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Abstract

Human evaluation is viewed as a reliable evaluation method
for NLG which is expensive and time-consuming. To save la-
bor and costs, researchers usually perform human evaluation
on a small subset of data sampled from the whole dataset in
practice. However, different selection subsets will lead to dif-
ferent rankings of the systems. To give a more correct inter-
system ranking and make the gold standard human evaluation
more reliable, we propose a Constrained Active Sampling
Framework (CASF) for reliable human judgment. CASF op-
erates through a Learner, a Systematic Sampler and a Con-
strained Controller to select representative samples for get-
ting a more correct inter-system ranking. Experiment results
on 137 real NLG evaluation setups with 44 human evalua-
tion metrics across 16 datasets and 5 NLG tasks demonstrate
CASF receives 93.18% top-ranked system recognition accu-
racy and ranks first or ranks second on 90.91% of the human
metrics with 0.83 overall inter-system ranking Kendall corre-
lation. Code and data are publicly available online.

Introduction

Evaluation of NLG systems remains challenging. The rea-
son is that similar content in text can often be expressed
in various ways, and the same output of the NLG system
may need to satisfy multiple goals in different aspects (2020;
2022). Hence, reliable automatic metrics are complex to de-
sign (2017; 2009). Human evaluation is generally consid-
ered to be a more reliable evaluation way in natural language
generation tasks (2020; 2018; 2015). However, human judg-
ment is viewed as expensive, time-consuming, and lacks
standardized evaluation procedures (2020; 2020; 2022).

To save labor and costs, human evaluation is usually per-
formed on a small subset sampled from the dataset in prac-
tice. Researchers compare the average scores of the systems
on this subset to obtain a ranking between the systems. How-
ever, different sample subsets will lead to different rankings
of the systems. We re-evaluated 137 real NLG evaluation
setups on 44 human metrics across 16 datasets and 5 NLG
tasks. Results show that 87.5% of datasets have different
inter-system rankings across 5 times of random sampling.
Since research is driven by evaluation, focusing on the final
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Figure 1: Conducting human evaluations on different sample
subsets (Sub) can obtain different inter-system rankings. The
lower part shows the same sampling method obtains differ-
ent subsets at different sampling times. The upper part shows
the ranking obtained from the corresponding subsets. “Sys”
represents system and “GT” represents Ground Truth.

ranking of systems, it is vital to design a more reliable eval-
uation method to obtain the correct inter-system ranking.
We randomly select 1404 papers from ACL, EMNLP and
COLING in the past 2 years and find that 270 papers select a
subset of the dataset for manual evaluation to save labor and
cost (details are in the Survey section of the Appendix). The
survey results show that random sampling is the most vital
sampling method, accounting for 60.7%, and the rest 39.3%
of the papers do not mention the sampling method they used.
Random sampling is widely used in human evaluation sam-
pling for its simplicity. However, random sampling can be
risky (2022). On the one hand, random sampling can lead
to clustered selection, a phenomenon in which randomly se-
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lected samples are uncommonly close together in a popula-
tion (as shown in the black and purple circle in Figure 1).
On the other hand, random sampling may have the risk of
data manipulation. Researchers can choose samples at will
or conduct multiple random sampling to select a favorite
subset, which will lead to unfair evaluation results. Since dif-
ferent sampling subsets may result in different inter-system
rankings in human judgment, it is difficult to reliably select
the best system. We urgently need a better sampling method
to deliver reliable human evaluation with low labor and cost.

In this paper, we focus on improving the reliability of
the gold standard human evaluation with limited cost and
time used for human annotation. Specifically, we explore
the problem of clustered selection and data manipulation for
manual evaluation sampling and propose a Constrained Ac-
tive Sampling Framework (CASF) for reliable human judg-
ment. The proposed CASF consists of a Learner, a Sys-
tematic Sampler and a Constrained Controller. CASF ob-
tains a representative subset of samples in multiple sam-
pling phases. In each sampling phase, the Learner predicts
the quality score for samples and feeds the quality score of
each sample to the Systematic Sampler. Then, the System-
atic Sampler and the Constrained Controller work together
to select representative samples with lower redundancy for
the sampling phase. Samples collected in each phase are not
duplicates of those collected in previous phases, and will be
directly subjected to human evaluation, and the newly la-
beled ones will also be used to update the Learner.

