
e
n
g
a
g
e
m
e
n
t
m
o
r
e
t
h
a
n
s
p
e
c
i
f
i
c

i
n
f
o
r
m
a
t
i
o
n
o
r
t
a
s
k
s
.

T
h
i
s
c
a
n
i
n
c
l
u
d
e
s
m
a
l
l

t
a
l
k
o
r
g
e
n
e
r
a
t
i
v
e
i
n
t
e
r
a
c
t
i
o
n
s
a
i
m
e
d
a
t

e
n
t
e
r
t
a
i
n
m
e
n
t
o
r
c
o
m
p
a
n
i
o
n
s
h
i
p
.

F
e
e
d
b
a
c
k
-
S
e
e
k
i
n
g

Q
u
e
r
i
e
s
w
h
e
r
e
u
s
e
r
s
a
r
e
l
o
o
k
i
n
g
f
o
r
f
e
e
d
b
a
c
k

o
n
t
h
e
i
r
i
d
e
a
s
,
c
r
e
a
t
i
o
n
s
,
o
r
o
p
i
n
i
o
n
s
.

T
h
i
s

c
a
n
b
e
p
a
r
t
i
c
u
l
a
r
l
y
r
e
l
e
v
a
n
t
i
n
e
d
u
c
a
t
i
o
n
a
l
,

a
r
t
i
s
t
i
c
,
o
r
p
r
o
f
e
s
s
i
o
n
a
l
c
o
n
t
e
x
t
s
.

C
o
m
p
a
r
a
t
i
v
e

T
h
e
s
e
q
u
e
r
i
e
s
i
n
v
o
l
v
e
c
o
m
p
a
r
i
n
g
d
i
f
f
e
r
e
n
t

i
t
e
m
s
,
i
d
e
a
s
,
o
r
s
c
e
n
a
r
i
o
s
.

U
s
e
r
s
o
f
t
e
n

s
e
e
k
a
s
s
i
s
t
a
n
c
e
i
n
m
a
k
i
n
g
d
e
c
i
s
i
o
n
s
o
r

u
n
d
e
r
s
t
a
n
d
i
n
g
d
i
f
f
e
r
e
n
c
e
s
.

C
l
a
r
i
f
i
c
a
t
i
o
n
-
S
e
e
k
i
n
g

T
h
e
s
e
q
u
e
r
i
e
s
a
i
m
t
o
c
l
a
r
i
f
y
c
o
n
f
u
s
i
o
n
o
r
g
e
t

m
o
r
e
d
e
t
a
i
l
e
d
i
n
f
o
r
m
a
t
i
o
n
a
b
o
u
t
a
p
r
e
v
i
o
u
s
l
y

m
e
n
t
i
o
n
e
d
o
r
u
n
d
e
r
s
t
o
o
d
t
o
p
i
c
.

U
s
e
r
s
m
i
g
h
t

n
e
e
d
f
u
r
t
h
e
r
e
x
p
l
a
n
a
t
i
o
n
o
r
a
m
o
r
e
r
e
f
i
n
e
d

u
n
d
e
r
s
t
a
n
d
i
n
g
o
f
a
c
o
m
p
l
e
x
i
s
s
u
e
.
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es
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n
N
a
r
r
a
t
i
v
e

Q
u
e
r
i
e
s
w
h
e
r
e
t
h
e
u
s
e
r
i
s
i
n
t
e
r
e
s
t
e
d
i
n

h
e
a
r
i
n
g
s
t
o
r
i
e
s
,
e
x
p
e
r
i
e
n
c
e
s
,
o
r
d
e
t
a
i
l
e
d

a
c
c
o
u
n
t
s
o
f
e
v
e
n
t
s
.

T
h
e
s
e
c
a
n
b
e
h
i
s
t
o
r
i
c
a
l
,

p
e
r
s
o
n
a
l
,
o
r
f
i
c
t
i
o
n
a
l
.

P
l
a
n
n
i
n
g

Q
u
e
r
i
e
s
t
h
a
t
a
s
s
i
s
t
i
n
p
l
a
n
n
i
n
g
o
r
o
r
g
a
n
i
z
i
n
g

a
c
t
i
v
i
t
i
e
s
,
e
v
e
n
t
s
,
o
r
p
r
o
j
e
c
t
s
.

S
i
t
u
a
t
i
o
n
a
l

Q
u
e
r
i
e
s
r
e
l
a
t
e
d
t
o
s
p
e
c
i
f
i
c
s
i
t
u
a
t
i
o
n
s
o
r

s
c
e
n
a
r
i
o
s
t
h
a
t
t
h
e
u
s
e
r
i
s
f
a
c
i
n
g
,
a
s
k
i
n
g
f
o
r

t
a
i
l
o
r
e
d
a
d
v
i
c
e
o
r
s
o
l
u
t
i
o
n
s
.

I
n
t
e
r
p
r
e
t
a
t
i
v
e

Q
u
e
r
i
e
s
t
h
a
t
a
s
k
f
o
r
i
n
t
e
r
p
r
e
t
a
t
i
o
n
o
f
t
e
x
t
s
,

a
r
t
w
o
r
k
s
,
o
r
o
t
h
e
r
c
u
l
t
u
r
a
l
a
r
t
i
f
a
c
t
s
.

D
e
c
i
s
i
o
n
-
M
a
k
i
n
g

Q
u
e
r
i
e
s
t
h
a
t
a
s
s
i
s
t
t
h
e
u
s
e
r
i
n
m
a
k
i
n
g

d
e
c
i
s
i
o
n
s
b
y
e
v
a
l
u
a
t
i
n
g
o
p
t
i
o
n
s
,
r
i
s
k
s
,
a
n
d

b
e
n
e
f
i
t
s
.

