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Appendices on QoE model and DASH manifest in "Quality of Experience-based Routing of Video Traffic for Overlay and ISP Networks"

. The report details the calculations required to find a concave Quality of Experience (QoE) curve from Quality of Service (QoS) metrics by using the reference model of ITU-T Rec. P.1202.2 [3], [6], the calibration and linearization of such QoE curve; and, the Dynamic Adaptive Streaming over HTTP (DASH) representations used in the paper simulations.

I. QOE-QOS MODEL

We used the reference model of ITU-T Rec. P.1202.2 [3], [6] that takes into account QoS metrics within a log-logistic model. Some latent variables, {d}, have been introduced to denote the distortion due to each type of impairment, and the final quality score comes from a combination of all the distortions. The latent variables often are not measurable straightforwardly. However, given a set of videos which suffer from only one type of (i.e., uni-type) impairment, is possible to learn the quality attribute as only one latent variable is activated (i.e., taking a nonzero value). Thus, is possible to learn the quality model in two steps. In the first step, the quality attribute function is determined for each uni-type impairment. In the second step, the total function on video samples with hybrid impairments is optimized, under the constraints that the partial form of the total function should match the attribute functions determined in the first step.

Without loss of generality, we consider that there are three types of impairments, denoted by c, s, and f respectively. The above process can be formulated as: in the first step, an investigation of the quality function f c (d c |d s = d f = 0) for c,

f s (d s |d c = d f = 0) for s, and f f (d f |d c = d s = 0) for f ; in the second step, we explore the total function f (d c , d s , d f ) under the following constraints

                   f c (d c |d s = d f = 0) = f c f s (d s |d c = d f = 0) = f s f f (d f |d s = d c = 0) = f f (1) 
Skipping the details on how to extract the features for each uni-type impairment and using the formulations in [START_REF] Xiaoqi Yin | A control-theoretic approach for dynamic adaptive video streaming over http[END_REF] with coefficients taken from [START_REF]Parametric non-intrusive bitstream assessment of video media streaming quality -Higher resolution application area[END_REF], [START_REF] Zhang | Additive log-logistic model for networked video quality assessment[END_REF], we can determine a function connecting the network parameters to the subjective parameters related to user experience. The analyzed framework presents a technique to generate a metric space in which the video distortions, visual problems perceived by the user seeing the video, are addable. In particular, the studied model presents three types of impairments that a video can have, each one characterized by a key-factor and a co-variate:

1) Compression: formation of uniform artifacts in video image that decrease the general clearness of the video frame. It is known as texture mask effect:

• Key factor: 51 -QP where QP is the video quantization parameter

• Co-variate: Content Unpredictability (CU )

2) Freezing: interruption of the video reproduction due to buffer exhaustion or insufficient bandwidth

• Key factor: Freezing Duration (F D)

• Co-variate: Content Unpredictability (CU )

3) Slicing: generation of so called mosaic artifacts due to reparation of damaged frames using neighbor pixels' information

• Key factor: Error Rate (ER)

• Co-variate: Content Unpredictability (CU )

These three types of distortion can be used to calculate the quality of experience perceived by the user. The corresponding framzework can be formulated as follows:

f = 1 1 + a c z b c1 c x b c0 c + a s z b s1 s x b s0 s + a f z b f 1 f x b f 0 f β (2)
where a i , i = {c, s, f } are the key factors and z i , i = {c, s, f } are the co-variates. Given this framework, we decided to take in consideration just two of the impairments presented, compression and freezing, that are the two main factors affecting mostly the user QoE, and find the relationship between the QoS metrics and these impairments.

Compression: the video compression is calculated using the variable 51 -QP where QP is the quantization parameter of the actual video chunk. The higher the quantization parameter, the lower the video quality, being the picture more compressed and with more visual artifacts. This metric is strictly related to the bit-rate change ratio.

QP is directly related to the user available bandwidth or, more specifically, to the download time of the previous chunk. In the framework, the compression factor x c , is calculated as 51 -QP . Thus, knowing the characteristics of the video, resolution and frame rate, it is possible to calculate the required amount of bandwidth related to a specific compression level. This relationship directly connects the quantization parameter to the user available bandwidth. Being QP a discrete value in range between 1 and 51, and knowing the range of requested bandwidth for a given video resolution and frame rate, it is possible to map these two ranges with a geometrical transformation and calculate the compression level along a video with the following formula:

x n c = k(n) k=1 51 -QP (br(q k n )) k(n) ∀n ≤ N ( 3 
)
where n is the n-th user, N the number of requests (users) in the network, k is the video chunk index, k(n) is the number of chunks for the n-th request, q k n is the selected quality level for chunk k and request n, (br(q k n ) is the bit rate of the selected quality level, QP (br(q k n )) is the quantization parameter bit rate of the selected chunk (strictly related to the bandwidth assigned to each request), 51 is the maximum compression according in AVC (H.264) and 1 is the minimum compression.