The main contributions are as follows: 1) We investigate
and experimentally analyze the sampling problem for the
gold standard human evaluation in natural language genera-
tion. 2) We propose a Constrained Active Sampling Frame-
work (CASF) for the sampling problem in manual evalua-
tion. The proposed CASF can solve the problem of clustered
selection and data manipulation for human evaluation sam-
pling. 3) We re-evaluate 137 real NLG evaluation setups on
44 human evaluation metrics across 16 datasets and 5 NLG
tasks. Experiment results demonstrate the proposed method
ranks first or ranks second on 90.91% of the human metrics
and receives 93.18% top-ranked system recognition accu-
racy. To ease the adoption of reliable sampling, we release
a constrained active sampling tool. We strongly recommend
using CASF to sample test instances for human evaluation.
Our tool, code and data are publicly available online.'

Methodology
Problem Statement

The goal of sampling in human evaluation is to select a sub-
set with the intention of estimating the inter-system ranking
of the whole sample population. Ideally, the obtained subset
should cover more representative samples of the population.
A good sampling method will result in a more correct inter-
system ranking calculated through the sampling subset.

The general evaluation sampling problem is as follows.
Given a data set D = {(z;,);, Q;)}Y, where N is the
size of the whole sample population, x; represents a data

"https://github.com/EnablerRx/CASF
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Figure 2: Constrained Active Sampling Framework

input, ); is the corresponding set of generated outputs, Q;
is the corresponding set of human score vectors. The gener-
ated output set ); consists of M system outputs and is de-
noted as V; = {wi1, ..., ¥ij }jle, where y;; represents the
j-th system generated output of the i-th sample. The hu-
man score vector set Q; consists of the corresponding hu-
man score vector for each system output and is denoted
as Q; = {qQi1, ..., };Vil Since human evaluation is usu-
ally carried out in multiple aspects, we use a vector to rep-
resent human evaluation results from multiple aspects for
each system. Each human score vector q;; consists of K hu-
man annotation metrics from different aspects and is denoted
as d;; = (¢ij1,---, ¢ijk )- Eventually there will be separate
inter-system ranking on each aspect. Let H represent the fi-
nal sample subset. Function 1) calculates the mean scores of
each system in the sample set for each human evaluation as-
pect and gives the ranking among systems. P calculates the
similarity between two inter-system rankings. The overall
objective of sampling and constraint is as follows:

— Ply(H), (D)),
|H| =7 x N,

minimize
subject to
where r is the sampling rate, |.| refers to the cardinality of a

sample set and ¢ first calculates the average human scores in
each aspect of each system in the sample set, and then gives
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the inter-system ranking of each human indicator according
to the mean score of each system.

Sample Representativeness

Taking representative samples allows for a more complete
evaluation of the overall performance of the system. Inspired
by the theoretical model of summarization (Peyrard 2019),
the Representativeness of samples can be measured in two
aspects, including Quality Diversity and Redundancy. Qual-
ity Diversity represents the diversity of sample quality levels,
that is, the sampled subset should contain samples of vari-
ous quality levels. Evaluation on qualitatively diverse sub-
sets of samples allows the system to better reflect the perfor-
mance of all samples. Quality is the average quality of gen-
erated outputs of the sample. More comprehensive coverage
of samples of different qualities will result in a better Qual-
ity Diversity. Redundancy indicates the degree of similarity
or duplication among the generated outputs of samples.

Constrained Active Sampling Framework

Overall Framework The proposed Constrained Active
Sampling Framework aims to select representative sam-
ples for human evaluation in multiple phases to get a more
correct inter-system ranking. The proposed CASF operates
through a Learner, a Systematic Sampler and a Constrained
Controller. The goal of the Learner is to predict the quality
of samples and give a ranking of sample quality by a regres-
sor. The Systematic Sampler divides samples into multiple
buckets according to the sample quality ranking given by
the Learner. The Constrained Controller controls the Redun-
dancy of samples and selects a final sample from each bucket
given by the Systematic Sampler.

