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Abstract

We present methods for semantic annotation of multime-
dia data. The goal is to detect semantic attributes (also
referred to as concepts) in clips of video via analysis of a
single keyframe or set of frames. The proposed methods in-
tegrate high performance discriminative single concept de-
tectors in a random field model for collective multiple con-
cept detection. Furthermore, we describe a generic frame-
work for semantic media classification capable of captur-
ing arbitrary complex dependencies between the semantic
concepts. Finally, we present initial experimental results
comparing the proposed approach to existing methods.

1. Introduction

Substantial current multimedia analysis research focuses
on information retrieval for video content. As media col-
lections move onto the internet, web search companies are
extending their text-based search capabilities to video data.
These systems typically rely on the link structure and text
on the web pages containing the videos to index content.
Video search and retrieval has also been the focus of the
highly successful TRECVID workshops [10]. Although the
use of visual information is emphasized in the TRECVID
evaluations, extracting semantics from visual data in the ab-
sence of textual descriptors remains a major challenge.

Recent work to address this semantic gap has concen-
trated on ontology-based approaches to semantic feature ex-
traction [3, 13]. In this work, a “basis” set of binary classi-
fiers are built to determine if a video shot exhibits a specific
semantic feature. These classification outputs are combined
statistically to provide higher-level analysis or enhance in-
dexing and retrieval. Many of these approaches operate at
the shot-level following an initial segmentation. This is de-
sirable for computational efficiency, dynamic analysis of lo-
cal sets of frames, and for extraction of semantic features
that exhibit some temporal duration.

Simultaneously, manual tags are now proliferating on

various shared video and image sites such as Flickr and
YouTube. While this information is of tremendous poten-
tial value for video indexing, such as for refining and train-
ing automatic systems, it also presents challenges. Lengthy
videos can have tags that apply only to a small (unidentified)
portion of the video. Also, the classic problems of polysemy
and synonymy in text categorization (e.g. [1]) are inherited
in aggregating tag data for multimedia categorization.

To supply consistent and reliable annotations for index-
ing or metadata creation, a semi-automatic approach is re-
quired. Manual annotation is not feasible on the scale of
legacy assets, let alone for the ever increasing amounts of
newly produced content. Automatic techniques that scale
can accommodate the quantity of the data, but the quality
of automatic annotations is not sufficient. We can identify
several requirements for the analysis components of an ideal
media annotation system:

• The ability to integrate heterogenous modalities in a
common framework.

• A generic architecture suitable for a wide array of
types of annotations which vary considerably in their
sparseness in data sets.

• The ability to supply a confidence measure or ranking
associated with annotations to support manually revis-
ing results as needed. It should be possible to provide
such measures in time-varying forms at various tem-
poral resolutions.

• A fully automatic mode for annotating either archival
data, or data for which manually supplied tag infor-
mation, text transcripts, or web page link structure is
absent.

We review related work and propose a framework below to
work towards these aims. While we focus on annotating
video, the system is broadly applicable to digital media col-
lections of various modalities.



2. Independent concept detection

The problem addressed here is the automatic annotation
of temporally segmented video using a set of binary at-
tributes. We refer to these attributes as concepts, and the
general problem as concept detection. We describe a sys-
tem to jointly detect the presence/absence of a set of con-
cepts by exploiting concept interdependence. General sets
of such attributes include those used in [15, 9]. We now
describe the integration of discriminative single label clas-
sifiers in a framework for collective multimedia annotation
in several computational phases.

2.1. Feature extraction

In the first processing step, low-level feature data must
be extracted. In our case, the source video is segmented ac-
cording to shots, and keyframes are identified within each
shot. The keyframes are processed to extract low-level fea-
ture data. This data may include visual features such as
color histograms, texture or edge features, motion analysis
or face detection output. If time-aligned text data is present,
we can also include standard low-level text features such
as word counts or tf/idf features [12]. The specific set of
features used is not critical. In the multi-modal case, early
or late fusion approaches can be used to construct the single
concept classifiers [14]. We assume their availability for the
construction of the probabilistic model detailed below.

