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Abstract

2. Examples from Three Domains
2.1. Salient Region Detection for Images

In this position paper, I argue that for a particular class of problems, the widely adopted
evaluation criterion, accuracy, is an incorrect
measure. I describe the general characteristics of this class of problems and why accuracy is not a suitable evaluation method,
using examples from computer vision, machine translation and music information processing.

1. Introduction
The typical way to evaluate the quality of a learning algorithm is to compare its output against some
previously collected ground truth via a loss function.
More formally, suppose there exists a true function
f (x) that a set of algorithms A = {A1 , A2 , . . . , Ak }
all try to learn. Let X = {x1 , x2 , . . . , xN } be a
set of test examples. An algorithm Ai which outputs a hypothesis fˆi (x) is considered superior to algorithm Aj if l0/1 (fˆi (x), f (x)) < l0/1 (fˆj (x), f (x)), where
PN
l0/1 (fˆ(x), f (x)) = n=1 1(fˆ(xn ) 6= f (xn )). The 0/1
loss function l0/1 , also known as accuracy, has become
one of the most popular de-facto methods in evaluating the quality of learning algorithms.
As machine learning techniques are applied to increasingly more complex domains, there emerges a class of
problems for which measuring accuracy is not a correct
evaluation approach. Using examples from computer
vision, natural language processing and music information processing, I will illustrate the general characteristics of this class of problems and explain why
accuracy is not a suitable method of evaluation.
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Visual attention has been confirmed by numerous psychological and neuroscientific studies to be an integral part of human vision. The idea is that there exists a pre-recognition phase where humans usually attend to certain regions of interest (ROI) that are the
most salient. Exploiting this fact, many algorithms
have since been developed for automatically detecting salient regions in images, which are then applied
to domains such as object recognition, adaptive image
compression (Ouerhani et al., 2001), automatic cropping and information retrieval.
In a recent study (Liu et al., 2007), the authors compare their approach of salient object detection against
two other algorithms (Itti & Baldi, 1998; Ma & Zhang,
2003). The ground truth set consists of a set of images and their associated set of rectangular regions,
indicating the presence of salient objects. To evaluate
the relative merits of the algorithms, three familiar
measures are used: precision (proportion of pixels in
the learned salient regions that are found in ground
truth salient regions), recall (the proportion of pixels
in the ground truth salient regions that are found in
the learned salient regions) and F-measure (harmonic
mean of precision and recall).
The idea of using overlap, or rectangular intersection,
as a measure of distance between the learned and
ground truth salient regions is used extensively. Some
variations of this measure include ratio of spatially unmatched points (Lin & Yang, 2007), percentage score
of under and over extraction (Ko et al., 2004) and proportion of point-wise matches (Kadir et al., 2004).
The main issue with this evaluation approach is correctness. There is little guarantee, without human inspection, that a region that has a larger overlap with
the ground truth salient region is actually perceptually more meaningful than a region that has a smaller
overlap with the ground truth salient region.
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2002), NIST (Doddington, 2002), WER (word error
rate) and METEOR (Lavie et al., 2004), have been developed, with BLEU being the most prevalent. Many
of these metrics are based on some form of matching
between the words in the translated sentence and the
source sentence, with other parameters allowing for
variation in word choice, phrase order and length of
the sentences.

Figure 1. The black rectangle is the ground truth salient
region, the green and red rectangles are two salient regions
to be evaluated.

Consider the example in Figure 1. Although the green
rectangle has greater overlap with the black ground
truth salient region, it is arguable whether it is more
salient than the red rectangle, which contains the tip
of the cat’s ear. Interpreting small differences in the
accuracy of multiple algorithms is especially problematic. It is possible for the detected regions output by
different algorithms to have varying degree of overlap
with the ground truth region, all of which are equally
salient when evaluated by human judges.
2.2. Machine Translation
Given a sentence in a source language, the task of a
machine translation algorithm is to generate a sentence with equivalent meaning in the target language.
Consider the following example (Figure 2):
1. At least 12 people were killed in the battle last week.
2. At least 12 people lost their lives in last week’s fighting.
3. Last week’s fight took at least 12 lives.
4. The fighting last week killed at least 12.
5. The battle of last week killed at least 12 persons.
6. At least 12 persons died in the fighting last week.
7. At least 12 died in the battle last week.
8. At least 12 people were killed in the fighting last week.
9. During last week’s fighting, at least 12 people died.
10. Last week at least twelve people died in the fighting.

Figure 2. Human translations of the same Chinese sentence
from the Multiple Translation Corpus (MTC).

It is apparent in the above example that evaluation
of machine translation algorithms is difficult because
for any given source sentence, there are many possible
good candidate translations of that sentence. In addition, the relative merit of the candidate translations is
not easy to judge manually, let alone automatically.
In order to foster a tighter loop between research and
evaluation, several metrics, including the F-measure
(J. Turian & Melamed, 2003), BLEU (Papineni et al.,