The proposed Constrained Active Sampling Framework
is shown in Figure 2. There are several sampling phases de-
noted by ¢, an preliminary sampling phase ¢ = 0 (the left
branch in Figure 2) and T batch active sampling phases
t = 1,...,T (the right branch in Figure 2). In the prelimi-
nary sampling phase, alternate quality scores for all samples
are calculated through an automated metric, as the Learner
is not ready to use yet. The Systematic Sampler, then, selects
a small preliminary subset of samples # as part of the fi-
nal sample subset H according to the given quality ranking.
The selected samples are then evaluated by human beings. In
the current batch active sampling phase, samples selected in
all previous phases together with the corresponding human
scores, then, are fed to the regressor of the learner, and the
regressor of the learner is updated and applied to predict the
quality of the rest samples with the sample’s scores over var-
ious automatic metrics as features. After that, the Systematic
Sampler and Constrained Controller work together to choose
batch subset H; from the rest samples for the ¢-th batch ac-
tive sampling phase as part of the final samples. Then, the
samples selected in the ¢-th phase are subjected to human
evaluation for use in the subsequent sampling phases. The
final sample set H consists of batch subsets from each phase
‘H.. We conduct experiments to explore the determination of
the number of phases and the sampling ratio of each phase
in the Phases and Associated Sampling Ratios section.
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Learner and Sample Quality Estimating the quality of
the samples is a vital step in CASF. Since the quality of sam-
ples is difficult to define and calculate directly, we propose
a Learner to predict the human scores as the quality scores
for the rest samples for selection at each phase ¢ (except the
preliminary phase). As various automatic metrics can mea-
sure the characteristics of samples in different aspects and
are easy to calculate with lower cost, we use scores of auto-
matic metrics as features to predict the quality of samples.
Note that in the preliminary phase, the quality of samples
is simply estimated by an automatic metric. In each of the
batch active sampling phases, the Learner receives feedback
from human annotators and update its parameters. After that,
it utilizes the scores of automatic metrics to predict the qual-
ity score for each sample. The Learner will then provide the

quality ranking {pt(i)}f\;m‘ of samples at each batch ¢,
where 1 is the sample index and the number of the rest sam-
ples for selection in each phase is N — |H].

The main objective of the Learner ¢ is to map z; to the
corresponding human score vector set Q;. Since there are
multiple elements in Q;, we standardize scores for each hu-
man evaluation aspect and use the sum of each element in
Q;, which is the sum of human scores for all aspects of all
NLG systems under sample x;, to represent Q;. The objec-
tive is to minimize the following loss function:

[#] M K
argmin » L | g(x;6), Z Z Qijk | »
0t i=1 j=1k=1

where |#| is the number of samples selected in the final sub-
set and 6, is the parameter of Learner g in the ¢-th phase. The

predicted quality scores {s; (z)}f\!1 "I for the rest samples at
each phase ¢ are calculated as follows:

{s0(i)} {g(s:0) 15

Specifically, the Learner first calculates the results of each
automatic metric based on the output of each NLG system
from the input sample. Then, the automatic metric results
under each NLG system will be fed as features into the
Learner’s regressor. Eight popular NLG metrics are chosen
as the automatic metrics set (details are in the Automatic
Metric for Preliminary Phase section) of CASF. Due to the
small number of samples and features mainly containing au-
tomatic metrics’ scores, we explore several popular learn-
ing methods and recommend choosing Gradient Boosting
Decision Tree (GBDT) (Friedman 2001) as the regressor of
the Learner. Full experimental results are in the Learner Se-
lection section of Appendix. The loss function is the least
squares method (2007), which is commonly used in GBDT.

N—|H| _
i=1 =

Systematic Sampler Systematic sampling has advantage
of eliminating clustered selection problem and can reduce
the risk of favoritism, which meets our motivation. There-
fore, we adopt the systematic sampling method (Yates 1948)
sorted by relevant signs as the sampling core of CASF.
The Systematic Sampler selects representative initial sam-
ples and candidate samples according to the quality ranking
of samples. Specifically, the Systematic Sampler first divides
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the V; = N — || samples for the ¢-th phase into n; buckets
according to the given quality ranking {pt(z’)}f\;ml. ny is

the number of samples to be selected at the ¢-th phase. Sam-

ples with quality ranking p; € [e x L%j, (e+1) x L]X—t’j)
are divided into the same bucket, where e = 0,1, ..., n;. The

samples with quality rank p; = e x L%J are selected as
the initial selection samples. And the rest samples in each
bucket are candidate samples.