2.2. Classification

In the second step, we train a discriminative classifier for
each concept using a labeled training set of low-level fea-
tures. For several years, support vector machines (SVMs)
have been the preferred classifier at TRECVID, and we use
them here. The output of each SVM is transformed to a
probability using a logistic mapping to provide a system for
independent concept detection. In the experiments below,
we use the publicly available low-level features (described
in [16]) and SVM outputs provided by the MediaMill team
[15]. These SVM outputs arehighlyoptimized using a com-
putationally intensive grid search for classification param-
eters on a per concept basis. These outputs represent an
extremely competitive baseline annotation system.

The graphical model corresponding to this approach ap-
pears in Figure 1(a). Probabilistically, if theith concept in
the concept setC is denoted by the binary random variable
Yi, then

P (Y|X) =
∏
i∈C

P (Yi|X) . (1)

for low level feature dataX.

3. Collective concept detection

We now build collective annotation models using the sin-
gle concept discriminative models described in the previ-
ous section. Our first approach builds on the discrimina-
tive random field (DRF) model of Kumar and Hebert [6].
This model combines discriminative single concept classi-
fiers with pairwise concept co-occurrence features repre-
senting contextual information. Their goal is to perform
collective binary classification of pixel blocks in images as
either “natural” or “man-made.” For per-block classifica-
tion, they use logistic regression. The random field model
incorporates spatial dependencies. More specifically, they
model the probability of the (collective) vector of binary la-
belsY given the low-level image block dataX as

P (Y|X) =
1

Z(X)
exp

(∑
i∈S

Ai(Yi,X)+

∑
i∈S

∑
j∈Ni

Iij(Yi, Yj ,X)

 . (2)

The termsAi are the association potentials (or unary or
node potentials) which are local discriminative classifiers
for each spatial locationi in the setS. Iij is the term rep-
resenting the interaction between the spatial locationsi, j.
Ni is the set of neighbors of nodei in the graph. [7] de-
tails learning and inference methods for the broad class of
conditional random fields, including DRFs.

We adapt this approach to collective semantic concept
detection in a video clip. Specifically, we use the SVM clas-
sifiers of Section 2 for the association terms in (2). For this,
we map each SVM output to the corresponding probability
PD(Yi = 1|X) following [11]. The subscriptD denotes
the single concept (discriminative) classifiers output proba-
bilities1. We then set the association term for conceptYi to
be:

Ai(Yi,X) = log(PD(Yi = 1|X)) (3)

so that in the absence of interaction terms (Iij = 0), (2)
reverts to the independent per-concept SVM models.

Next we must identify which concepts are related, i.e.
which concepts are connected by an edge in our graph. For
this, [17] performs a chi-squared test using the ground truth
labeling of the training set. They connect each concept
to the other concepts to which it has the most statistically
significant relationships. The resulting graph defines the
neighborhoodsNi for each conceptYi. This is surely not
optimal. However, learning optimal unstructured graphs
in the general case is NP-hard. Nonetheless, we feel that
evaluating other heuristics and approximation schemes for

1PD(Yi|X) does not equal the marginal probabilityP (Yi|X) com-
puted fromP (Y|X) from (2).



(a) (b)

Figure 1. An example of graphical models used for detecting four concepts. Panel (a) shows the
model for independent classification, while panel (b) depicts collective classification.

graph induction is both critical to the success of these meth-
ods and a promising area for future work.

The interaction potentials in [6] were inspired by long-
standing work in image analysis using Markov random
fields. Here, we define interaction potentials building on
recent work in text categorization [2]. First, we rewrite (2)
to clarify our notation:

P (Y|X) =
1

Z(X)
exp

(∑
i∈C

log(PD(Yi|X))

+
∑
i∈C

∑
j∈Ni

∑
k∈K

λ
(k)
ij f

(k)
ij (Yi, Yj ,X)

)
. (4)

We use the notationPD to distinguish the probability
mapped from the single concept SVM output from the cor-
responding marginal probability of the joint model. Com-
paring this equation to (2), we see that our interaction term
is the linear form:

I(Yi, Yj ,X) =
∑
k∈K

λ
(k)
ij f

(k)
ij (Yi, Yj ,X)

= Λij
T Fij(Yi, Yj ,X) . (5)

We finally note that we can rewrite (4) compactly as:

P (Y|X) =
1

Z(X)
exp

(
PD(X)+

∑
i∈C

∑
j∈Ni

Λij
T Fij(Yi, Yj ,X)

)
. (6)

Here theith element ofPD(X) is log(P (Yi|X)). Like-
wise, thekth elements ofΛij andFij(Yi, Yj ,X) areλ

(k)
ij

andf
(k)
ij (Yi, Yj ,X), respectively. This form shows that the

random field model is simply a log-linear classifier. For
maximum likelihood model training, the gradients of the
log-likelihood thus take a standard form (e.g. [6]).