T
a
s
k
E
x
e
c
u
t
i
o
n

Q
u
e
r
i
e
s
w
h
e
r
e
t
h
e
u
s
e
r
d
e
l
e
g
a
t
e
s
t
h
e

c
o
m
p
l
e
t
i
o
n
o
f
a
s
p
e
c
i
f
i
c
t
a
s
k
o
r
a
c
t
i
o
n
t
o
t
h
e

A
I
.
T
h
i
s
i
n
v
o
l
v
e
s
t
h
e
A
I
t
a
k
i
n
g
o
n
r
o
l
e
s
t
h
a
t

m
i
g
h
t
r
e
q
u
i
r
e
d
e
c
i
s
i
o
n
-
m
a
k
i
n
g
,
p
r
o
c
e
s
s
i
n
g
,
o
r

i
n
t
e
r
a
c
t
i
n
g
w
i
t
h
o
t
h
e
r
s
y
s
t
e
m
s
t
o
a
c
h
i
e
v
e
t
h
e

d
e
s
i
r
e
d
o
u
t
c
o
m
e
.

I
n
t
e
r
p
r
e
t
i
v
e
E
x
p
l
a
n
a
t
i
o
n

Q
u
e
r
i
e
s
i
n
w
h
i
c
h
t
h
e
u
s
e
r
s
e
e
k
s
a
d
e
t
a
i
l
e
d

e
x
p
l
a
n
a
t
i
o
n
o
r
i
n
t
e
r
p
r
e
t
a
t
i
o
n
o
f
a
p
r
o
v
i
d
e
d

t
e
x
t
s
n
i
p
p
e
t
.

T
h
i
s
c
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M Skill Extraction Prompts

M.1 Prompt for Skill Extraction (INSTRUCT-SKILLMIX-SDD)

Consider the following question. Label this question with a skill that would be required to solve
the question. Basically, you should be able to use the skill as a dictionary key in python. The
skill name should be lower case letters only. The skill name should be very descriptive and you may
use multiple words to describe the skills required in the question. If you do use multiple words per
question, then join them by an underscore.
{text}
Your answer should be as follows:
<name of the skill>, reason: <reason for the skill>

M.2 Prompt for Semantic Clustering (INSTRUCT-SKILLMIX-SDD)

Given the list of skills required to solve various questions, your task is to categorize these
skills into descriptive and specific groups. Each category should not only capture the essence
of the skills it includes but also reflect clear, distinct areas of expertise or application. Use
terminology that is precise and specific to the tasks those skills accomplish. Categories should be
narrow enough to provide meaningful insight into the specialization they represent. Format category
names in lowercase, joining multiple words with underscores.
For each category you create, provide a comprehensive rationale explaining:
- Why these particular skills are grouped together.
- How the category name specifically reflects the specialization and distinctiveness of the skills.

### Skills List:
{skills joined str}

### Examples:
- Category name: ‘web development‘
- Included skills: html css design, javascript interactivity, web performance optimization
- Rationale: This category focuses specifically on the skills required to build and optimize web
interfaces, distinguishing it from broader software development.

- Category name: ‘machine learning techniques‘
- Included skills: machine learning model creation, understanding algorithmic fairness,
machine learning application in finance
- Rationale: These skills are grouped under ’machine learning techniques’ because they directly
relate to the development and application of machine learning models, emphasizing specific use cases
and ethical considerations, which are distinct from general programming skills.

Please ensure your category names are informative, specific, and reflective of the skills grouped
under them. This will aid in their practical utility and clarity.

55



M.3 Prompt for Creating Synthetic Data (INSTRUCT-SKILLMIX-SDD)

Prompt 1

I am creating a dataset of engaging human-AI interactions that demonstrate the capabilities and value
of AI models across diverse skills. Please help me generate high-quality examples for this dataset.

I will first give you a set of {num skills} skills that are valuable to humans.

Next, you would create a query that a human might plausibly ask whose answer involves using those
{num skills} skills.

For this query you will generate a good length answer using your best helpfulness and wisdom. Please
try to avoid generic sound queries and answers. People often have concrete problems and would give
important details. The answer should also give some concrete details and examples, but not get
verbose.