Constrained Controller The proposed Constrained Con-
troller controls the Redundancy of samples and selects one
sample from each of the buckets divided by the Systematic
Sampler to form a final sample subset (as shown in Figure
3). Since the Systematic Sampler selects initial samples at a
regular interval, which makes the distribution of the initial
subset align closely with the overall distribution, we aim to
preserve the original sampling intervals as much as possible
while controlling the Redundancy to maintain the represen-
tativeness of the sample subset.

Specifically, we define objective function Obj as the qual-
ity ranking distance between the current sample z; and the
initial selection sample in each bucket. We also define viola-
tion function Vio to calculate the Redundancy between the
current sample x; and the final samples. Since the bi-gram
similarity (Kondrak 2005) is regarded as a simple and effec-
tive method to calculate the redundancy between texts, we
calculate the Redundancy by calculating the bi-gram sim-
ilarity between the outputs generated for the sample and
that for the final samples. A sample z; is called feasible if
Vio(z;) = 0, which means it is not redundant with the se-
lected final samples. Otherwise, x; is infeasible.

The Constrained Controller is summarized into 3 rules:

rulel: z; < xj, if
rule2: x; < xj, if

x; is infeasible, z; is feasible;
Vio (z;) > Vio (z;),

x; is infeasible, x; is infeasible;
Obj () > Obj (z) .

x; is feasible, x; is feasible,

rule3: x; < xj, if

where x; is the i-th sample and x; < z; means x; is a better
choice. rule 1 means the Constrained Controller tends to se-
lect samples that are not redundant. rule 2 represents that if
two samples are both redundant with the final samples, the
Constrained Controller tends to select samples with less re-
dundancy. rule 3 demonstrates that if two samples are both
not redundant with the final samples, the Constrained Con-
troller tends to select samples with ranks as close as possible
to those of the initial selection samples.

In Figure 3, the rest samples for selection are first re-
indexed, and then re-ordered according to Learner’s pre-
dicted quality score. The system sampler divides samples
into three buckets based on quality ranking and marks initial
selection sample for each bucket. In the first bucket, only
sample 3 is feasible, that is, sample 3 is not redundant with
existing final samples. Thus, Sample 3 is selected as the fi-
nal sample according to rule 1. In the second bucket, none
of the three samples is feasible, so sample 0 with the small-
est redundancy is selected as the final sample according to
rule 2. In the third bucket, all samples are feasible, and sam-
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Figure 3: Example of systematic sampler and constrained
controller cooperating to select final samples

ple 5 is the initial selection sample and it is selected by de-
fault or according to rule 3.

Experimental Setup
Tasks and Datasets

We conduct experiments on 44 human metrics across 16
datasets spanning 5 tasks. A total of 137 NLG systems are
involved. Details of the datasets, preprocessing and the val-
idation set for hyper-parameters selection are in the Tasks
and Dataset section of Appendix. The datasets are: Sum-
marization (SUM): We utilize 8 human evaluation datasets
of the model generated summarization, which are Sum-
mEval (2021), REALSumm (2020), Newsroom (NeR18)
(2018), DialSummEval (DialSumm) (2022) and OpenAl-
axisl (OpenAl 1) (2020; 2017), OpenAl-axis2 (OpenAl 2)
, OpenAI-CNN/DMI1 (OpenAl 3) , and OpenAI-CNN/DM3
(OpenAl 4) . Machine Translation (MT): We use 3 datasets
collected from WMT news translation tasks (2021) viz. new-
stest2020 en-de (newstest 1), newstest2020 cn-en (newstest
2) and newstest2021 cn-en (newstest 3). Dialogue Gener-
ation (DGen): We utilize a human annotation dataset of
machine-generated dialogues released with the Persona Chat
(Persona) (Mehri and Eskenazi 2020) dataset. Story Gen-
eration (SGen): We use two manual evaluation datasets for
story generation namely MANS-ROC (Guan et al. 2021) and
MANS-WP (Guan et al. 2021). Multi-Modal Generation
(MMGen): We use two existing human evaluation datasets
namely THUMB-MSCOCO (THUMB) (Kasai et al. 2022)
and VATEX-EVAL (VATEX) (Shi et al. 2022).

