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B Application of LLMs
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B Synthetic datasets and its evaluation Almodels collapse when trained on
recursively generated data
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With the rise of synthetic data and its impact on next-
GPT-3(.5) (ref.2) and GP'T-4 (ref. 3) demonstrated high performance across a variety

Open access oflanguage tasks. ChatGPT introduced such language models to the public. Itis now

% Check for updates clear thatgenerative artificial intelligence (Al) such as large language models (LLMs)
is here to stay and will substantially change the ecosystem of online text and images.

gen models, its evaluation is often neglected. e A e

e of model-generated contentin training

\ / causes irreversible defects in the resulting models, in which tails of the original

B Quality (Diversity) of synthetic datasets

« Data diversity [1]: the richness and variety of data.

« Recent studies [2] suggest a lack of diversity within the dataset may lead to performance degradation in

some scenarios.

Diversity evaluation:

Given an LLM-generated dataset D = {7}}?:1 : {7}}?:1 represents a collection of diversity-sensitive components:

DiversityScore < Eval({7;}7,)

[1] Beyond scale: the diversity coefficient as a data quality metric demonstrates lims are pre-trained on formally diverse data.
[2] Large language model as attributed training data generator: A tale of diversity and bias (Neurips 2023)
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B Previous Works (ML&NLP)
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B Previous Works (ML&NLP)

« Transformation-based method

e AT TP VO N

Transformation-based

method also includes the

entropy-based method, e.q.,

N o e ———

kVendi Score [1]. .

7
\

N e e e e e e e e e e e e e e e e e e mm e mm e Em Em e e mm m Em e Em m mm m Em e M e e E e mm e e e mm e M e e o M e M e e e e e e e e e e e e e e e

Pairwise
similarity

T 0.59
£ 1597 0.428 0.408
4
. x. .o
e .

N b 10.462 0.39300.515}0.326

1" eigenvalues

1
1
1
1
1
1
1
1
1
t : : es fire 1
- 1
eside : erfie 1
e 3 %, ! . 0.8 :0.4410.441+
Gun emplacements were made. . .. ‘ Embedder ‘ ° o.. ° .. .... # - ».. v or Computation
. - i | Others (0)

1 .
1
1
1
1
1
1
1
1
1
1

Cluster
D sample

£ d‘- 10.479 0.454[WL1H0.343
% t
S s ¢

+0.347 0.361 0.307 X

Cluster (€))]

v

Text
Representation

Diversity
Summarization

[1] The Vendi Score: A Diversity Evaluation Metric for Machine Learning, TMLR 2023.
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B Challenges

- Holistic Analysis ~, , Axiomatic Requirements ~
Diversity evaluation is a holistic analysis A principled diversity evaluation method
task, considering each sample. should satisfy some intuitive axioms.

- AN /
Lower Computational Costs

{ With growing synthetic datasets, a lower-cost diversity evaluation method is needed. }

B Technical Insight
4 )

-

mutual relationships among samples.

Our method treats the diversity evaluation as a sample classification task, considering
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B Overview

« Core idea: regard the holistic diversity evaluation as the classification task at the
sample level.

T > g"’*l 0.88 J, o088
- - 0.98 7., 098
T, : — 7, : [Embgdder}_{ Kernel HCIasfsmer E2 |
T, > T 077 . 077
n
D Diversity-sensitive PI’Obablllty Matrix P DCScore(D)
N J\. J\ J
Y Y Y
Text Representation Pairwise Similarity Diversity Summarization

Our method: DCScore
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B Details of DCScore

Evaluate D = {7;}" , = {(2;,y;)}.y ——> Evaluate {72}?:1

@ Text Representation @ Pairwise Similarity
H=o({T},). K = Kernel(H),
e (3 Diversity Summarization ™
expKl[i, j]/7

Classification:  P(c = ¢;|T;) = P[i, j] = fx(K[i, j]) = e
( Jl @) [ j] fK( [ j]) Z-eXpK[Z,j]/T

Definition 1 (DCScore). Let D = {7;}!_, denote the LLM-generated dataset with n samples,

and let {T} | represent a set of diversity-sensitive components within {T:}"_,. Denote P; as the

classification probablllty vector of T. By conducting the classification task for all T: and obtaining
the probability matrix P = [Py, Ps, ..., P,|, DCScore for D is defined as the trace of P:

DCScore(D Z Pli, 1. (5)
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B Properties of DCScore

Effective number

Diversity should be defined as the effective number of samples in a dataset, ranging from 1 to n.

* lIdentical samples

Identical samples never increases diversity: DCScore(D; ) = DCScore(D,) = DCScore(D ).

« Symmetry

Diversity remains constant regardless of the order of the samples: DCScore(D) = DCScore(7(D)).

* Monotonicity
The diversity of a dataset decreases as the similarity between its samples increases.