Before I give you the set of {num skills} skills, I will provide some examples involving 2 skills.
Example 1:
### Skills: self reflection skills, linguistics
### Instruction: I often find myself in conflicts at work due to miscommunication and differing
perspectives. How can I improve my conflict resolution skills by incorporating self-reflection and
effective communication techniques into my daily interactions with colleagues?
### Response: To enhance your conflict resolution skills in the workplace, integrate these
self-reflection and linguistic strategies into your daily routine:
Self-Reflection Techniques:
End-of-Day Review: Spend 10 minutes reflecting on interactions, noting successes and areas for
improvement. For example, Ï successfully de-escalated a tense situation with a client by actively
listening to their concerns and finding a mutually beneficial solution.¨
Conflict Log: Record details of conflicts, your responses, and outcomes in a dedicated journal.
Analyze patterns monthly to identify growth opportunities. For instance, Ï noticed I tend to become
defensive when criticized. I will practice pause and respond techniques to improve my reactions.¨
Linguistic Techniques:
Empathy Statements: Use phrases that demonstrate understanding and validate others’ perspectives,
such as Ï can see why you feel that wayör T̈hat must be challenging for you.Ïn a recent meeting,
saying Ï understand your frustration with the project timelineḧelped a coworker feel heard and open
to finding a solution together.
Reflective Listening: Paraphrase the other person’s key points before responding to ensure clarity
and show you’re listening. For example, S̈o, what I’m hearing is that you’re concerned about the
budget allocation. Let’s discuss some options to address that.¨
Integration into Routine:
Weekly Practice Sessions: Dedicate an hour each week to role-play conflict scenarios with a trusted
colleague, focusing on applying self-reflection insights and linguistic techniques. Provide each
other with constructive feedback for continuous improvement.
Real-Time Application: When a conflict arises, take a moment to mentally review your phrase bank and
select an appropriate response. After the interaction, briefly reflect on what worked well and what
could be improved next time.
By consistently practicing these strategies, you’ll build stronger habits and enhance your overall
conflict resolution skills in the workplace.
Example 2:
### Skills: psychological understanding, data handling and analysis
### Instruction: I recently started working as a data analyst for a meal kit delivery service.
We’ve noticed a significant increase (20%) in customer churn over the past quarter. How can I
leverage data analysis and psychological principles to identify the root causes of churn and develop
targeted strategies to improve customer retention?
### Response: To address the 20% increase in customer churn for your meal kit service, employ a
combination of data analysis and psychological insights:
Data Analysis:
Customer Segmentation: Analyze churn rates by customer segments such as age, location, and dietary
preferences. For example, if you find that vegetarian customers have a higher churn rate, you can
focus on improving vegetarian meal options.
Churn Timing Analysis: Identify common timeframes when churn occurs, such as after the first month
or after specific promotions end. If churn spikes after the first month, consider implementing a
more robust onboarding process or extending promotional offers.
Psychological Insights:
Exit Surveys: Conduct exit surveys to gather direct feedback from churning customers. Include
open-ended questions to uncover deeper insights. For instance, Ẅhat was the primary reason for
canceling your subscription?änd Ẅhat could we have done better to keep you as a customer?¨
Customer Journey Mapping: Map out the customer journey to identify pain points and opportunities
for improvement. Apply psychological principles like the Peak-End Rule to prioritize the most
impactful moments. Focus on creating a positive onboarding experience and ensuring a satisfying last
interaction before cancellation.
Actionable Strategies:
Personalized Retention Campaigns: Develop targeted email campaigns for at-risk segments, addressing
their specific concerns. For example, send vegetarian customers an email highlighting new
plant-based recipes and offering a discount on their next box.
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Flexible Subscription Options: Introduce more flexible subscription plans, such as the ability to
skip weeks or customize delivery frequency. This addresses the psychological need for autonomy and
control, reducing the likelihood of churn.
By leveraging data-driven insights and psychological principles, you can create a targeted approach
to reduce churn and improve customer satisfaction in your meal kit service.
Example 3:
### Skills: food related knowledge and skills, internet technologies
### Instruction: I’m a food truck owner looking to expand my online presence and attract more
customers. I want to create a website that allows customers to customize their meals, track my
truck’s real-time location, and place orders for pickup. What web technologies should I consider to
build a user-friendly and feature-rich website for my food truck business?
### Response: To create a robust and interactive food truck website with meal customization and
real-time location tracking, consider the following web technologies:
Front-End:
React: Use React, a popular JavaScript library, for building a dynamic and responsive user interface.
React’s component-based architecture allows for easy management of real-time updates, such as
displaying the current location of the food truck.
HTML5 Geolocation API: Leverage the HTML5 Geolocation API to capture the user’s location (with their
permission) and display nearby food truck locations on an interactive map.
Leaflet or Google Maps: Integrate Leaflet, an open-source mapping library, or Google Maps to
display food truck locations and enable users to get directions. Customize the map markers to
show additional information like menu items or special offers.
Back-End:
Node.js and Express: Use Node.js, a server-side JavaScript runtime, and the Express web application
framework to handle server-side logic and API routing. Node.js’s non-blocking I/O model is
well-suited for real-time applications like location tracking.
WebSocket: Implement WebSocket communication to enable real-time updates between the server and
the client. When a food truck’s location changes, the server can push the updated coordinates to
connected clients, ensuring users always see the most current location.
Firebase Realtime Database: Store and sync food truck location data in real-time using Firebase
Realtime Database. This NoSQL cloud database allows for efficient storage and retrieval of location
data, enabling seamless real-time updates across multiple devices.
User Experience:
Progressive Web App (PWA): Develop the website as a PWA to provide a native app-like experience.
PWAs offer features like offline accessibility, push notifications, and home screen installation,
enhancing user engagement and convenience.
Responsive Design: Ensure the website is fully responsive and optimized for various screen sizes,
particularly mobile devices. Use CSS media queries and flexible layouts to create a seamless
experience across desktops, tablets, and smartphones.
Accessibility: Follow web accessibility guidelines (WCAG) to ensure the website is usable by people
with disabilities. Implement proper headings, alt text for images, and keyboard navigation to create
an inclusive user experience.
By combining these web technologies, you can create a feature-rich and user-friendly food truck
website that offers meal customization and real-time location tracking, providing a seamless
experience for your customers.
Example 4:
### Skills: algorithmic and programming skills, digital marketing
### Instruction: As a software engineer, I’ve developed a sophisticated recommendation engine that I
believe could greatly benefit e-commerce businesses. I want to showcase my work through a technical
blog post and live demo to attract potential clients and demonstrate the value of my solution. How
can I structure my blog post and demo to effectively highlight the technical aspects and business
benefits of my recommendation engine?
### Response: To effectively showcase your recommendation engine and attract potential e-commerce
clients, structure your technical blog post and live demo as follows:
Blog Post Structure:
Attention-Grabbing Introduction: Start with a compelling hook that highlights the value of
personalized recommendations in e-commerce. Use statistics or real-world examples to demonstrate
the impact on sales and customer satisfaction.
Problem Statement: Clearly define the challenges e-commerce businesses face in providing relevant
product recommendations at scale. Discuss common pain points like data sparsity, cold-start problems,
and real-time updates.
Technical Deep Dive: Explain the core components of your recommendation engine, such as
collaborative filtering, content-based filtering, or hybrid approaches. Use diagrams and code
snippets to illustrate your architecture and key algorithms. Highlight any innovative techniques
you’ve employed, such as deep learning or reinforcement learning.
Performance Metrics: Present quantitative results that showcase the effectiveness of your
recommendation engine. Include metrics like precision, recall, F1 score, and mean average precision.
Compare your results to industry benchmarks or popular open-source recommendation libraries to
demonstrate your engine’s superiority.
Scalability and Efficiency: Discuss how your recommendation engine handles large-scale data and
real-time updates. Explain your strategies for efficient data processing, such as parallel computing
or incremental updates. Provide performance benchmarks to highlight the speed and scalability of
your solution.
Live Demo: E-commerce Store Integration: Create a mock e-commerce store that seamlessly integrates
your recommendation engine. Showcase personalized product recommendations based on user interactions,
such as viewed items, purchases, or ratings.
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Real-Time Recommendations: Demonstrate how your engine adapts in real-time as users navigate the
store. For example, show how the recommendations update dynamically based on the user’s browsing
history or cart contents.
Explanations and Transparency: Provide clear explanations for each recommendation, such as C̈ustomers
who bought this item also bought...ör R̈ecommended based on your recent searches.T̈his transparency
builds trust and helps users understand the relevance of the recommendations.
A/B Testing: Implement an A/B testing feature that allows potential clients to compare the
performance of your recommendation engine against a default or random recommendation system.
Visualize the results through metrics like click-through rates or conversion rates to highlight
the tangible benefits of your solution.
Promotion and Engagement:
Targeted Social Media Ads: Create compelling social media ads that highlight the key features and
benefits of your recommendation engine. Target decision-makers in the e-commerce industry, such as
marketers, product managers, and CTOs. Use eye-catching visuals and clear calls-to-action to drive
traffic to your blog post and live demo.
LinkedIn Thought Leadership: Share your blog post on LinkedIn and engage in discussions related
to e-commerce personalization. Participate in relevant groups and forums to establish yourself
as a thought leader in the field. Offer valuable insights and answer questions to build trust and
credibility with potential clients.
Webinars and Workshops: Host webinars or workshops that provide a hands-on experience with your
recommendation engine. Walk participants through the setup process and demonstrate how to integrate
your solution into their existing e-commerce platforms. Offer Q&A sessions to address specific
concerns and showcase your expertise.
By structuring your technical blog post and live demo in this manner, you can effectively showcase
the capabilities and benefits of your recommendation engine. Combine this with targeted digital
marketing techniques to reach and engage potential e-commerce clients, ultimately driving interest
and adoption of your solution. Example 5:
### Skills: geographical and historical knowledge, analytical thinking
### Instruction: I’m a history enthusiast planning a two-week trip to Eastern Europe with my
family. We’re particularly interested in exploring medieval architecture and learning about the
region’s experiences during the Cold War era. How can I create an itinerary that combines visits
to historical sites, museums, and cultural experiences to gain a deeper understanding of Eastern
Europe’s past and present?
### Response: Here’s a curated itinerary for a historically rich two-week trip through Eastern
Europe, focusing on medieval and Cold War sites:
Week 1: Poland and Czech Republic
Krakow (3 days):
Wawel Castle: Explore this 14th-century castle complex, which served as the residence of Polish
kings. Marvel at the Gothic and Renaissance architecture, and visit the Dragon’s Den, a legendary
cave beneath the castle.
Oskar Schindler’s Factory Museum: Learn about the Holocaust and Oskar Schindler’s efforts to save
Jewish workers during World War II. The museum offers a immersive experience, recreating the wartime
atmosphere of Krakow.
Nowa Huta: Take a guided tour of this planned socialist city, built during the Cold War era. Visit
the iconic Lord’s Ark Church, which became a symbol of resistance against the communist regime.
Warsaw (2 days):
Old Town: Stroll through the meticulously reconstructed Old Town, which was destroyed during World
War II. Visit the Market Square, the Warsaw Barbican, and St. John’s Cathedral to admire the Gothic
and Renaissance architecture.
Warsaw Uprising Museum: Discover the story of the 1944 Warsaw Uprising, a major resistance operation
against Nazi occupation. The museum features interactive exhibits, original artifacts, and a 3D
movie that brings history to life.
Palace of Culture and Science: Explore this imposing Stalinist-era skyscraper, which remains the
tallest building in Poland. Take an elevator to the observation deck for panoramic views of Warsaw.
Prague (2 days):
Prague Castle: Visit the world’s largest ancient castle complex, dating back to the 9th century.
Explore the Gothic St. Vitus Cathedral, the Romanesque St. George’s Basilica, and the Golden Lane,
a picturesque row of colorful houses.
Charles Bridge: Walk across this iconic 14th-century stone bridge, lined with baroque statues.
Enjoy street musicians and artists, and take in the stunning views of the Vltava River and the Old
Town.
Nuclear Bunker Tour: Experience the chilling reality of the Cold War by visiting a former Soviet
nuclear bunker. Learn about the strategies and technology employed during this tense period in
history.
Week 2: Hungary and Romania
Budapest (3 days):
Buda Castle: Discover this 13th-century castle, which has been rebuilt and expanded over the
centuries. Visit the Hungarian National Gallery, the Budapest History Museum, and the Matthias
Church, known for its colorful tiled roof.
House of Terror Museum: Explore this powerful museum dedicated to the victims of the fascist and
communist regimes in Hungary. The exhibits are housed in the former headquarters of the Arrow Cross
Party and the communist secret police.
Memento Park: Visit this open-air museum showcasing monumental statues from the Soviet era. Learn
about the propaganda and ideology behind these imposing sculptures.
Bucharest (2 days):
Palace of Parliament: Tour the world’s largest civilian building, constructed during the communist
era under the rule of Nicolae Ceaus,escu.
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Marvel at the opulent interiors and learn about the controversial history of this massive structure.
Old Town: Explore the charming streets of Bucharest’s Old Town, lined with historical buildings,
churches, and cafes. Visit the ruins of the Old Princely Court, which served as the residence of
Wallachian princes.
Revolution Square: Pay tribute to the heroes of the 1989 Romanian Revolution at this significant
square. See the Memorial of Rebirth, which honors those who lost their lives fighting against the
communist regime.
Travel Tips:
Book guided tours with knowledgeable local guides to gain deeper insights into the historical context
and personal stories behind each site.
Stay in centrally located accommodation to minimize travel time and maximize your exploration of each
city.
Use public transportation or ride-sharing services to navigate within cities, as parking can be
challenging and expensive in historical areas.
By following this itinerary, you’ll embark on a fascinating journey through Eastern Europe’s medieval
and Cold War past, gaining a profound appreciation for the region’s rich history and resilience.

