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Abstract. Humans can easily describe what they see in a coherent way
and at varying level of detail. However, existing approaches for automatic
video description focus on generating only single sentences and are not
able to vary the descriptions’ level of detail. In this paper, we address
both of these limitations: for a variable level of detail we produce co-
herent multi-sentence descriptions of complex videos. To understand the
difference between detailed and short descriptions, we collect and analyze
a video description corpus of three levels of detail. We follow a two-step
approach where we first learn to predict a semantic representation (SR)
from video and then generate natural language descriptions from it. For
our multi-sentence descriptions we model across-sentence consistency at
the level of the SR by enforcing a consistent topic. Human judges rate our
descriptions as more readable, correct, and relevant than related work.

1 Introduction

Describing videos or images with natural language sentences is an intriguing but
difficult task. Recently it has received increased interest both in the computer
vision [1, 3, 4, 10, 14] and computational linguistic communities [9, 11, 22]. The
focus of most works on describing videos is to generate single sentences for short
video snippets at a fixed level of detail. In contrast, we want to generate coherent
multi-sentence descriptions for long videos with multiple activities and allow for
producing descriptions at the required levels of detail (see Fig. 1).

Multi-sentence description, our first task, has been explored for videos [1, 6,
19], but open challenges remain, e.g. finding a segmentation of appropriate gran-
ularity and generating a conceptually and linguistically coherent description. To
allow reasoning across sentences we use an intermediate semantic representation
(SR) which is inferred from the video. For generating multi-sentence descrip-
tions we ensure that sentences describing the same video are about the same
topic (dish in our cooking scenario) and we improve intra-sentence consistency
by allowing our language model to choose from a probabilistic SR rather than a
single MAP estimate.

The second task is generating descriptions with a varying level of detail.
While this is a researched problem in natural language generation, e.g. in context
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Detailed: A man took a cutting board and knife from the drawer. He took out an orange from the
refrigerator. Then, he took a knife from the drawer. He juiced one half of the orange. Next, he
opened the refrigerator. He cut the orange with the knife. The man threw away the skin. He
got a glass from the cabinet. Then, he poured the juice into the glass. Finally, he placed the
orange in the sink.

Short: A man juiced the orange. Next, he cut the orange in half. Finally, he poured the juice into
a glass.

One sentence: A man juiced the orange.

Fig. 1: Output of our system for a video, producing coherent multi-sentence
descriptions at three levels of detail, using our automatic segmentation.

of user models [23], we are not aware of any work in computer vision that studies
how to select the desired amount of information to be recognized. To understand
which information is required for producing a description at a needed level of
detail we collected descriptions at three levels of detail for the same video and
analyzed which aspects of the video are verbalized in each case.

The first contribution of this paper is to generate coherent multi-sentence
descriptions. For this task we (a) propose a model which enforces conceptual
consistency across sentences (Sec. 2.2), (b) suggest a simple but effective (and to
our knowledge novel) segmentation approach, (c) significantly improve the visual
recognition based on the semantic unaries and hand-centric features to provide
a consistent description (Sec. 3), (d) couple visual recognition and language
generation using a word lattice to improve consistency within each sentence,
and (e) improve linguistic cohesiveness/readability (Sec. 4).

Our second contribution is to propose a novel task of describing videos at
multiple levels of detail. To approach this task we (a) collected and aligned a
corpus of descriptions of three levels of detail, which we provide on our web-
page, (b) perform a thorough analysis of the collected data (Sec. 2.1), and (c)
propose an approach to handle this new task: namely by selecting the relevant
video segments according to the topic and using a language model learned for
the right level of detail (Sec. 2.3).

Related Work. To generate descriptions for videos and images rules or tem-
plates are a powerful tool but need to be manually defined [4, 5, 8–10, 19]. An
alternative is to retrieve sentences from a training corpus [1, 3] or to compose
novel descriptions based on a language model [10–12, 14, 18]. We follow [14] which
uses an intermediate SR modeled with a CRF. It uses statistical machine trans-
lation (SMT) [7] to translate the SR to a sentence. While [14] generates single
sentences, the focus of this work is to produce multi-sentence descriptions for
an entire video at multiple levels of detail. In contrast to [14] which relies on
pre-segmented video snippets, we segment the video automatically.