3.1. The CML+I model

We now detail the interaction potential functions for two
models. The first model, denoted collective multi-label in-
teraction (CML+I), captures inter-concept co-occurrence.
These features are defined for each pair of conceptsYi, Yj

that are connected in our graph (i.e. not for all pairs). Thus,
we have the indexed family of interaction potential func-
tions:

f
(0)
ij (Yi, Yj ,X) =

{
1 Yi = Yj = 0
0 otherwise

f
(1)
ij (Yi, Yj ,X) =

{
1 Yi = 1, Yj = 0
0 otherwise

f
(2)
ij (Yi, Yj ,X) =

{
1 Yi = 0, Yj = 1
0 otherwise

f
(3)
ij (Yi, Yj ,X) =

{
1 Yi = Yj = 1
0 otherwise

(7)

By modeling the four possible combinations separately, we
hope to capture all types of pairwise co-occurrence within
the model. For example, the concept “urban” can be ex-
pected to occur when “outdoor” is one (true), however,
“outdoor” may occur when “urban” is zero (false). The
above features allow the model to distinguish the three cases
in which either “urban” or “outdoor” or both are false. For
this model the index set for the interaction potentials is
simplyK = {0, 1, 2, 3}. This interaction model was pro-
posed in [2] for text categorization without discriminatively
trained association potentials.

3.2. The CMLF+I model

We define a second model to capture concept-feature
co-occurrence, combining ideas from [2] and [4] to define



the collective multi-label-feature interaction (CMLF+I). We
first quantize the low level visual featuresX across the
training set using k-means (or any other vector quantiza-
tion technique). Denote this discrete representation for the
low-level features asQ(X) ∈ {0, · · · , Q}. For this model,
we define interaction potentials:

f
(q,0)
ij (Yi, Yj ,X) =

{
1 Yi = Yj = 0,Q(X) = q

0 otherwise

f
(q,1)
ij (Yi, Yj ,X) =

{
1 Yi = 1, Yj = 0,Q(X) = q

0 otherwise

f
(q,2)
ij (Yi, Yj ,X) =

{
1 Yi = 0, Yj = 1,Q(X) = q

0 otherwise

f
(q,3)
ij (Yi, Yj ,X) =

{
1 Yi = Yj = 1,Q(X) = q

0 otherwise
(8)

The index set for the interaction potentials isK = {(q, i) :
0 ≤ i ≤ 3, 0 ≤ q ≤ Q}. Like CML+I, this model dis-
tinguishes among the four possible combinations of each
pair of labels. It extends CML+I to distinguish among each
label combination in conjunction with a low-level feature
observation. For example, if we observe the quantized low-
level feature valueq, which represents most observations
with large green regions in the frame (i.e. vegetation), we
may expect the model weights for features with the “out-
door” concept one (true) and the “urban” concept to be zero
(false). In this manner, content can be used to more finely
model the inter-concept relationships.

4. Experiments

Here we summarize initial experiments comparing var-
ious proposed systems using conditional random fields us-
ing the TRECVID 2005 development data for the high-level
concept detection task. The training and test sets each in-
clude more than 6000 video shots from various broadcast
news sources collected in 2004. We also use the graphs in
[17] for direct comparison:

5 concept graph : car, face, person, text, walking/running

11 concept graph : building, car, face, maps, outdoor, per-
son, sports, studio, text, urban, walking/running

The experimental results are summarized in Figure 2 for the
5 concept graph (panel (a)) and the 11 concept graph (panel
(b)). The performance measure is mean average precision
(MAP) which averages precision at each level of recall for
each concept, and then computes the mean (of the average
precisions) over the set of concepts [10].