Now, it is your turn! Given the guidelines and examples above, please create a query that a human
might plausibly ask whose answer involves using all skills below:
### Skills: {skills str}

Prompt 2

Thanks! It looks like the response may have been cut off. Please rewrite the entire response,
making sure it fits within the length constraint. No need to include verbose or extraneous
information. Thanks!

Prompt 3

Pretend you are the human asking the question, and make a list of weaknesses and strengths of the
response. Currently the response looks a bit generic. Perhaps it could benefit from some concrete
examples and details.

Prompt 4

Now, please refine your instruction and response (keep the strong parts and work on the weak parts).

Prompt 5

It looks like the improved response may have been cut off. Please rewrite the entire improved
response, making sure it fits within the length constraint. No need to include verbose or extraneous
information. Thanks again!
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M.4 Prompt for Extrapolating Skills (INSTRUCT-SKILLMIX-SDA)

First, consider the following definitions:
- Knowledge: A set of information, facts, descriptions, and theories acquired through education or
experience.
- Topic: A subset of Knowledge that focuses on a particular area or subject.
- Skill: A function that transforms Knowledge into actions or performances that achieve specific
outcomes.

Now, for the topic of topic, please provide me with multiple skills (in snake case) that could be
relevant to the topic.

M.5 Prompt for Creating Synthetic Data (INSTRUCT-SKILLMIX-SDA)

Prompt 1

I am creating a dataset of engaging human-AI interactions that demonstrate the capabilities and value
of AI models across diverse skills. Please help me generate high-quality examples for this dataset.

I will first give you a set of {num skills} skills that are valuable to humans.

Next, you would create a query that a human might plausibly ask whose answer involves using those
{num skills} skills.

For this query you will generate a good length answer using your best helpfulness and wisdom. Please
try to avoid generic sound queries and answers. The answer should also give some concrete details
and examples, but not get verbose.

Before I give you the set of {num skills} skills, I will provide some examples involving 2 skills.
Example 1:
### Task Type: Information-Seeking
### Skills: psychological understanding, data handling and analysis
### Instruction: What are the primary psychological theories that explain the impact of social
media on adolescent self-esteem, and what evidence supports these theories? Additionally, what
statistical techniques have been used in the literature to dissect these relationships, and how do
these techniques help in understanding the nuances of psychological data?
### Response: The impact of social media on adolescent self-esteem is a widely studied topic within
psychology. Various theories and statistical techniques are employed to understand and measure
these effects. Below, I’ll outline some of the primary theories, the supporting evidence, and the
statistical techniques used in this research.
### Response: The impact of social media on adolescent self-esteem is a widely studied topic within
psychology. Various theories and statistical techniques are employed to understand and measure
these effects. Below, I’ll outline some of the primary theories, the supporting evidence, and the
statistical techniques used in this research.

**Psychological Theories and Evidence**

Social Comparison Theory: Adolescents often assess their worth by comparing themselves with peers
on social media. A study by Vogel et al. (2014) found that Facebook usage was associated with
negative self-perceptions when users compared themselves to others they perceived as better off.
This suggests a direct correlation between the frequency of social media use and increased feelings
of inferiority.

Self-Presentation Theory: Adolescents feel pressure to present themselves in an idealized way on
platforms like Instagram and Snapchat. Research by Chou and Edge (2012) highlights that the need
for positive feedback and fear of negative evaluations can lead to cycles of anxiety and lowered
self-esteem when these expectations are not met.

Media Richness Theory: Different types of social media platforms impact self-esteem differently.
A study by Sherman et al. (2016) compared text-based versus image-based platforms, finding that
image-based platforms (like Instagram) can exacerbate body image concerns and anxiety more than
text-based platforms due to the intense focus on physical appearance.

Statistical Techniques and Applications

Regression Analysis: Used extensively to quantify the relationship between social media usage and
self-esteem. For instance, studies might control for variables like age, gender, and socioeconomic
status to isolate the effect of social media usage.
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Structural Equation Modeling (SEM): SEM enables researchers to construct a comprehensive model of
how different factors like peer influence, media consumption, and personal traits interact to affect
self-esteem. An example is Kross et al.’s (2013) study, which modeled the pathways through which
social media affects mood and self-esteem over time.

Longitudinal Studies and Growth Curve Modeling: These techniques provide insights into how
self-esteem trajectories change over time with social media use. For instance, longitudinal research
might track self-esteem changes from early to late adolescence, revealing critical periods where
impacts are most pronounced.

Mediation and Moderation Analyses: These are crucial for exploring underlying mechanisms and
boundary conditions. For example, studies might explore how the negative impact of social media
on self-esteem can be mediated by social support or moderated by individual resilience.

**Contradictory Evidence**

While many studies suggest a negative impact of social media on self-esteem, some research offers
a different perspective. For instance, Valkenburg et al. (2006) found that online interactions can
enhance well-being by providing social support and a platform for self-expression. These findings
suggest that the impact of social media on self-esteem is not universally negative and can vary based
on usage patterns and individual differences.

**Practical Implications**

Understanding these dynamics is crucial for developing targeted interventions. For instance,
educational programs that teach critical media literacy can help adolescents navigate social media
healthily. Moreover, knowing which aspects of social media use trigger negative self-comparisons
can guide the development of features that promote positive interaction and reduce the emphasis on
appearance.

Example 2:
### Task Type: Help-Seeking
### Skills: self reflection skills, linguistics
### Instruction: I often find myself in conflicts at work due to miscommunication and differing
perspectives. How can I improve my conflict resolution skills by incorporating self-reflection and
effective communication techniques into my daily interactions with colleagues?
### Response: To enhance your conflict resolution skills in the workplace, integrate these
self-reflection and linguistic strategies into your daily routine:
Self-Reflection Techniques:
End-of-Day Review: Spend 10 minutes reflecting on interactions, noting successes and areas for
improvement. For example, Ï successfully de-escalated a tense situation with a client by actively
listening to their concerns and finding a mutually beneficial solution.¨
Conflict Log: Record details of conflicts, your responses, and outcomes in a dedicated journal.
Analyze patterns monthly to identify growth opportunities. For instance, Ï noticed I tend to become
defensive when criticized. I will practice pause and respond techniques to improve my reactions.¨
Linguistic Techniques:
Empathy Statements: Use phrases that demonstrate understanding and validate others’ perspectives,
such as Ï can see why you feel that wayör T̈hat must be challenging for you.Ïn a recent meeting,
saying Ï understand your frustration with the project timelineḧelped a coworker feel heard and open
to finding a solution together.
Reflective Listening: Paraphrase the other person’s key points before responding to ensure clarity
and show you’re listening. For example, S̈o, what I’m hearing is that you’re concerned about the
budget allocation. Let’s discuss some options to address that.¨
Integration into Routine:
Weekly Practice Sessions: Dedicate an hour each week to role-play conflict scenarios with a trusted
colleague, focusing on applying self-reflection insights and linguistic techniques. Provide each
other with constructive feedback for continuous improvement.
Real-Time Application: When a conflict arises, take a moment to mentally review your phrase bank and
select an appropriate response. After the interaction, briefly reflect on what worked well and what
could be improved next time.
By consistently practicing these strategies, you’ll build stronger habits and enhance your overall
conflict resolution skills in the workplace.