Coherent Multi-Sentence Video Description with Variable Level of Detail 3

Multi-sentence generation has been addressed for images by combining de-
scriptions for different detected objects. [10] connects different object detection
with prepositions using a CRF and generates a sentence for each pair. [11] mod-
els discourse constraints, content planning, and linguistic cohesion using ILP.
In contrast we model a global semantic topic to allow descriptions with many
sentences while [11] generates in most cases only 1-3 sentences. [6] produces mul-
tiple sentences and uses paraphrasing and merging to get the minimum needed
number of sentences. In contrast we model consistency across sentences. Using
a simple template, [19] generates a sentence every 10 seconds based on concept
detection. They recognize a high level event and remove inconsistent concepts.
This is similar to our idea of a topic but they work in a much simpler setting of
just 3 high level events with manually defined relations to all existing concepts.
[1] segments the video based on the similarity of concept detections in neighbor-
ing frames and defines verbs manually for all concept pairs, we focus on activity
recognition and describing activities with verbs predicted by SMT.

We are not aware of any work in computer vision approaching descriptions
at different levels of detail. Closest is [4], which predicts more abstract words
if the uncertainty is too high for a more specific prediction. Our approach is
complementary, as our goal is to produce descriptions at different levels of detail
rather than to decrease uncertainty.

2 Generating consistent multi-sentence video descriptions
at multiple levels of detail

Based on an analysis how humans describe videos we present our approach to
generate consistent multi-sentence descriptions at multiple levels on detail.

2.1 Analysis of human video descriptions at multiple levels of detail

We have selected a subset (185 videos) from the MPII Cooking 2 dataset (up-
date of [15], see our web-page) and collected text descriptions to the videos via
Amazon Mechanical Turk (AMT). For each video we asked to describe it in three
ways: (1) a detailed description with at most 15 sentences, (2) a short descrip-
tion (3-5 sentences), and (3) a single sentence. We have collected a corpus called
TACoS Multi-Level with about 20 triples of descriptions for each video.

We draw three conclusions from analyzing the collected descriptions.1 (1) In
detailed descriptions all activities and objects are mentioned, therefore the visual
recognition system should identify all of them. (2) Short descriptions could be
obtained from detailed descriptions using extractive summarization techniques.
However, the various levels show different relative frequency of verbalized con-
cepts, hence it might be beneficial to learn a language model targeted to a desired
level. (3) Single sentence descriptions qualitatively differ from all other types,
which suggests that abstractive summarization is required for this level. It is,
thus, necessary to recognize the topic (dish that is prepared, in our scenario).

1 Details can be found in [17].
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2.2 Multi-sentence video descriptions

Assume that a video v can be decomposed into a set of I video snippets rep-
resented by video descriptors {x1, ..., xi, ..., xI}, where each snippet can be de-
scribed by a single sentence zi. To reason across sentences we employ an in-
termediate semantic representation (SR) yi. We base our approach for a video
snippet on the translation approach proposed in [14]. We choose this approach
as it allows to learn both the prediction of a semantic representation x → y from
visual training data (xi, yi) and the language generation y → z from an aligned
sentence corpus (yi, zi). While this paper builds on the semantic representation
from [14], our idea of consistency is applicable to other semantic representations.
The SR y is a tuple of activity and participating objects/locations, e.g. in our
case 〈activity, tool, object, source, target〉. The relationship is modeled
in a CRF where these entities are modeled as nodes n ∈ {1, ..., N} (N = 5 in our
case) observing the video snippets xi as unaries. We define sn as a state of node
n, where sn ∈ S. We use a fully connected graph and linear pairwise (p) and
unary (u) terms. In addition, to enable a consistent prediction within a video,
we introduce a high level topic node t in the graph, which is also connected to
all nodes. In contrast to the other nodes it observes the entire video v rather
than a single video snippet. For the topic node t we define a state st ∈ T . We
then use the following energy formulation for the structured model:

E(s1, ..., sN , st|xi, v) =

N∑
n=1

Eu(sn|xi) + Eu(st|v) +

l,m∈{1,...,N,t}∑
l∼m

Ep(sl, sm) (1)

with Ep(sl, sm) = wp
l,m, where wp

l,m are the learned pairwise weights between
the CRF node-states sl and sm. We discuss the unary features in Sec. 3.