4.1. Model training and inference

We train the systems to maximize the likelihood of the
training set to fit parameters. The log-likelihood is

L(D) =
∑
d∈D

(∑
i∈C

log(PD(Y (d)
i |X(d)))+

∑
i∈C

∑
j∈Ni

∑
k∈K

λ
(k)
ij f

(k)
ij (Y(d),X(d))− log(Z(X(d)))

)
.

(9)

This gives the gradient equations:

dL
dλ

(k)
ij

=
∑
d∈D

(
f

(k)
ij (Y (d)

i , Y
(d)
j ,X(d))−

∑
Yi,Yj

f
(k)
ij (Yi, Yj ,X(d))P (Yi, Yj |X(d))

)
. (10)

Here we useY(d) to denote the ground truth for train-
ing sampleX(d). Also, Y

(d)
i , Y

(d)
j denote the true values

for conceptsi, j ∈ C for sampleX(d) while Yi, Yj de-
note binary variables of integration. As demonstrated in
[8] limited memory conjugate gradient methods greatly ac-
celerate training maximum entropy and log-linear classi-
fiers. We employ the Broyden-Fletcher-Goldfarb-Shanno
(BFGS) minimization routine for maximum likelihood
model training.

We presently use exhaustive inference, which entails
evaluatingP (Y|X) for eachobservedY(d), d ∈ D in train-
ing, and marginalizing to computeP (Yi|X) ∀i ∈ C. This
is generally prohibitive due to the exponential growth in
concept combinations with the number of concepts. In the
present context, the number of observed combinations is
much smaller. For example, we observe fewer than 200
combinations in the experiments using the 11 concept graph
(as opposed to the 2048 possible combinations).

4.2. Additional system descriptions

We have two experimental baselines. The first, denoted
CMU, shows the results from [17] which proposed the fol-
lowing conditional random field model:

P (Y|X) =
1

Z(X)
exp

(∑
i∈C

(αi + Vi
T X)Yi+

∑
i∈C

∑
j∈Ni

λijYiYj

 . (11)

The key differences between our approach and theirs are



(a) (b)

Figure 2. Experimental results comparing various system variants. Panel (a) shows results for the 5
concept graph, while panel (b) shows results for the 11 concept graph.

1. We use a probabilistic mapping of an SVM output in
place of their linear association term.

2. Their interaction term does not distinguish between the
three cases in whichYi · Yj = 0.

3. Their interaction term does not account for feature-
concept interaction as in the CMLF+I systems.

It should be noted we did not use the same training/test data
split as [17]. The second, denoted SVM, shows the results
of using the discriminative SVM outputs for independent
concept detection as provided by [15].

To isolate the contributions of the discriminative per-
label classifiers, we use the following interaction potential
as used in the CMU system, to build the collective multi-
label (CML) system with (4):

fij(Yi, Yj ,X) =

{
1 Yi = Yj = 1
0 otherwise

(12)

For this case there is a single feature for each edge
(Yi, Yj), and the summation overk degenerates to a sin-
gle term (so we drop the indexk above). This system dif-
fers from the CMU system only in its use of the SVMs
for the discriminative classifier terms. The CML sys-
tem (0.6089) does better than SVM system (0.5977) and
the CMU system (0.5882) for the 5 concept graph. It
also outperforms both systems on the 11 concept graph
(CMU=0.5211,SVM=0.4975,CML=0.5262).

Next, we add the more complete interaction model of (7)
to (4) to form the system denoted CML+I. This system ac-
counts for different types of inter-concept relationships and

performs at the highest level of all systems in both cases,
with MAP of 0.6228 and 0.5307 for the 5 concept and 11
concept graphs, respectively.

[2] includes another closely related model that we in-
clude in our experimental comparison. Their system is de-
noted CMLF, and is similar to CMLF+I. It uses feature-
concept interaction potentials of the form:

f
(q)
ij (Yi, Yj ,X) =

{
1 Yi = Yj = 1,Q(X) = q

0 otherwise
(13)

As included in our experiments, we use the SVMs to pro-
vide the per-concept association potentials. [2] used log-
linear association potentials. The main differences between
CMLF and CMLF+I are:

1. We quantize the low-level features extracted from the
video shot or keyframe, so that the resulting interaction
potentials are indexed by the concept pair(i, j) and the
quantized valueQ(X). Their context is text catego-
rization, so the potentials are indexed by the concept
pair (i, j) and the term (word)w corresponding to the
element in the term vectorX(w). So there is no quan-
tization step, although it’s straightforward to use term
clustering to effect quantization in the text domain.