DCScore(D;) > DCScore(Ds).
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B Complexity Analysis

Table: Complexity analysis of DCScore and VendiScore

General Kernels Inner Product
e . VendiScore 2 O(d*n)
Pairwise Similarity DCScore O(n* - Okernet ) O(nd)
Summarization e O(n’) O(d’)
DCScore O(n?) O(n?)

Total VendiScore O(n? - Operne + 1) O(d?n + d*) = O(d*n)
DCScore O(n?- Okerner +n?) A(n2d + n?)

« DCScore has lower computational complexity with non-linear kernels.
When using the inner product kernel with n > d, VendiScore's calculation simplifies but yields only

marginal time savings.
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B Experimental Settings

How to verify the effectiveness of DCScore? = =
Diversity Evaluated
i . . Pseudo-truth Dataset D
The correlation between these diversity scores and the :
corresponding diversity pseudo-truth for each dataset. | DlverS,ty
i Evaluator
Evaluation Metrics: Spearman’s p | :
Correlation ------ DlverS|ty
Baselines: Distinct-n, K-means Inertia, VendiScore. Score
- Datasets ----------oooooooooooooooooo ; -~ Experiments -------------oooooooooooooooos ;

» Self-generated datasets « Correlation evaluation

« Existing generated datasets « Computational costs

____________________________________________________________________________________________________________
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B Correlation with generation temperature 7,

Table: Correlation (Spearman’s p) with 1, Observation:
Zero-shot setting Few-shot setting « DCScore outperforms all baseline

Methods Text classification Story completion | Text classification Story completion

| 138 70B 133  70B | 138 70B 138  70B methods in most cases.
Distinct-n 0.9909 09870 09766 09701 | 0.9857 09766 09779  0.9935 _ :
K-means Inertia | -0.1143  0.9688  0.9454  0.8727 | 0.7104  0.7273  0.9662  0.9662 « DCScore exhibits a strong correlation
VendiScore 0.9961 09818 09870  0.9922 | 0.9909 0.9857 0.9857  0.9961
DCScore 0.9961 09779 0.9844 0.9792 | 0.9909 0.9883  0.9857  0.9974 with the diversity pseudo-truth.

B Correlation with human judgment / LLM evaluation

Table: Correlation (Spearman’s p) with human judgment Table: Correlation (Spearman’s p) with GPT-4 evaluation

| Story-Few  Story-Zero  Text-Few Text-Zero | Story-Few  Story-Zero  Text-Few Text-Zero

Human-DCScore | 090404904 0.7870+0.10 0.79154016 0.8798+0.10 GPT-4-DCScore | 0.6057 10930 0.9010L004 061314018 0.905240.09

T4-DCScore 0.90864+007 0.78291p.16 0.840010.16 0.897140.07 Tg-DCScore 0.67571030 087821008 0.57141027 0.933610.06

Tg-Human 0.9276:|:0'02 0-9194:|:0.06 0.977010'02 0-925510.08 TQ—GPT—4 G.QOSGiD_DT 0?829:53 16 D.S4DDi0_1g 0.8971 +0.07
Observation:

« DCScore presents strong correlations with human judgement / LLM evaluation.
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B Computational cost

Observation:
DCScore offers significantly lower

time complexity than VendiScore

while sacrificing little in diversity

evaluation performance.

Observation:
DCScore

shows substantial computation time

For nonlinear kernels,

advantages, while slightly
underperforming VendiScore  with

linear kernels (Inner product).
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Figure: Computation times on small datasets

Table: Computation times on a large dataset (Yelp)

Kernels Yelp
Sample num 4k 8k 16k 32k 64k
VendiScore 5?,96:&0‘35 114.64:1_63 227.76j:?_04 451.49;{;19,?3 912.60;&25,59
Inner product -
DCScore 57954031 115354116 232494134 4489812304 961.2919 36
RBF kernel VendiScore ?9-3 lipos 118.1510901 242.064760  527.9942s9 ]2:*"2-?3i21.15
DCScore 5849014 116.29 .02 232.94 300 471.184+7.50 953.62117.01
Polv kernel VendiScore 59481005 11894005 2340811170 322824304 1313.554 12 64
y DCScore 58.73+0.08 117.02£0.00 227.721a0.51 462.451 1301 988.53 11,10
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B We investigate the diversity evaluation of synthetic datasets, a topic systematically
under-explored in existing research.

B \We present DCScore, a diversity evaluation method from a classification perspective.

B \We provide theoretical guarantees demonstrating that DCScore meets the axiom
requirements (Leinster & Cobbold, 2012) for a principled diversity evaluation method.

B DCScore exhibits a better correlation with diversity pseudo-truths. DCScore exhibits
significantly lower computational cost compared to transformation-based counterparts.
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