While adding the topic node makes each video snippet aware of the full video,
it does not enforce consistency across snippets. Thus, at test time, we compute
the conditional probability p(s1, ..., sN |ŝt), setting st to the highest scoring state
ŝt over all segments i:

(ŝt, î) = arg max
st∈T,i∈I

p(st|xi, v). (2)

We learn the model by independently training all video descriptors xi and SR
labels yi = 〈s1, . . . , sN , st〉 using loopy belief propagation implemented in [16].
The possible states of the CRF nodes are based on the provided video segment
labels and topic (dish) labels of the videos from [15].

Segmentation. For the described approach, we have to split the video v into
video-snippets xi. Two aspects are important for this temporal segmentation: it
has to find the appropriate granularity so it can be described by a single sen-
tence and it should not contain any unimportant (background) segments which
would typically not be described by humans. For the first aspect, we employ ag-
glomerative clustering on a score-vector of semantic attribute classifiers (see Sec.
3). The termination threshold is selected to capture the annotation granularity
(number of intervals). The second aspect is achieved by training a background
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classifier on all unlabeled video segments as negative examples versus all labeled
snippets as positive. We evaluate the quality of our segmentation with respect
to the final task, namely generating natural language descriptions, in Sec. 5.

2.3 Multi-level video descriptions

Based on the observations discussed in Sec. 2.1, we propose to generate shorter
descriptions by extracting a subset of segments from our segmentation. We select
relevant segments by scoring how discriminative their predicted SR is for the
predicted topic by summing the tf*idf scores of the node-states, computed on
the training set. For the SR 〈s1, . . . , sN , st〉, its score r equals to:

r(s1, ..., sN , st) =
∑N

n=1 tf*idf (sn, st) (3)

where tf*idf is defined as the normalized frequency of the state sn (i.e. activity
or object) in topic st times the inverse frequency of its appearance in all topics:

tf*idf (sn, st) = f(sn,st)
maxs′n∈S f(s′n,st)

log

(
|T |∑

s′t∈T f(sn,s′t)>0

)
(4)

This way we select the K highest scoring segments and use them to produce a
short description of the video. One way to produce a description would be to
simply extract sentences that correspond to selected segments from the detailed
description. However, given that some concepts are not verbalized in shorter
descriptions, we additionally explore the approach of learning a translation model
targeted to the desired level of detail. For the single sentence descriptions we
assume that the predicted topic is sufficient to describe the video. Therefore, we
reduce the SR to 〈dish〉 and learn a translation model to the single sentences.

3 Improving Visual features

One conclusion drawn in [14] is that the noisy visual recognition is a main lim-
itation. Especially for our problem of multi-sentence generation it is important
to recognize the manipulated objects to ensure consistency across sentences. We
thus aim to improve the visual recognition by using the semantic unaries and
hand-centric features.

Semantic unaries. The approach of [14] uses visual attributes to obtain the
features for CRF unaries. However, this approach ignores the semantic role
of the attributes. E.g. a classifier for a visual attribute knife is learned disre-
garding whether a knife is a tool (cut with a knife), or an object (take out
knife). The CRF unaries use the complete score vectors as features, namely:
Eu(sn|xi) =< wu

n, xi >, where wu
n is a vector of weights between the node-state

sn and the visual attributes’ score vector. Unlike the described method, we train
SVM classifiers for visual attributes using their semantic role, e.g. we distinguish
between knife-tool and knife-object. This allows us to use a score of each clas-
sifier directly as a feature for a corresponding unary: Eu(sn|xi) = wu

nxi,n. Here
wu

n is a scalar weight and xi,n is a score of the visual classifier. Thus we get more
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Fig. 2: Encoding probabilistic input for SMT using a word lattice: 〈cut off,egg-
shells〉 has the highest confidence but is unlikely according to the language
model and other candidate paths, e.g. 〈cut off, cucumber〉 can be considered.

discriminative unaries and also reduce the number of model parameters (number
of connections between node-states and visual features). The topic node unary
Eu(st|v) is defined similarly, based on the composite activity recognition features
[15] as visual descriptors of a video v.

