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Abstract

The goal of diversity sampling is to select a representative subset of data in a
way that maximizes the information contained in the subset while keeping its
cardinality small. We introduce the ordered diversity sampling problem and present
a novel and simple approach for generating ordered diverse samples for textual
data that uses principal components on the embedding vectors. We compare our
approach with existing approaches using a new metric that measures diversity in an
ordered list of samples. We transform standard text classification benchmarks into
benchmarks for ordered diversity sampling and show that prevailing approaches
perform 6% to 61% worse than our method while also being more time inefficient.

1 Introduction

The ordered diversity sampling problem assumes that we are given a dataset D and the goal is to
sample a small ordered subset .S of data points from D that is representative of the diversity in D.
Some motivation for ordered diversity sampling comes from its use in (a) picking in-context examples
S (from an example bank D) for prompting a large language model (LLM) [Lu et al. 2022} |Guo
et al., 2024, |Wang et al.l [2025]], (b) picking a small set .S of tasks (from task set D) to be solved using
an expensive LLM so that we can later use the solution for S to cheaply compute the solution for the
full set D [Singha et al.| [2025| [Agarwal et al 2005],2004], and (c) picking samples S for humans to
annotate [Alcoforado et al.,|2024]]. Diversity is also important in many other contexts [Batra et al.}
2012} |Vijayakumar et al.,|2016, L1 et al., 2016 [Wei et al.,[2013| |Sener and Savaresel 2018]].

Given D, the most basic approach, random, picks S using random sampling. The random strategy
does not explicitly aim for diversity. There are 3 approaches that have been proposed for diversity
sampling. In the first approach, clustering [Monarch et al.|[2021], the set D is partitioned into clusters
(using unsupervised clustering) and samples are picked from each cluster. The samples are picked
so that they are either close to the center of a cluster, close to the edge, or randomly placed. In the
second approach, k-center-greedy [Sener and Savaresel 2018]], a point is randomly picked from D
and inserted into S, and thereafter iteratively points farthest away from the current set .S are picked
and added to S. In the third approach, reverse semantic search [Alcoforado et al.,[2024], the set S'is
initialized to the empty set and thereafter iteratively two data points are selected from D \ S that are
farthest away from each other among all such pairs and these are added to S.

In this paper, we propose a new approach, principled sampler vi. In this approach, the data set D is
transformed to a representation over its principal components, and a point from D is picked to be
included in S if it has the largest (positive or negative) projection on a principal component or if it
has a small projection on all principal components. We also propose a variant, principled sampler
v2, that picks data points from D that have large projection on one principal component and also
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Algorithm 2 Principled Sampler v2

5: Y[i] <= j* where j* = arg max; (Xpea [, 7] — Zk# | Xpeald, k]|)

6: Z[i] « j* where j* = arg min; (Xpea[f, ] + 35 [Xpealds K])

small projections on all other principal components. We also create a variant of clustering, called
PCA-clustering, that first performs dimensionality reduction using PCA before using clustering.

All of the above approaches, except random, first embed the data points D in some latent embedding
space. In this work, we use the OpenAl text embedding model and TF-IDF embeddings. We compare
the above 7 approaches in this paper on “ordered diversity sampling” problems and observe that
principled samplers outperform the others. |Alcoforado et al.|[2024] note that it is very difficult to
beat random sampling especially on datasets that do not have outliers, as we also find.

2 Principled Samplers

Let D be a data set consisting of textual data. Formally, D is an (N X 1)-matrix of string values. The
intuition behind Principled Samplers is simple. If we embed the text in D into an M -dimensional real
space, RM, and then look at the principal components of the data in R | the data points that have a
large projection (positive and negative) along the principal components will be “different" from each
other and good candidates for inclusion in S. Also, the data points that have low projections on all
the principal components will also be qualitatively different and good candidates for inclusion.

The algorithm Principled
Sampler vl is presented in Al-
gorithm [T} The input to the algorithm
is a dataset D consisting of text
column with, say, N rows. We
compute M -dimensional embeddings

Algorithm 1 Principled Sampler v1

Require: Input: data D, an (N x 1)-matrix of strings
Require: Parameters: embedding function F, integer n
of each of the N strings on Line 1 Ensure: Output: Ordered sequence of 3n indices

using any given embedding function 1: X « E(D) #X ¢ RVxM
E. This is followed by PCA on ¢ Xpea < PCA(X, components = n) # X,., € RV*"
Line 2 that maps each of the N . Initialize arrays Y, Z of size n each ~ #Y, 7 € Z'xn
strings to an n dimensional space, s forie[1,2,...,n]do

where n is a parameter. Y[i] < j where X o7, 7] = max(Xpeq[*, 7])

find the (indices of the) n data points Z[i] = k where Xcq [k, 1] = min(X,eq[*, 1])

that have the largest projection on
each of the n principal components
respectively (Line 5). The notation
Xpea[*,4] denotes the i-th column
of the (N X n)-matrix X,.,. Next
we find the (indices of the) n data