Although the BLEU score is shown to be correlated
with human judgments, this correlation is not guaranteed (Callison-Burch et al., 2006). The most alarming evidence is the fact that it is possible for millions
of variations of a candidate translation to receive the
same BLEU score, even though not all these variations are “equally grammatical or semantically plausible.” In addition, BLEU is found to underestimate the
quality of some translation systems that do not use
N-gram techniques (Lee & Przybocki, 2005; CallisonBurch et al., 2006).
2.3. Automatic Annotation of Music
With the popularity of the web as a medium for finding and discovering music, accurate and semantically
relevant descriptions of music have become increasingly important for use in search and recommendation.
In the music information retrieval (MIR) community,
there have been some recent efforts in automatically
generating tags for music (Turnbull et al., 2007; Eck
et al., 2007; Bergstra et al., 2006). For any given piece
of music, there can be many possible descriptions, including artist, genre, instrumentation, mood and purpose. As such, the automatic generation of tags for
music can be thought of as a multi-class supervised
learning problem where the goal of the algorithm is to
map each song to a set of tag classes.
Last.fm

classic rock, rock, 70s, singer-songwriter, british,
pop, oldies, john lennon, piano, the beatles, relaxing, sad, protest, political, melancholic, beautiful, classic, peace, ballad, acoustic, alternative,
anti-war, awesome, best songs ever, blues, britpop, calm, chill

Figure 3. Tags for Imagine by John Lennon.

The typical approach for evaluating tags is to measure the proportion of correctly (as predefined by some
ground truth set) classified songs, using precision and
recall (Turnbull et al., 2007) or comparisons of ranked
lists (Eck et al., 2007).
The following is an example of why this approach can
be, in many cases, incorrect. Suppose that we were
to compare two algorithms A1 and A2 in their ability
to produce a set of five tags that accurately describes
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John Lennon’s Imagine and suppose that the tags from
Last.fm in Figure 3 is the ground truth set.
A1
the beatles
piano
calm
country
60s

A2
the beatles
piano
aggressive
heavy metal
70s

Figure 4. Comparison of two hypothetical automatic tag
generation algorithms. Tags in bold fonts are mistakes
made by the algorithms.

Under the accuracy criterion, algorithms A1 and A2
(Figure 4) would be deemed equal because they made
the same number of mistakes. However, to a user of
a music retrieval system, seeing John Lennon’s Imagine returned as a search result of the aggressive heavy
metal query would be much more perplexing than as
a search result of the country songs in the 60s query.

2.5. An Alternative Approach
For this class of problems, an alternative evaluation
approach is to measure directly the extent to which an
algorithm captures the sought-after quantity. In the
salient region detection problem, this quantity can be
defined as the set of regions of a given image that allow
humans to recognize the object in that image.
Figure 5 illustrates the difference between the two approaches. In the standard approach, an algorithm is
evaluated based on the extent to which the output of
its hypothesis fˆ(xi ) matches that of the true function
f (xi ), where xi is a particular image. In the alternative approach, the hypothesis fˆ(xi ) is evaluated by
the extent it allows humans to recognize the object
oi associated with the image, i.e. that it satisfies the
equation h(fˆ(xi )) = oi where h is a human perception
function that maps a set of salient regions to an object.
Ground Truth
Salient Regions

2.4. Common Properties, Common Problems
The three examples – salient region detection, machine translation, and automatic music tag generation
- share some common characteristics. First, the function being learned is a one-to-many function: one image to many salient regions, one sentence to many
translated sentences, one song to many tags. The
problem in using accuracy to compare learned and
ground truth data is that we are comparing sets of
things without explicitly stating which subset is more
desirable than another. In order for accuracy to be
a correct measure of the quality of algorithms, the
ground truth set must contain a ranked list of a ll possible subsets of outputs as a reference point for learning
algorithms, which is clearly infeasible to collect. Accuracy is not a correct measure of quality unless we have
a ground truth set that is of exponential size, which
makes evaluation a highly inefficient process.
Second, the function is learned to approximate another
quantity that is being sought after. In the salient region detection problem, what we are really after are
regions of images that allow an individual to recognize
an object. In the machine translation problem, what
we are really after is translated text that conveys comprehensible ideas in the source text. In the automatic
music tagging problem, what we are really after is a
set of tags that can sufficiently identify a piece of music, so that it can be readily cataloged and retrieved by
users. I would argue that in order to achieve these objectives, it is neither necessary nor sufficient to match
the outputs of algorithms with the ground truth exactly.

Algorithm
Learned
Salient Regions

Image xi

Evaluation
(Standard)

?
fˆ(xi ) = f (xi )

Evaluation
(Alternative)

Object

fˆ(xi )

?
h(fˆ(xi )) = oi

Figure 5. Evaluation by standard vs alternative approach

Evaluating algorithms using this alternative approach
is more correct for two reasons. First, it is much easier for humans to recognize the object in an image (i.e.
to execute the human perception function h) than for
them to pinpoint exactly the salient regions of that
image (i.e. to know the true function f (x) explicitly),
which is what is asked of them to produce the ground
truth set. Second, learned salient regions that allow
humans to recognize the object in an image are by
definition salient. This alternative approach, therefore, can potentially reduce the amount of false positive (learned salient regions with large overlap with
the ground truth salient regions that are in fact not
salient) or false negative (learned salient regions with
small overlap with the ground truth salient regions
that are in fact salient) evaluations.
Furthermore, the alternative approach can be implemented in an efficient way. Peekaboom, a two-player
online game, is one such implementation (Figure 6).
In this game, the boomer is given an image and a label
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and asked to click on regions of the image that will
make his partner, the peeker, guess the label. The regions that the boomer clicked on, which enabled the
peeker to guess the object in the image, are by definition salient.

dicative of how good a set of tags are for identifying a
song.
Finally, it has been suggested by (Kulesza & Shieber,
2004; Reeder, 2004) to use a Turing Test to judge the
quality of a translation, at least in terms of fluency.
Their idea can easily be implemented as a game that
can collect evaluations at an unparalleled rate.
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