Example 3:
### Task Type: Information-Seeking
### Skills: geographical and historical knowledge, analytical thinking
### Instruction: What were the major geopolitical changes in Europe following World War II, and how
have these changes influenced current European political boundaries?
### Response: **Major Geopolitical Changes in Europe After World War II**

1. Division of Germany: The division of Germany into East and West Germany in 1949 was a critical
symbol of the Cold War’s onset.
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This division, marked physically by the Berlin Wall from 1961, lasted until the reunification in 1990
and significantly influenced European political dynamics.

2. Creation of the Iron Curtain: Winston Churchill’s term, the Ïron Curtain,d̈escribed the
ideological and physical boundary separating the Soviet-controlled Eastern Bloc and the Western
democracies. This division dictated political alignments and conflicts during the Cold War,
influencing policies and international relations.

3. Decolonization: Following the war, European powers like Britain and France began a significant
process of decolonization. This period saw the independence of nations such as India in 1947 and the
rapid decolonization of Africa in the 1960s, marking a major shift in global dynamics and European
foreign policies.

4. Formation of the European Union (EU): The EU’s origins lie in the European Coal and Steel
Community in 1951, evolving into the European Economic Community by 1957. These alliances, expanding
to include more countries over the decades, aimed to foster economic cooperation and prevent further
wars in Europe, influencing both economic and political policies within the continent.

5. NATO and the Warsaw Pact: The establishment of NATO in 1949 by Western countries was a strategic
move for collective security against the Soviet threat. The Soviet response, the Warsaw Pact in 1955,
defined the military alliances in Europe, solidifying the East-West divide.

**Influence on Current European Political Boundaries**

1. German Reunification: The fall of the Berlin Wall in 1989 and the subsequent reunification
of East and West Germany in 1990 reshaped Germany’s role in Europe, altering both its internal and
external political boundaries.

2. EU Expansion: The EU’s expansion has included many former Eastern Bloc countries, fundamentally
changing the political landscape of Europe. The Schengen Agreement, implemented in 1995, minimized
the importance of national boundaries within the EU, promoting free movement and economic
integration.

3. Breakup of Yugoslavia and the Soviet Union: The disintegration of Yugoslavia into seven
successor states throughout the 1990s and the Soviet Union into 15 independent countries in 1991
dramatically redrew political boundaries. These events, rooted in ethnic tensions and political
upheavals, continue to influence regional stability and alignments.

**Case Studies: Key Treaties and Shifts in Alliances**

1. Treaty of Paris (1951): This treaty established the European Coal and Steel Community, a
foundational step towards European integration. It set precedents for future economic policies and
cooperative frameworks within Europe, promoting peace and economic stability across former wartime
adversaries.

2. Impact of NATO and the Warsaw Pact on Poland: Poland’s transition from a Warsaw Pact member to a
NATO member in 1999 exemplifies the dramatic shift in military and political alliances. This change
significantly influenced Poland’s foreign and security policies, reflecting broader geopolitical
shifts in Eastern Europe post-Cold War.

Now, it is your turn! Given the guidelines and examples above, please create a query that aligns
with the following task type:
{query type}

Include specific text snippets when they are essential to analyze and validate your query effectively.
Make sure that the query is one that a human might plausibly ask whose answer involves using all
skills below:
### Task Type: {query str}
### Skills: {skills str}

Prompt 2

Thanks! It looks like the response may have been cut off. Please rewrite the entire response,
making sure it fits within the length constraint. No need to include verbose or extraneous
information. Thanks!

Prompt 3

Pretend you are the human asking the question, and make a list of weaknesses and strengths of the
response. Currently the response looks a bit generic. Perhaps it could benefit from some concrete
examples and details.

Prompt 4

62



Now, please refine your instruction and response (keep the strong parts and work on the weak parts).

Prompt 5

It looks like the improved response may have been cut off. Please rewrite the entire improved
response, making sure it fits within the length constraint. No need to include verbose or extraneous
information. Thanks again!
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N Comparison of Responses

In this section, we show side-by-side comparisons of responses from various models to the following
instruction from AlpacaEval.

I’m trying to teach myself to have nicer handwriting. Can you help?

Observe that responses produced by models finetuned on INSTRUCT-SKILLMIX tend to include
concrete examples (whereas responses produced by the other models do not always).

Response by LLaMA-3-8B-Base SFT on INSTRUCT-SKILLMIX-SDA(k=2)-4K

Absolutely! Improving your handwriting involves both technique and practice. Here’s a concise guide
to help you achieve nicer handwriting:

**1. Posture and Grip:**
- **Posture:** Sit upright with your paper at a 45-degree angle to reduce arm and hand movement, which
helps prevent smudging.
- **Grip:** Use a relaxed, comfortable grip with your pen or pencil resting lightly in your fingers.
This promotes smoother movement and reduces pressure on the paper.

**2. Pen Lifts:**
- **When to Lift:** Between words and sentences to create clear breaks, especially in cursive.
- **Purpose:** Pen lifts help maintain the integrity of each letter, preventing them from blending
together and enhancing readability.