Content Unpredictability: the content unpredictability (CU ) is the covariate of the compression factor and represents the spatial-temporal complexity of a video. It is calculated on each Macro Block of each frame in the video as the variance of the residuals in the luminance channel. The higher the value, the more complex the video. Human eye is prone to tolerate visual distortion in complex scenes, but the user will notice it only inside a simple scene. The CU of each Macro Block (MB) is calculated using the following formula:

CU = 1 K MB KMB k=1 I r,k - KMB k=1 I r,k 2 
where r is the index of the MB K MB is the number of MBs in a frame and I r,k is the residual of luminance channel of the k-th residual pixel in the r-th MB.

Freezing: the freezing duration considered in this framework is defined as the sum of all freezing events, measured in seconds, perceived by the user, normalized over the total duration of the video. As the metric presented in [START_REF] Zhang | Additive log-logistic model for networked video quality assessment[END_REF] does not take in account the buffer that the user has accumulated during the download of previous chunks, we extended it using the recursive formula presented in [START_REF] Xiaoqi Yin | A control-theoretic approach for dynamic adaptive video streaming over http[END_REF], in order to calculate the residual buffer in seconds at chunk k:

B k+1 = B k - S k (x n c ) p∈P y n p + + L + ∀k ≤ k(n) ( 4 
)
where B is the buffer in seconds after the download of the previous chunk, S k (x n c ) is size of the actual chunk related to the selected compression level x n c , p∈P y n p is the allocated bandwidth over all paths from source of the video to the client, and L is the length of the chunk (in seconds).

Using the same notation, we can compute the total freezing duration of video by summing all the freezing events that the user will experience given a fixed amount of allocated bandwidth. A freezing event occurs when the time required to download a chunk is larger than the sum of the cumulated buffer plus the duration of a chunk; in this case, the decoder goes in freezing mode and the actual chunk is replaced with the last correctly downloaded chunk. The number of skipped chunks for each request is then normalized to the number of video chunks.

x n f = k(n) k=1 S k (x n c ) p∈P y n p -B k -L + L c4 k(n) , ∀n ≤ N (5)
where c 4 is a parameter related to the temporal pooling strategy set to 0.9 after grid optimization.

Motion Homogeneity (MH) Motion homogeneity (MH) is the covariate of freezing factor and quantifies the amount of movements in the scene affected by the freezing effect. If the freezing happens in a scene with absence of movement, it will not be noticed by the user, giving a small impact on the overall perceived QoE. MH is defined as the maximum between Isotropic Homogeneity (IH) and Radial Homogeneity (RH) for each frame; the first one is greater when the camera is tracking some object or panning or tilting and the second is greater when the scene is zooming or dolling. MH is calculated for all the frames involved by the freezing event with the following formulas:

M H p = P τ =1 max{IH τ , RH τ }
where

IH τ = 1 HW r∈τ l∈τ M V h,l,r A l,r 2 + r∈τ l∈τ M V v,l,r A l,r 2 
and

RH τ = 1 HW r∈τ L l∈r M V h,l,r A l,r - r∈τ R l∈r M V h,l,r A l,r 2 
+ r∈τ T l∈r M V v,l,r A l,r - r∈τ B l∈r M V v,l,r A l,r 2 
τ is the index of pauses (i.e., the freezing events), P is the number of pauses, H is the picture height (in number of pixels),

W is the picture width (in number of pixels), l is the MB partition index, r is the MB index, M V h,l,r is the horizontal motion vector of partition l in MB r, A l,r is the area of partition l in MB r (in number of pixels), M V v,l,r is the vertical motion vector of partition l in MB r, τ L is the frame left half, τ R is the frame right half, τ T is the frame top half, and τ B is the frame bottom half.