Hand centric features for Object Recognition. The visual recognition
approach of [14] is based on Dense Trajectory features [21]. In order to improve
the object recognition, we propose to focus on hands’ regions, in addition to
using the holistic features that track all the moving points in the scene. This
observation is intuitive, in particular in domains, where people mostly perform
hand-related activities. To obtain the hand locations we use our hand detector
based on appearance and body pose [17]. We densely sample the points in the
hands’ neighborhood, extract color Sift features [20] on 4 channels (RGB+grey)
and quantize them in a codebook of size 4000. The obtained features are added
as another unary to the CRF nodes.

4 Generating natural descriptions

Probabilistic input for SMT. While the translation-based approach can
achieve performance comparable with humans on ground truth SRs, this does
not hold if the SRs are noisy. The approach of [14] only takes into account the
most probable prediction, the uncertainty found in the SR is not used. How-
ever, uncertain input is a known problem for SMT as speech based translation
is also based on uncertain input. The work of [2] shows that a probabilistic in-
put encoded in a word lattice can improve the performance of translation by
decoding alternative hypotheses with lower confidence (see Fig. 2). A word lat-
tice is a Directed Acyclic Graph allowing to efficiently decode multiple visual
recognition outputs. To construct a word lattice from a set of predicted SRs
〈activity,tool,ingredient,source,target〉, we construct a word lattice for
each node and then concatenate them. In case that semantic labels are empty in
the SRs, we use a symbol null+node id to encode this information in the word
lattice. SMT combines scores from a phrase-based translation model, a language
model, a distortion model and applies word penalties. Word lattice decoding
enables us to incorporate confidence scores from the visual recognition.

Creating cohesive descriptions. As SMT generates sentences independently
for each video segment, the produced descriptions seem more like a ‘list of sen-
tences’ rather than a ‘text’ to readers. Hence, we automatically post-process the
descriptions such that they are more cohesive using a set of domain-independent
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rules: we fix punctuation; we combine adjacent sentences if they have the same
main verb but different objects, or same object but different verbs; we insert
temporal adverbials and replace repeated noun phrases with pronouns.1

5 Evaluation

For collecting our corpus we rely on the MPII Cooking 2 dataset (update of [15]).
This dataset is realistic and typical for assisted daily living or industrial applica-
tions which require distinguishing a large number of fine-grained activities and
hand-object interaction. Besides, the dataset contains long (average 6 minutes)
videos, allowing to describe them with multiple sentences and at multiple levels.

We evaluate our approach on the TACoS dataset of [13] and on our new
corpus TACoS Multi-Level (Sec. 2.1). For TACoS we follow the setup of [14].
For the new corpus we use the training/validation/test split defined for MPII
Cooking 2. Comparing to TACoS, our test split is more challenging with more
videos (42 vs. 13) and more human subjects (5 vs. 1). We preprocess both corpora
by substituting gender specific identifiers with “the person” and transform all
sentences to past tense to ensure consistent multi-sentence descriptions.

We evaluate the generated text using BLEU@4, which computes the geomet-
ric mean of n-gram word overlaps for n=1,...,4, weighted by a brevity penalty.
We also perform human evaluation of the produced descriptions asking human
subjects to rate readability (without seeing the video), correctness, and relevance
(with respect to the video). Readability is evaluated according to the TAC2 defi-
nition which rates the description’s grammaticality, non-redundancy, referential
clarity, focus, structure and coherence. Correctness is rated per sentence with
respect to the video (independent of completeness), we average the score over all
sentences per description. Relevance is rated for the full descriptions and judges
if the generated description captures the most important events present in the
video. We select all hyperparameters (SVM, CRF, SMT, segmentation) on the
validation set and fix them for all experiments; for our segmentation they are
the initial segment size (60 frames), the similarity measure (cosine), and the
termination threshold (0.982).