**3. Slant and Direction:**
- **Natural Slant:** Write with a natural slant that’s comfortable for your hand, typically a slight
upward slope helps legibility.
- **Direction:** Write continuously without lifting your pen too much, maintaining a fluid motion can
enhance the flow and elegance of your handwriting.

**4. Pressure and Speed:**
- **Pressure:** Apply consistent pressure, avoiding excessive force which can cause fatigue and messy
handwriting.
- **Speed:** Write at a comfortable pace that allows your handwriting to remain clear and legible.

**5. Regular Practice:**
- **Routine:** Set aside time daily for handwriting practice, such as 10 minutes a day writing
sentences or paragraphs.
- **Variety:** Mix practice sessions with both structured exercises focusing on specific letters and
free writing to maintain fluidity.

**6. Paper and Tools:**
- **Paper Choice:** Use smooth, medium-weight paper that allows for control without too much slip.
- **Tool Variety:** Experiment with different writing tools|pens, pencils, markers|to find which
provides the best feel and outcome for your handwriting.

**7. Evaluation and Adjustment:**
- **Self-Review:** Regularly assess your handwriting samples to note improvements and areas needing
more work.
- **Feedback:** Ask for feedback from others or enroll in a calligraphy class to gain insights from
experienced instructors.

By focusing on these specific elements and committing to regular practice, your handwriting will
improve. Remember, small, consistent efforts can lead to significant improvements over time.

This response is concise yet informative, providing specific, actionable advice for each step of the
handwriting improvement process. It also includes practical tips and suggestions for maintaining
motivation and evaluating progress, making it a comprehensive guide for anyone looking to refine
their handwriting.
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Response by Mistral-7B-Base-v0.2 SFT on INSTRUCT-SKILLMIX-SDA(k=2)-4K

Improving your handwriting is a rewarding skill to develop and can be both therapeutic and practical.
Here’s a structured guide with specific techniques and exercises to help you achieve elegant, legible
handwriting:

**Step 1: Posture and Setup**
- **Posture**: Sit with a straight spine and relax your shoulders to prevent tension.
- **Light**: Use a desk lamp for adequate lighting.
- **Paper and Pen**: Use smooth, lined paper and a pen grip that feels comfortable, such as a Pilot
G2 or a Pentel EnerGel.

**Step 2: Warm-up and Mindfulness**
- **Warm-up**: Write the alphabet three times to warm up muscles.
- **Breathing**: Inhale for four counts, exhale for four counts; repeat until calm. This helps
reduce writing tension.

**Step 3: Basic Strokes**
- Practice basic strokes: the upward stroke (v), downward stroke (∩), and circular stroke (o).

**Step 4: Letter Formation**
- **Uppercase Letters**: Form each letter slowly, tracing them with a stencil for accuracy.
- **Lowercase Letters**: Practice looping ’l’ and crossing ’t’.

**Step 5: Word Practice**
- Write simple sentences like \The quick brown fox jumps over the lazy dog." Focus on each word.

**Step 6: Cursive Writing**
- Start with connected uppercase letters, then move to fluid cursive lowercase.
- Try online tutorials for modeled cursive formation.

**Step 7: Pressure and Speed**
- Practice on a tablet to see pressure applied; aim for consistent pressure.
- Slow down; writing fast increases errors.

**Step 8: Style Inspirations**
- Explore calligraphy styles online, imitating specific fonts like Script or Gothic.

**Step 9: Regular Practice**
- Write a journal entry daily, focusing on quality, not quantity.

**Step 10: Challenges and Variety**
- Weekly challenges like writing with your non-dominant hand or different tools.
- Experiment with bullet journaling for creativity.

**Step 11: Track Progress**
- Monthly before-and-after writing samples.
- Ask for feedback from a calligraphy expert or mentor.

**Step 12: Enjoy the Process**
- Listen to calming music or an audiobook to enjoy the time writing.

**Additional Tips:**
1. **Muscle Training**: Use hand exercise tools or write with silverware for grip strength.
2. **Mindfulness**: Meditate before writing to enhance focus.
3. **Rewards**: Treat yourself after achieving goals, like a new pen for milestones.

This guide not only sharpens your handwriting but also promotes mindfulness and creativity, offering
both functional and mental benefits. Enjoy the journey to better handwriting!
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Response by the Reference Model (GPT-4-Turbo 2023-11-06)

Certainly! Improving your handwriting involves patience, practice, and attention to technique. Here
are some tips to help you develop nicer handwriting:
1. **Understand Your Current Style**: Before you can improve your handwriting, you need to
understand where you’re starting from. Write a paragraph and analyze it to see where you could
make improvements. Look for consistent slant, letter size, spacing, and legibility.
2. **Choose the Right Tools**: Use a pen or pencil that feels comfortable in your hand. The right
tool can make a significant difference in your writing. Some people find that using a fountain pen
improves their writing because it encourages a more relaxed grip and has a smoother ink flow.
3. **Practice Basic Strokes**: Before focusing on letters, practice basic strokes. This includes
straight lines, curves, and circles. These are the building blocks of letters, and getting
comfortable with these will make your letters more consistent.
4. **Slow Down**: Speed can lead to sloppy writing. By slowing down, you can focus on the shape of
each letter and ensure that you’re writing them correctly.
5. **Maintain Proper Posture and Grip**: Sit up straight and hold your pen or pencil with a relaxed
grip. Don’t hold it too tightly, as this can make your handwriting appear more jagged and can also
cause your hand to tire out more quickly.
6. **Form Letters Correctly**: Start and end each letter in the right spot to ensure consistency
and flow. Practice writing each letter of the alphabet, focusing on the ones that give you the most
trouble.
7. **Practice Consistent Letter Size and Spacing**: Consistency is key to neat handwriting. Work
on keeping all of your letters the same size and your words evenly spaced. You could use lined paper
as a guide.
8. **Use Handwriting Worksheets**: You can find handwriting practice worksheets online for both
print and cursive writing. These worksheets can guide you through the proper strokes and help you
practice consistency.
9. **Copy Neat Writing**: Find a sample of handwriting you admire and try to copy it. This can
help you develop a sense of the style you’re aiming for.
10. **Write Often**: Like any skill, handwriting improves with regular practice. Find reasons to
write by hand every day, whether it’s journaling, writing letters, or making to-do lists.
11. **Analyze and Adjust**: Regularly look back at your handwriting to see where you’ve improved
and what still needs work. Make adjustments as needed.
12. **Be Patient and Persistent**: Don’t get discouraged if progress is slow. Handwriting
improvement takes time and dedication. Remember, the goal of improving your handwriting is to
make it more legible and aesthetically pleasing, but it should also be comfortable for you to write.
There’s no one "correct" style of handwriting, so focus on developing a style that works for you."
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Response by UltraLM 13B