2
3
4
We then 5:
6.
7
8

;endfor
:forje[l,2,...,N]do

Xoolg] < 1| Xpealds *]ll oo # Xoo € RN

end for

. W are indices of the n smallest values in X,
: return [Y, Z, W]

# Concatenate the 3 arrays

points that have the most negative
projection on each of the n principal
components (Line 6). Finally, we find the n indices that correspond to data points that have the n
smallest absolute projection on each of the n principal components (Line 11). Our procedure returns
the 3n samples containing the union of the three arrays (Line 12). The intuition is that the first two
sets Y and Z contain indices of data points that capture the “common" pattern in the dataset D,
whereas the set W contains the indices of “uncommon” pattern and “outliers" [Fariha et al.| [2021]].

Remark 1. It is possible that the indices in Y, Z and W overlap, which can cause Algorithm([l]to
return less-than 3n samples. In our evaluation, we force all techniques to return the same number of
samples. We make Algorithm[I| return exactly 3n samples by replacing repeated values in either'Y,
Z or W by the next best new pick for that set. O

Principled Sampler v2. A slight modification of Principled Sampler vl is the algorithm
Principled Sampler v2 in Algorithm [2] The changes are only on Lines 5 and 6. In Princi-
pled Sampler v1, we picked the data points that had extreme projections on the principal components.
In Principled Sampler v2, we pick data points that each have a very large projection on one of
the principal components, and a very small projection on the other components. In the notation
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used in Algorithm the expression Xpea[f, 1] — > 44 [ Xpeald, k]| is maximized when Xpeq |5, i
is large and X[, k] is close to zero for all k # i. Algorithm 2| picks j* that maximizes this
expression and these j* (one for each choice of i) are included in Y. Similarly, the expression
Xpealdy ] + D 52i | Xpeald, k]| is minimized when Xcq[j, @] is small and X),c.[j, k] is close to zero
for all k # 4. Algorithm 2] picks j* that minimizes this expression, and these j* (one for each choice
of 7) are included in Z. The outlier picks in W are identical to those in Algorithm [I]

3 Evaluation

Datasets. We picked text classification datasets from Papers with code [pap|], Kaggle [kag], and
Hugging Face [hug]] that had a large number of labels. In total, we selected 22 benchmarks with the
number of labels ranging from 3 to 98 and standard deviation 19.6 listed in the Appendix [A] For
each of the 22 datasets, we further down sampled, and picked a random sample of size N = 250,
and the ground-truth labels for those N data points, to get one benchmark for diversity samplers. We
repeated our experiments 5 times with different seeds for the random number generator.

Metric. In each of the above text classification benchmarks, a data set D is associated with a labeling
function L : D — C, where C'is a finite set of categories. Let us say a sampler picked the ordered

sequence (d1, . ..,d,) from D. For any prefix of this sequence, we define a function, IsNew, as:
L 0 if3i<k:L(dg)=L(d;)
ISNeW(<d1, “e ,dk>) = { 1  otherwise

Intuitively, a sample dy, is new with respect to previously picked samples d, . .., d;_; if its asso-
ciated label is new and not seen before. We next define “wasted opportunity": given the sequence
(d1,da, ..., dy), the pick dy, is a wasted opportunity, denoted Wasted((dy, ...,dx)) = 1,if

(a) IsNew({d1,ds,...,dk—1,dr)) =0, and

(b) there exists d € D s.t. IsNew({d1,ds,...,dk_1,d)) = 1.

Finally, we define our evaluation metric, the aggregated wasted opportunity (AWO): given a sequence
(dy,da, ..., d,), the aggregated wasted opportunity metric is a number from 0 to n that is defined by
Yor Wasted({di,...,d;)). A method that produces smaller AWO score is deemed better.

Remark 2. The AWO metric has the nice property that it remains comparable across benchmarks that
have different number of labels. Consequently, we can aggregate this metric over different benchmarks,
which allows us to compare different diversity samplers over a wide array of benchmarks. O

Comparing with Baselines. For each diversity sampler, Figure |1| plots the AWO metric on the
y-axis against the number of samples on the z-axis as it increases from 1 to 18. Each line in the plot
corresponds to a different sampler. A lower value is better in the plot. We have 7 lines: 2 for our
“principled sampler v1" and “principled sampler v2" and 5 for the following baselines: clustering, pca-
clustering, reverse-semantic-search, k-center-greedy and random. Each method generates 3n = 18
ordered samples and these sequences are compared using AWO metric.