Evaluation Metric

We select a subset of each dataset and then compute the re-
sults for all the human metrics in various aspects. We mea-
sure the efficacy of sampling method by computing rankings
of candidate models on the subset and their Kendall’s Tau
correlation (1938) with rankings obtained on the full dataset.
We refer to Kendall’s treatment (1945) to handle ties.
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Dataset HE Metric R1 R2 R3 R H1 H2 H3 H M SM OL CASF
Mean Mean (ours)

coherence 085 065 033 0.61 070 082 092 081 042 042 0.87 0.95
consistency 025 048 043 039 068 002 065 045 030 017 053 0.53

SummEval fluency 040 035 052 042 045 045 030 040 035 037 052 033
relevance 072 060 068 067 065 043 072 060 040 060 045 0.82

REALSumm __ litepyramid 039 054 044 046 036 038 044 039 033 037 0.54 054
coherence 100 100 043 08I 090 090 090 0900 1.00 1.00 1.00 1.00

NeRIS fluency 052 1.00 1.00 084 1.00 052 090 081 100 1.00 1.00 1.00
informativeness  1.00  1.00 1.00 100 071 100 090 087 071 100 100 1.00

relevance 100 052 100 084 090 09 090 090 100 1.00 100 1.00

consistency 074 072 049 065 074 064 062 067 059 056 054 077

DialSumm relevance 069 046 064 060 064 069 054 062 023 044 059 0.72
fluency 059 056 059 058 038 056 051 049 015 049 0.64 0.62

coherence 067 080 074 074 074 080 059 071 059 067 082 0.90

accuracy 080 000 100 060 080 100 080 087 080 000 000 1.00

OpenAl 1 coherence 040 080 000 040 080 020 080 060 080 040 020 0.80
coverage 1.00 1.00 1.00 1.00 080 080 080 080 080 100 080 0.80

overall 080 100 1.00 093 080 100 080 087 080 100 080 1.00

accuracy 071 043 100 071 062 071 081 071 1.00 052 014 090

OpenAl 2 coherence 024 052 033 037 -0.14 024 043 0.7 024 052 024 043
coverage 100 071 090 087 100 090 1.00 097 100 1.00 100 1.00

overall 090 071 100 087 062 100 09 084 090 090 090 1.00

accuracy 073 082 082 079 08/ 078 082 082 073 069 078 0.7

OpenAl 3 coherence 051 033 056 047 042 051 056 050 056 020 0.60 0.60
coverage 038 038 087 054 051 087 051 063 1.00 100 042 087

overall 087 051 100 079 1.00 073 051 075 1.00 038 047 1.00

accuracy 100 033 100 078 100 033 033 056 033 1.00 033 100

OpenAl 4 coherence 100 100 100 100 100 100 1.00 100 100 1.00 033 1.00
coverage 033 100 100 078 033 100 100 078 1.00 100 1.00 1.00

overall 033 100 100 078 033 100 100 078 1.00 100 1.00 1.00

MQM 014 014 0.14 0.4 033 014 -005 0.4 014 033 0.14 0.4

newstest 1 pSQM 081 090 090 087 081 09 090 087 100 090 090 1.00
ewstest 2 MQM 079 093 071 08I 064 086 071 074 014 093 086 093
pSQM 043 036 079 052 029 086 043 052 036 093 079 0.79

newstest 3 MQM 000 -0.13 -0.05 -006 -005 -003 -0.05 -004 046 013 000 003
Understandable  0.33 -1.00 033 -0.1 -1.00 033 033 -0.1 033 033 033 033