2. We consider features corresponding to all four possible
combinations forYi andYj .

The CMLF outperforms the SVM baseline for both
graphs, but the CMU baseline does better for the 11 con-
cept graph. The CMLF system has MAP of 0.6009 and
0.5156 for the 5 and 11 concept graphs, respectively. The



Table 1. The table shows per-concept average precision results using the CML and CML+I models
on the 5 concept graph.

Per concept results 5-concept graph
SVM CML CML+I

CAR 0.252123 0.229518 0.260092
WALKING/RUNNING 0.352651 0.34861 0.355762

PEOPLE 0.830886 0.927372 0.935306
TEXT 0.669119 0.650824 0.670135
FACE 0.894924 0.888202 0.89243

MAP 0.599941 0.608905 0.622765

CMLF+I system uses the more complete interaction poten-
tial functions of (8). This system outperforms CMLF, but in
both cases is worse than CML+I. The CMLF+I system has
MAP of 0.6122 and 0.5184 for the 5 and 11 concept graphs,
respectively. We believe that this is due to the coarse quanti-
zation and relatively uninformative low-level features used
(k-means to 126 classes), and expect that more sophisticated
quantization will yield further improvements.

Table 1 shows the average precision results for each con-
cept in the 5 concept graph. “People” shows the biggest
increase in both the CML and CML+I cases, we speculate,
due to joint inference with the “face” concept, and possibly
“walking/running” as well. The reverse effect is not evi-
dent, as “people” can be observed without viewing a “face”
(or “walking/running”). This fact could cause the slightly
worse performance for “face” and “walking/running” in the
CML case, relative to the independent SVMs. However for
each concept, CML+I performs essentially as well or better
than the SVMs. We feel these limited results demonstrate
the potential performance gains associated with collective
annotation using full pairwise concept interaction models
and a properly constructed graph.

5. Related work

There is substantial amount of related work, the most
closely related in both technique and application domain
is [17]. As noted above, our random field model has sev-
eral components differing from that system that we feel
enhance the model. However, these components are in-
spired by several other related systems. The basic CML and
CMLF models were proposed for multi-category text doc-
ument classification in [2]. The main difference here is the
use of independently trained discriminative classifiers for
the association terms. Also, they did not use quantization
to build the features analogous to (13). The use of quan-
tization to extend maximum entropy text categorization to
image categorization was proposed by [4]. However, this

work concerned independent per-category rather than col-
lective categorization. Again, we mention the original work
on the DRF model in [6, 5], which integrated discrimina-
tive local classifiers for collective classification. However,
this work was targeted at classification of multiple regions
within a single still image, and used spatially-based interac-
tion terms to define the graphical model. It also did not in-
clude concept-feature interaction. Finally, the original work
on conditional random fields in [7] lays much of the theo-
retical groundwork for the various extensions in [6, 17, 2]
and the work herein.

6. Conclusion

In this paper, we have presented early work on further
extending conditional random field models for generic me-
dia annotation and semantic concept detection. The goal
of these models is to incorporate contextual information by
modeling complex pairwise concept interaction, and pair-
wise concept and feature interactions. Our initial experi-
ments have shown moderately positive results, but the re-
sults using the CMLF+I model suggest that we need to fur-
ther explore the use of quantization to determine its impact
on performance.

Significant future research remains to be performed. The
biggest single unresolved issue is graph induction. Per-
formance will depend critically on a graph that includes
important inter-concept dependencies. At the same time,
the number of edges in the graph directly impacts compu-
tational complexity, indicating an important tradeoff. In-
cluding extraneous edges can also be expected to degrade
performance. Additionally, scalability of the approach will
need to be a major focus. In particular, our current reliance
on exact inference can’t scale to hundreds or thousands of
concepts, even if their co-occurrence is highly sparse. There
is a burgeoning literature on approximate inference tech-
niques for graphical models. [2] suggests two approaches:
binary pruned inference and supported inference, which are



based on label co-occurrence in the training set. Belief
propagation is also becoming a fairly standard approximate
inference technique [18]. [5] also includes extensive ex-
periments with approximate inference techniques for DRFs
which are also applicable to the models described here.
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