5.1 Visual Recognition

We first evaluate the output of our visual recognition (SR) on MPII Cooking 2
dataset. We report accuracy of CRF nodes over all ground truth intervals on
the test set in Table 1. The first line shows the results of [14]. We notice that
the recognition of the handled object (in many cases the ingredient) is the most
difficult, achieving only 36.8% compared to 59.1% or more for the other nodes.
This lower performance is due to the larger number of states (last line, Table 1)
and high intra-class variability of the ingredients. As a first step we add semantic
unaries to the CRF. The performance improves for tools by 1.5% and objects by
2.3% compared to the first line. Next we add our hand centric color Sift features
as second unary to the CRF nodes. This leads to an improvement for each node,

2 www.nist.gov/tac/2011/Summarization/Guided-Summ.2011.guidelines.html
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Approach activity tool object source target all dish

CRF of [14] 59.1 79.6 36.8 71.5 78.2 21.4 -

Our CRF + Semantic unaries 59.2 81.1 39.1 73.8 77.6 23.4 -
+ Hand centric unaries 60.3 82.3 42.6 74.3 78.3 24.2 -

+ Dish unaries 60.4 82.1 48.9 74.3 78.2 26.0 49.3

number of states 78 53 138 69 49 - 31

Table 1: Visual recognition of SR, accuracy in % (mean over all intervals).

especially for objects (+3.5%). Finally, we add a dish node to the CRF computing
unaries with the approach from [15]. This further improves recognition of object
by an impressive 6.3%. In comparison to [14] we achieve an overall improvement
of 1.3% for activity, 2.5% for tool, 12.1% for object and 2.8% for source
(line 1 vs 4). The percentage of segments where the complete SR tuple is correct
(column “all”) improves on each step and overall increases by 4.6%. In the next
section we show that it leads to more consistent generated descriptions.

5.2 Multi-sentence generation

We first evaluate the effect of our improved visual recognition and the improve-
ments in natural language sentence generation. We start with the TACoS dataset
to allow a direct comparison to [14], using the ground truth intervals provided
by TACoS. The first line of Table 2a shows the results using the SR and SMT
from [14] (the best version, learning on predictions), which achieves a BLEU
score of 23.2% when evaluated per sentence. This is an increase from 22.1%
reported by [14] due to converting the TACoS corpus to past tense, making it
more uniform. The BLEU score evaluated per description is 55.7%3 and human
judges score these descriptions with 2.5 for readability, 3.3 for correctness, and
2.8 for relevance on a scale from 1-5, where 5 is best. Using our improved SR
(line 2 in Table 2a) consistently improves the quality of the descriptions. Judges
rate especially the readability much higher (+0.8) which is due to our increased
consistency introduced by the dish node. Also correctness (+0.3) and relevance
(+0.2) are rated higher, and the BLEU score improves by 1.9% and 8.1%.

Next, we evaluate the effect of using probabilistic input for SMT (line 3
in Table 2a). Again all scores increase. Most notably the BLEU by 2.3% and
readability by 0.3. While learning on predictions can recover from systematic
errors of the visual recognition, using probabilistic input for SMT allows to
recover from errors made at test time by choosing a less likely SR but more
likely sentence according to the language model, e.g. “The person got out a
knife and a cutting board from the pot” is correctly changed to “The person took
out a pot from the drawer”. While the probabilistic input helps in many cases, we
found that it sometimes generates sentences that diverge from the video content.

3 The BLEU score per description is much higher than per sentence as the n-grams
can be matched to the full descriptions.
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Approach
BLEU

Sent Desc R
ea

d
.

C
o
rr

.

R
el

ev
.

On gt intervals
[14] 23.2 55.7 2.5 3.3 2.8
Our SR 25.1 63.8 3.3 3.6 3.0
+ prob. 27.5 66.1 3.6 3.7 3.1
Human 36.04 63.64 4.4 4.9 4.8

(a) TACoS

Approach
BLEU

Sent Desc R
ea

d
.

C
o
rr

.

R
el

ev
.

On gt intervals
[14] 24.9 60.3 2.8 3.7 3.3
Our 26.9 65.1 3.2/3.4 4.1 3.6
Human 47.84 62.34 4.9 5.0 5.0

On our segmentation
[14] - 48.3 2.5 3.5 3.1
Our - 51.0 2.9/3.2 4.0 3.3

(b) Detailed Descriptions

Table 2: BLEU@4 in % on sentences (Sent) and full descriptions (Desc). Human
judgments (Readability, Correctness, Relevance) from 1-5 (5 is best).