Natural 033 -1.00 100 011 1.00 -1.00 033 011 033 033 033 1.00

Persona hgg{i‘;?s 100 100 1.00 100 100 100 1.00 100 -1.00 1.00 100 1.00
Interesting 1.00 1.00 1.00 1.00 1.00 033 1.00 0.78 1.00 1.00 1.00 1.00

Uses Knowledge 1.00 1.00 1.00 1.00 -1.00 100 100 033 1.00 100 1.00 1.00

Overall Quality 1.00 1.00 1.00 1.00 1.00 1.00 100 100 1.00 1.00 1.00 1.00

MANS-ROC overall 100 100 100 100 100 100 1.00 100 100 1.00 100 1.00
MANS-WP overall 100 080 080 087 080 100 1.00 093 100 1.00 100 1.00
THUMB overall 100 080 1.00 093 100 100 100 1.00 100 1.00 100 1.00
VATEX consistency  0.60 1.00 060 0.73 0.60 100 100 087 100 1.00 100 1.00
Overall Performance 0.69 0.61 0.75 0.68 0.61 0.67 0.65 0.72 0.67 0.72 0.68 0.83

Table 1: Kendall’s Tau of methods on 16 datasets across 5 NLG tasks. "HE Metric’ indicates different human evaluation aspects
in a dataset. Bold number indicates that the method has the best performance among all methods under the corresponding
aspect. Underlined number indicates the method ranks second.
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Method SUM MT DGen SGen MMGen Overall
R 0.76 0.87 0.78 0.67 1.00 0.76
H 0.80 0.67 0.78 0.67 1.00 0.78
SM 0.83 0.80 0.83 1.00 1.00 0.84
SM 0.90 1.00 0.83 1.00 1.00 0.91
OL 0.69 0.80 1.00 1.00 1.00 0.77
CASF  0.93 0.80 1.00 1.00 1.00 0.93

Table 2: Top-ranked accuracy on 5 NLG tasks. ‘Overall’
shows the average result on all human metrics from all tasks.

Comparison of Methods

The comparison methods are selected based on the survey
of evaluation sampling methods in 1404 papers where Ran-
dom and Heuristic are the main sampling methods for NLG
human evaluation. We also include some ablation methods.
The comparison methods are: Random Sampling (R) ran-
domly sample the dataset and is performed 3 times (2008;
2022; 2007) to reflect real sampling scenarios. Results of
each time and the average result are recorded. Heuristic
Sampling (H) (2022) first sorts the samples according to the
average length of the generated sentences. Then, Heuristic
randomly collects a small number of samples with extreme
sentence length and a large number of samples with normal
sentence length. Heuristic is performed 3 times. Eight Met-
ric (8M): CASF with only the preliminary sampling phase
which normalizes the score obtained by the 8 automatic met-
rics used in CASF and calculates the average score. Single
Metric (SM): CASF with only the preliminary sampling
phase which uses the automatic metric used in the prelim-
inary sampling phases of CASF. Online Sampling (OL):
CASF without Constrained Controller. We compare meth-
ods with 50% sampling rate. Results for other sampling ra-
tios are in Different Sampling Ratio section of Appendix.
In addition, the number of phases and the sampling ratio of
each phase are 5 and 10%. The determination of these pa-
rameters is shown in the Phases and Associated Sampling
Ratios section. We also treat the sample size as an indepen-
dent variable and results are shown in the Appendix.

Results and Analysis
Comparison Results

Full Inter-System Ranking Accuracy According to re-
sults on validation set (Automatic Metrics for Preliminary
Sampling Phase section of Appendix), We select MOVER-
SCORE (Zhao et al. 2019) for calculating sample quality
in the preliminary sampling phase. Inter-system ranking ac-
curacy of methods on 16 datasets across 5 NLG tasks are
shown in Table 1. The results show Random have large fluc-
tuations. For example, in the newstest2020 cn-en dataset
of MT task, different times of random sampling result in
different inter-system correlation. This shows the risky of
widely using Random in evaluation. CASF ranked first on
79.55% of human metrics and ranked first or ranked sec-
ond on 90.91% of metrics. This shows CASF can better se-
lect representative samples to get a more accurate ranking.
Results of the remaining human metrics, although not rank-
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SysA | SysB | SysC | Sys D | Sys E | Tau