We use two different embeddings: openai refers to the use of the pretrained model,
text-embedding-3-small, from OpenAl, and #fidf refers to the use of the TFIDF vectorizer
from the sklearn library. Specifically, we used the TFIDF vectorizer available in sklearn library with
max_df=0.5,min_df=>5, and stop_words="english".

Figure [I] shows the approaches proposed in this paper perform better than all the baselines. If we
replace OpenAl embedding with tfidf embeddings, we get a similar plot (Appendix [B). This shows
our proposed technique is not just designed to work with one kind of embedding but the improvements
persist across the choice of embeddings. This is further evidence that there is inherently some value in
the our diversity sampling approach. We note that some of the baselines perform worse than random
sampling, but our approach performs better than it. We further note that adding dimension-reduction
via PCA before clustering makes it better than random sampling. This shows that PCA helps and we
believe that our approach is able to fully exploit the benefits of PCA to perform diversity sampling.

Effect of the Embedding Procedure. When we compared the performance of Principled Sam-
plers v1 and v2 while changing the embedding, we observed that the text-embedding model from
OpenAl performs better as expected; see Figure[3|in Appendix [B] We also noted that changing the
embedding affects Version v1 and v2 in the same way, although Version v2 appears slightly more
robust to embedding change.
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tfidf  openai thidf  openai
s 48 48 72

vl 36 05 vi 0000 d 1500 2500 2500

v2 0.0 0.0 vl-Y 2.8 1.7

cls 15.5 20.7 vl-Z 3.5 7.5 vl 8.8 13.8 18.9

pca-cls 6.2 8.1 vl-w  -0.7 0.9 v2 8.4 15.4 194

k-ctr 61.1 16.5 v2-Y 0.6 14 IsS 59.4 180.2 2319
Table 1: Percent increase in v2-W 0.6 1.8 Table 3: Time taken by different
aggregated wasted opportunity | Table 2: Table showing the %in- | methods to sample s from dataset
(AWO) scores for different ap- | crease in AWO for ablated vari- | of size d for s € {48,72} and
proaches when compared to v2. ants relative to v1 and v2. d € {1500, 2500}.

Table T]shows the percentage increase

in the AWO metric for the 7 diver- Aggregated Wasted Opportunity Metric

sity samplers for each of the two em- 1000 -
beddings. Since Principled Sampler -v-- openai-principled-sampler-vl 3
v2 performed the best for both em- -+ openai-principled-sampler-v2 <
beddings, the percentage increases in goo | openal-clustering PL o

. 4+ openai-pca-clustering X oWt ok
each row are reported with respect to @ e random X g o
v2’s score in that row. Existing ap- _g' openai-reverse-semantic-search ’)(_/_*‘_,_.-x;_‘#r
proaches show a degradation ranging  § g - openai-k-center-greedy KA
from 6% to 61% compared to perfor- g y A/:/ F oo |
mance of Principled Sampler v2. The ‘§ K -
PCA+Clustering (pca-cls) approach %5 400 1 ) .I_’uf'f",;" 900 <7
was within 6-8% of our approach and & vl ssol .
random (rnd) was withng 6-13%, and & X k"
these two were the best among the rest. = 3pp 1 7@;;5" 800 e
Both reverse semantic search (rss) and ™ 750 I ‘_/’.5"#
greedy k-center (k-ctr) are impacted a g e
lot by the choice of embedding. o = 700 4,7
Ablation Studies. We created 3 ab- 2 2 6 8 0 1 14 16 18
lated versions each of Versions vl Number of generated samples

and v2 by replacing each of Y, Z,
and W by random sampling one by
one, and named them -Y, -Z and -W.
Table [2]reports the degradation in per-
formance of each of the ablated ver-
sions compared to its respective baseline. The main observation is that the AWO metric shows up to a
9.8% increase in the ablated versions. There are two cases, v1 — W and v2 — W, where the ablated
version performed better, but only very slightly, when using tfidf. This is not unexpected since the set
W was designed to catch uncommon outliers and non-conforming data points.

Figure 1: Comparing with baselines using 3n = 18 samples using
openai embeddings.