Now we validate our approach on Detailed Descriptions of the TACoS Multi-
Level corpus (Table 2b). The upper part of the Table shows the results on the
ground truth intervals provided by the collected descriptions. Here and in the
following “Our” denotes the proposed approach with the improved SR and prob-
abilistic input. The performance agrees with the results on TACoS. While we
make significant improvements over [14], there is still a gap to human description,
showing the difficulty of the task and the dataset4. In the bottom part of Table
2b we evaluate our automatic segmentation and make the following observation:
according to human judges, the performance drops only slightly compared to
ground truth intervals and it is still higher than the result of [14] on ground
truth intervals. This indicates the good quality of our automatic segmentation.

In lines 2 and 5 of Table 2b we evaluate the impact of the linguistic post-
processing (Sec. 4) on readability: the score improves from 3.2 to 3.4 and 2.9 to
3.2, respectively (all other reported numbers obtained without post-processing).

5.3 Multi-level generation

On Short Descriptions the results on ground truth intervals (upper part of Table
3a) agree with the previously discussed results. To produce a short description
using our segmentation, we select the 3 most relevant segments, as described in
Sec. 2. We decide for 3 segments as the average length of short descriptions is 3.5
sentences. In the last two lines of the Table 3a we compare training our system
on Detailed vs. Short Descriptions. As expected the language model trained on
Short Descriptions performs better (+0.9% BLEU) supporting our hypothesis
that it is beneficial to learn a language model for a desired level of detail.

Table 3b shows the results for the Single Sentence Descriptions. The second
line corresponds to our approach of using the dish prediction from the segmen-
tation to translate it into a sentence (Sec. 2.3). We also investigated a retrieval

4 The BLEU score for human description is not fully comparable due to one reference
less, which typically has a strong effect on the BLEU score.
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Approach
BLEU

Sent Desc R
ea

d
.

C
o
rr

.

R
el

ev
.

On gt intervals
[14] 23.3 52.3 3.6 3.6 3.2
Our 24.7 54.6 3.8/4.0 3.9 3.7
Human 43.94 56.64 4.9 4.9 4.9

On our segmentation
Our on Det Desc 53.4 - - -
Our on Short Desc 54.3 3.9/4.1 3.7 3.4

(a) Short Descriptions

Approach BLEU R
ea

d
.

C
o
rr

.

R
el

ev
.

Upper bound
Human 53.24 4.9 4.9 4.7

On our segmentation
Our on Sing Sent Desc 57.7 4.9 3.4 3.3
Our on Det Desc 15.2 - - -
Our on Short Desc 21.0 5.0 3.3 2.6

(b) Single Sentence Descriptions

Table 3: BLEU@4 in % on sentences (Sent) and full descriptions (Desc). Human
judgments (Readability, Correctness, Relevance) from 1-5 (5 is best).

and a template baselines that rely on the dish prediction. They achieve lower
BLEU score but nearly identical human judgments, indicating that the dish pre-
diction is the most important aspect for single sentence descriptions. The last
two lines compare the extractively produced descriptions, where the single (most
relevant) segment was selected. The model trained on the Short Descriptions per-
forms better than the one trained on the Detailed Descriptions, however it is far
below Single Sentence Descriptions with respect to relevance (-0.6) and BLEU
(-36.7%), showing the significant difference between these types of descriptions.

6 Conclusion

This work addresses the challenging task of coherent multi-sentence video de-
scriptions. We show that inferring the high level topic helps to ensure consistency
across sentences. Using semantic unaries and hand centric features we improve
visual recognition, especially for the most challenging semantic category, namely
manipulated objects, which consecutively leads to better descriptions.

We also address the so far unexplored task of producing video descriptions
at multiple levels of detail with our collected corpus of human descriptions. In
an analysis we found that with decreasing length of description, the verbalized
information is ‘compressed’ according to the topic of the video. Based on this
we propose a method to extract most relevant segments of the video.

We believe that these results transfer to other domains as our approach is not
specific to the kitchen setting. We plan to validate that as part of future work by
exploring other domains. While we make a first step to couple visual recognition
and language generation by using probabilistic input for SMT on the sentence
level, we believe that a direction for future work is to reason jointly about visual
recognition and language generation for multi-sentence descriptions.
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