GT 3 4 1 0 2
R1 4 3 1 0 2 0.80
R2 3 1 4 0 2 0.00
R3 1 3 4 0 2 0.20
H1 1 4 3 0 2 0.40
H2 1 3 4 0 2 0.20
H3 4 3 1 0 2 0.80
SM 4 3 1 0 2 0.80
SM 3 1 4 0 2 0.00
OL 3 1 4 0 2 0.00
CASF 3 4 1 0 2 1.00

Figure 4: Inter-system ranking of human evaluation aspect
‘accuracy’ of OpenAl 1. “GT” is the inter-system ranking
on the entire dataset. Sampling rate is 50%. “Sys” represents
system. Rankings in red indicate incorrect rankings.

ing first, are still acceptable and close to the best results.
These acceptable results appear as we measure the quality
of each sample in the dataset. However, human evaluation in
different aspects is conducted in the same dataset. The over-
all scores can represent the overall evaluation results. We
use Wilcoxon signed ranks (2006) to test the results of Ran-
dom and Heuristic (both iterated 10000 times) with CASF
in 44 human metrics. Results show CASF is statistically
outperforming Random, Heuristic and other methods with
p = 0.00010, p = 0.00009 and p < 0.05.

Top-Ranked System Accuracy One of the important
goals of evaluation is to select the top-ranked system. Ac-
curately selecting the best system with limited manpower
can help the NLG field to keep good systems and eliminate
poor ones. Thus, we explore the ability of CASF to identify
the top-ranked system. As shown in Table 2, CASF achieves
93.18% top-ranked system recognition accuracy in 44 hu-
man evaluation metrics involving 137 NLG systems. For
typical NLG tasks like DGen, SGen and MMGen, CASF
achieves 100% identification accuracy. Experimental results
also showed CASF was statistically outperforming the pop-
ular Random and Heuristic at the p < 0.05 level.

Case Study Taking the human aspect accuracy in the Ope-
nAl 1 (Stiennon et al. 2020; Volske et al. 2017) dataset as an
example, CASF obtains an accurate inter-system ranking as
shown in Figure 4. The 3 times of random sampling obtained
different inter-system rankings, and the ranking of the first
system fluctuated between the first and fourth, with great
volatility. This confirms the problem we raised about the risk
of random sampling, making evaluation unreliable. CASF
selects the same subset in multiple times, and the variance
of the inter-ranking accuracy obtained by multiple sampling
times is O (Learner Selection section of Appendix). Since
CASF selects representative samples, it obtains more accu-
rate inter-system rankings, making evaluation more reliable.
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M # P-R B-R Tau | M # P-R B-R Tau | M #P P-R B-R Tau | M #P P-R B-R Tau
2 025 025 0.5 2 010 040 0.73 2 005 045 074 2 015 035 0.73
3 017 0.17 0.6 3 010 020 0.75 3005 023 074 3 015 018 0.77
4 013 013 0.76 4 010 0.13 0.80 4 005 015 077 4 015 012 0.76
5 010 0.10 0.83 5 010 0.10 0.83 5 005 011 0.77 5 015 0.09 0.76
A 6 008 008 072 F 6 010 008 075| F 6 005 009 073 | F 6 015 0.07 0.71
7 0.07 0.07 0.72 7 010 0.07 0.69 7 0.05 0.08 0.69 7 015 0.06 0.73
& 006 006 0.70 8§ 0.10 0.06 0.73 8 005 0.06 072 8§ 015 0.05 079
9 006 0.06 0.73 9 010 0.05 0.72 9 005 006 0.72 9 015 0.04 075
10 0.05 005 0.75 10 0.10 0.04 0.73 10 0.05 0.05 0.75 10 0.15 0.04 0.70

Table 3: Experimental results on 44 human metrics with different mode (M) (Average (A) and Preliminary-Fixed (F)), number
of phases (#P), preliminary sample ratio (P-R) and batch sampling ratio (B-R) of each phase for the proposed CASF.