Now that we have defined the average compression and the total freezing duration of the video, we can write the equation to calculate the QoE perceived by the user, given the allocated bandwidth, as follows:

QoE n = 1 1 + α a cn z b c 1 cn x b c 0 cn + a fn z b f 1 fn x b f 0 fn β , ∀n ≤ N (6)
where x c and x f are respectively the average compression of the video and the total freezing duration (i.e., the main factors), z c is the content unpredictability, z f is the motion homogeneity (i.e., the two co-factors), a, b, α, and β are the parameters used in this function to maintain the logistic shape of the curve. These parameters are calculated using a set of pre-distorted video as presented in [START_REF]Parametric non-intrusive bitstream assessment of video media streaming quality -Higher resolution application area[END_REF], [START_REF] Zhang | Additive log-logistic model for networked video quality assessment[END_REF].

The following table contains the coefficients for different resolutions from the ITU-T recommendation [START_REF]Parametric non-intrusive bitstream assessment of video media streaming quality -Higher resolution application area[END_REF], [START_REF] Zhang | Additive log-logistic model for networked video quality assessment[END_REF] trained with machine-learning techniques: 

Resolution ac ln(a f ) bc 0 bc 1 b f 0 b f 1 ln(α) β c 4 360p 

II. MODEL CALIBRATION AND LINEARIZATION

In order to evaluate the QoE curve, we consider Big Buck Bunny (BBB), a reference video used for calibration. Several video bit rates are used: {350, 470, 630, 845, 1130, 1520, 2040, 2750} Kb/s, 299 chunks, with a chunk length of 2 seconds and a highly variable chunk size. The buffer size varies in the following interval: T = {2, 5, 10, 30, 60} s.

As shown in Figure 1, the shape of the QoE curve is highly non-linear. In order to introduce it in an optimization model, we must linearize it first. As Equation 6has a log-logistic shape, it is possible to linearize it using a piece-wise linear function, as presented in [START_REF] Boyd | Convex Optimization[END_REF].

Considering the following maximization problem

f (x) = max i=1,...,m (a T i x + b i )
This problem can be transformed to min t s.t. where each piece of the function generates a set of constraints using as parameters the parameters of the corresponding linear function. The linear problem then becomes max qn,y n p n∈N q n (7)

a T i x + b i ≤ t i = 1, ..., m
s.t. p∈Pe y n p ≤ b e ∀e ∈ ε (8) a k p∈Pn y n p + b ≥ q n ∀k ∈ K, n ∈ N
We applied the linearization presented in Equation 7to three different resolutions of the BBB video (namely 360p, 720p, and 1080p). The results are presented in Figure 2. 

III. DASH REPRESENTATIONS USED IN THE SIMULATIONS

We use the Adaptive Multimedia Streaming Simulator Framework (AMust) 1 [START_REF] Kreuzberger | Amust framework -adaptive multimedia streaming simulation framework for ns-3 and ndnsim[END_REF] in ns-3 which implements an HTTP client and server for LibDASH 2 , one of the reference software of ISO/IEC MPEG-DASH standard.

We considered three 3 representative open movies 3 commonly used for testing video codecs and streaming protocols and recommended in the measurement guidelines of the DASH Industry Forum: Big Buck Bunny (BBB), high motion computer animated movie, Swiss Account (TSA), which is a sport documentary with regular motion scenes and Red Bull Play Street (RBPS), which is a sport show with high motion scenes.

While the Named Data Networking (NDN) module of AMust supports the streaming of real video segments, the IP module does not. In both cases, they can stream fake video segments from a given set of representations at targeted bitrates. We have then extended this code to consider the chunk size variability observed in reality for the three movies. As the distribution of chunk size showed is heavy-tailed, we have approximated for each representation the chunk size distribution with a log normal distribution and estimated its parameters: average and ratio σ/µ.

One can find below all the parameters used for the generation of chunks in the ns-3 simulations for BBB, TSA and RBPS.

1 https://github.com/ChristianKreuzberger/AMuSt-Simulator/ 2 https://github.com/bitmovin/libdash 3 http://www-itec.uni-klu.ac.at/ftp/datasets/mmsys12/
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 1 Figure 1. QoE extracted for Big Buck Bunny video.
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 2 Figure 2. Linearized QoE of three different resolutions of the BBB video, namely 360p, 720p, and 1080p.
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 3 Figure 3. Linearized QoE of three different resolutions (360p, 720p, and 1080p) of the BBB video (a), RBPS video (b), and TSA video(c). Three buffer adaption policy are considered: buffer based rate based (rb), and buffer and rate based (brb).