Time Comparison. Table [3|reports the time taken by the different methods to sample s samples
from d data points. We see that Principled Sampler v1 is the most efficient. This is surprising since
PCA can be expensive; however, greedy k-center (k-ctr) and reverse semantic search (rss) have a
nonparallelizable iterative loop that makes them scale poorly. On the other hand, our Versions vl
and v2 can pick each sample almost independently of the other in parallel. We observe that clustering
(cls) has time efficiency competitive with our methods.

4 Conclusion

We presented a PCA-based approach for diversity sampling, which is task-agnostic and generates
an ordered list of samples. We also defined the aggregated wasted opportunity metric for evaluating
the diversity of an ordered list of samples and showed that our technique outperforms techniques
described in the literature. In addition, our technique is time efficient compared to existing techniques.
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A Evaluation Datasets

The specific text classification benchmarks we picked for creating benchmarks for ordered diversity
sampling are listed below:

* hf://datasets/coastalcph/lex_glue/

* hf://datasets/google/frames-benchmark/,

e hf://datasets/dair-ai/emotion/,

e hf://datasets/google-research-datasets/go_emotions/,

e hf://datasets/nyu-mll/multi_nli/|(2),

* hf://datasets/nvidia/Aegis-AI-Content-Safety-Dataset-1.0/,
e hf://datasets/declare-lab/HarmfulQA/data_for_hub. json (2),
e hf://datasets/fancyzhx/ag_news/

* hf://datasets/cardiffnlp/tweet_eval/,

e hf://datasets/zeroshot/twitter-financial-news-topic/,

e hf://datasets/SetFit/bbc-news/

e hf://datasets/ttxy/emotion/,

e hf://datasets/zeroshot/twitter-financial-news-sentiment/,
* hf://datasets/jonathanli/law-stack-exchange/

* hf://datasets/allenai/prosocial-dialog/

e https://www.kaggle.com/datasets/urbanbricks/wikipedia-promotional-articles,

* https://www.kaggle.com/datasets/yelp-dataset/yelp-dataset/data,

* https://www.kaggle.com/datasets/hijest/genre-classification-dataset-imdb,

* https://www.kaggle.com/datasets/arplusman/papers-by-subject,
* https://wuw.kaggle.com/datasets/jp797498e/twitter-entity-sentiment

B Comparison using TF-IDF embedding

Figure[2] shows the same plot as the plot in Figure[I] but with OpenAlI text embedding replaced by
TF-IDF embedding (for all procedures).

Figure [3]shows a plot comparing the versions of both our procedures with two different embedding
procedures. When we compared the performance of Principled Samplers v1 and v1 while changing
the embedding, we observed that the text-embedding model from OpenAl performs better than
TF-IDF as expected. We also noted that changing the embedding affects Version v1 and v2 in the
same way, although Version v2 appears slightly more robust to embedding change.

C Time Comparison

We compare the time taken by the different diverse sampling schemes to sample 60 points as the
size of the dataset grows from 250 to 3000. Figure ] shows that Principled Sampler v1 is the most
efficient. This is surprising since PCA can be expensive; however, greedy k-center (k-ctr) and reverse
semantic search (rss) have a non-parallelizable iterative loop that makes them scale poorly. On the
other hand, our Versions v1 and v2 can pick each sample almost independently of the other in parallel.
We observe that clustering (cls) has time efficiency competitive with our methods. The bottom chart
in Figure 4] plots the time taken to sample n points from a dataset of 2500 points as n grows from 18
to 72. We again observe the same behavior as in the earlier plot.
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Aggregated Wasted Opportunity Metric

Number of wasted samples

1400
--4-- tfidf-principled-sampler-v1
tfidf-principled-samplerv2
1200 - ) )
—+—- ftfidf-clustering 1300
tfidfpca-clustering i
1000 4 -+- random
tfidf-reverse-semantic-search 1200 -
800 - tfidf-k-center-greedy .
-
ol
A
600 AT
P 1
LA 1000 -
e
400 - e _-
. :;:':lr‘l E _d—"l
”ﬁ_i; 900 ,.r'/ o
e - = -
200 - .\{'-_,* E .
LW e 5
e 800 -
EiF Fo-~
0 - -
T T T T T T T T - T
2 4 6 8 10 12 14 16 18

Number of generated samples

Figure 2: Comparing with baselines using 3n = 18 samples using tfidf embeddings.
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Figure 3: Comparing Samplers v1 and v2 with openai embedding and with TFIDF-based embedding.



Time to generate 60 samples
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Figure 4: Time taken by different methods (a) to sample 60 from datasets of different sizes (b) to sample
different number of items from a dataset with 2500 items.
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