Automatic Metric for Preliminary Phase

We choose automatic metrics commonly used in NLG as
our automatic metrics set, including BERT-SCORE (2019),
MOVER-SCORE (2019), ROUGE-1 (2004), ROUGE-2,
ROUGE-L, BART-SCORE (2021), BLEU (2002) and ME-
TEOR (2005). We apply each metric to calculate sample
quality in the preliminary sampling phase of CASF in Ta-
ble 4. Results show sample quality calculated on MOVER-
SCORE get a more correct ranking. This shows the abil-
ity to calculate sample quality of contextual-embedding-
based metric MOVER-SCORE. Traditional metric ME-
TEOR ranks second. Full results are in Appendix.

Phases and Associated Sampling Ratios

We conduct experiments to explore the influence of the num-
ber of phases and the sampling ratio of each phase for CASF.
Results at the sampling rate of 50% on 16 datasets are shown
in Table 3. In average mode, all phases are sampled in equal
proportions. In the preliminary-fixed mode, we fix the pre-
liminary sampling ratio, and the batch sampling ratio is di-
vided equally according to the number of iteration phases
and the total sampling ratio. Results show that performance
is better when the number of iteration phases is 5 in most
cases. It is simple and effective to sample each phase ac-
cording to the total sampling rate and the number of phases.

Significant Information Retention Accuracy

Previous work (2022) focused on identifying top-ranked
systems, and we further explored giving more accurate over-

Metric SUM MT DGen SGen MMGen Avg
BERT-S 0.74 058  0.67 1.00 1.00 0.73
MOVER-S 0.84 058 0.89 1.00 1.00 0.83
ROUGE-1  0.73 057  0.67 0.30 1.00 0.70
ROUGE-2 0.73 055 0.56 1.00 0.80 0.70
ROUGE-L 0.72 052 0.89 1.00 1.00 0.75
BART-S 0.60 044 0.89 0.90 0.80 0.64
BLEU 0.72 037 0.56 1.00 0.80 0.67
METEOR  0.78 054 0.89 1.00 1.00 0.79

Table 4: Results of CASF pre-ranking on different automatic
metrics. “-S” indicates “-Score”. “Avg” represents the aver-
age result on all human metrics from all tasks.
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all inter-system rankings and tested the significant informa-
tion retention accuracy on sample subsets, that is, to test
whether the subset can preserve the significance of ranking
among systems. Results showed CASF outperforms Ran-
dom and Heuristic. Details are in the Appendix.

Related Work

Previous works (2014; 2015; 2014; 2016) adopt TrueSkill
(2006) to rank NLG methods with pairwise human evalua-
tion. Sakaguchi and Van Durme (2018) introduce a method
for system quality estimation from pairwise annotation by
human judgment. Hashimoto et al. (2019) propose an evalu-
ation mechanism to calculate a model’s sampling probabil-
ities. Chaganty, Mussman, and Liang (2018) utilize control
variates to obtain an unbiased estimator with lower cost than
only using human evaluation. Mendonga et al. (2021) adopt
online learning to find the best systems for machine transla-
tion. Wei et al. (2022) study the power on pairwise direct as-
sessment comparisons. A recent work (2022) introduces Ac-
tive Evaluation to identify the top-ranked system with less
pairwise human annotations. There is still a vacancy in the
research to derive a complete inter-system ranking based on
the results of direct human scoring for general NLG tasks.
Yates (1948) proposed Systematic Sampling. ILDAE (2022)
calculates the difficulty score of the sample and uses a sim-
ple sampling method for Natural Language Inference. How-
ever, ILDAE is not suitable for NLG since there is no direct
confidence value in NLG methods. To the best of our knowl-
edge, this paper is the first work to extensively study the
sampling method for direct scoring to get the whole inter-
system ranking in NLG human evaluation.

Conclusion

In this paper, we focused on giving a more correct inter-
system ranking for reliable human evaluation with limited
time and cost. We propose CASF and show the overall inter-
system Kendall correlation improved by 41% to 0.83 com-
pared to the widely used random sampling in 44 human eval-
uation metrics across 16 datasets in 5 NLG tasks. CASF
ranked first or ranked second among all comparison meth-
ods on up to 90.91% of the human metrics. We release a tool
and we strongly recommend using CASF for reliable human
evaluation to get a more reliable inter-system ranking.
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