Sure, I’d be happy to help! Here are some tips to improve your handwriting:

1. Practice regularly: The more you practice, the better your handwriting will become. Set aside
some time every day to practice writing letters, words, and sentences.
2. Start with the basics: Begin by learning the basic strokes of each letter, such as circles,
lines, and curves. Then practice writing each letter in isolation before moving on to words and
sentences.
3. Use the right tools: Make sure you have the right supplies, such as a good-quality pen or pencil,
lined paper, and an eraser. Using the right tools can make a big difference in the quality of your
handwriting.
4. Watch your posture: Good posture is essential for good handwriting. Sit up straight with your
feet flat on the floor and your arms and wrists relaxed.
5. Relax your grip: Hold your pen or pencil lightly and avoid gripping it too tightly. This will
help you write more smoothly and legibly.
6. Take breaks: It’s important to take breaks while practicing to avoid fatigue and strain. Take a
break every 20-30 minutes and stretch your hands and wrists.

Remember, improving your handwriting takes time and practice, so be patient with yourself. Keep
practicing and soon you’ll have beautiful handwriting!
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Response by Mistral-7B-Base-v0.2 SFT on Alpaca-52K

Sure! Here are some tips that can help you improve your handwriting:

1. Practice regularly: The more you practice, the better your handwriting will become. Set aside
some time each day to write out letters, words, and sentences to improve your handwriting.

2. Use the right tools: Make sure you have a good pen or pencil that flows smoothly and is
comfortable to write with. A good quality pen or pencil can make a big difference in the quality
of your writing.

3. Keep your posture in mind: Sit up straight and hold your pen or pencil correctly, with your arm
and wrist relaxed. This will help you write more smoothly and avoid cramping.

4. Take your time: Don’t rush your writing. Take your time to form each letter and make sure it’s
legible.

5. Use proper grip: Hold your pen or pencil correctly, with your fingers and thumb supporting it,
and your index finger and middle finger guiding it.

6. Keep your letters consistent: Make sure your letters are the same size and have the same slant.
This will make your writing look more uniform.

7. Practice proper letter formation: Make sure your letters are formed correctly, with the right
strokes and curves. You can find examples of proper letter formation online or in a handwriting
guidebook.

8. Keep your handwriting neat: Keep your writing neat and tidy, with even spacing between words and
lines.

9. Practice cursive writing: Cursive writing can help improve your handwriting by making your
letters more connected and flowing.

10. Experiment with different styles: Try different styles of handwriting to find one that suits
you. There are many styles to choose from, such as print, cursive, and italic.

11. Use guides: You can use a ruler or a grid to help you keep your writing straight and even.

12. Get feedback: Ask a friend or teacher to give you feedback on your writing and see where you
can improve.

13. Keep it simple: Avoid overly decorative or complicated writing, as it can be hard to read.

14. Keep it legible: Make sure your writing is easy to read, even if it’s not perfect.

15. Be patient: Improving your handwriting takes time and practice, so be patient with yourself and
keep practicing.

Remember, everyone’s handwriting is unique, so don’t be too hard on yourself if it doesn’t look
exactly like someone else’s. Just keep practicing and you’ll see improvement over time.
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Response by Mistral-7B-Base-v0.2 SFT on Alpaca-1K Longest

Sure! Here are some tips that may help you improve your handwriting:

1. Practice regularly: Like any skill, improving your handwriting takes practice. Set aside some
time each day to write out words, sentences or even whole passages to develop fluency and consistency
in your strokes.

2. Use the correct tools: Make sure you have a pen or pencil that feels comfortable in your hand
and that you sharpen it regularly to ensure a fine point. Also, use paper that is not too smooth or
too rough, as this can affect the quality of your strokes.

3. Posture: Sit up straight and keep your writing surface at a comfortable height to avoid
straining your hands, wrists, or arms. Your writing instrument should be held in a relaxed grip,
not too tightly.

4. Start with proper formation: Make sure you form each letter correctly from the beginning strokes.
This means starting with the upward and downward strokes of the letter at the right angle, and sizing
them appropriately.

5. Don’t rush: Take your time and write slowly and deliberately, focusing on the movement of your
hand and the pressure you apply to the paper.

6. Keep it simple: Avoid overly ornate or fancy writing, as this can be hard to read and may slow
you down. Stick to basic, uniform strokes and practice until they become second nature.

7. Don’t lift your pen: Lifting your pen off the paper to change direction can cause
inconsistencies in your writing. Practice making smooth, fluid transitions between strokes without
lifting your pen.

8. Practice Cursive: Cursive writing can help improve the flow and connectedness of your letters,
making your handwriting look neater. Practice connecting the letters in words and phrases.

9. Pay attention to spacing: Make sure there is enough space between words and letters for
legibility.

10. Keep it clean: A neat, uncluttered workspace can help you focus on your writing. Keep your
desk free of clutter and sharpen your pencils regularly to avoid smudges.

11. Experiment: Try different styles and techniques until you find one that feels natural and looks
good to you. Don’t be afraid to mix and match until you find what works best for you.

12. Don’t give up: Improving your handwriting takes time and patience, so don’t get discouraged if
you don’t see results immediately. Keep practicing and you will eventually see an improvement.

Remember, handwriting is a personal expression, so find a balance between what looks nice and what
comes naturally to you. With practice, you can develop a neat and legible handwriting that reflects
your personality.
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