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Abstract

Conference services like Zoom, Microsoft Teams, and Google
Meet facilitate millions of daily calls, yet ensuring high performance
at low costs remains a significant challenge. This paper revisits the
problem of packing calls across Media Processor (MP) servers that
host the calls within individual datacenters (DCs). We show that
the algorithm used in Microsoft Teams– a large scale conferencing
service as well as other state-of-art algorithms are prone to plac-
ing calls resulting in some of the MPs becoming hot (high CPU
utilization) that leads to degraded performance and/or elevated
hosting costs. The problem arises from disregarding the variability
in CPU usage among calls, influenced by differences in participant
numbers and media types (audio/video), compounded by bursty call
arrivals. To tackle this, we propose PnM, a multi-step framework
which (a) optimizes initial call assignments by leveraging historical
data and (b) periodically migrates calls from hot MPs using linear
optimization, aiming to minimize hot MP usage. Evaluation based
on a 24-hour trace of over 10 million calls in one DC shows that
PnM reduces participant numbers on hot MPs by at least 2.5×.
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1 Introduction
Conferencing services such as Zoom[12], Google Meet[4], Mi-

crosoft Teams[7], and DingTalk[3] have become a critical part of the
post-COVID19 world. However, the soaring growth in demand[8]
is also increasing the costs incurred by such service providers. Thus,
providing the best user experience at the least cost is an important
challenge for such service providers.

Such large-scale conferencing services host multiple millions of
calls every day. Each individual call is assigned to a Media Processor
(MP) server in cloud data centers (DCs) that receives media streams
(such as audio, video, and screen-share) from users, processes, and
redistributes the media streams. Getting the call-to-MP assignment
right is crucial as it is a key driver of cost and performance[16, 51].
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Prior works have focused on assigning calls to MP servers in
two phases: (a) select the DC for the individual calls, (b) load bal-
ancing (or packing)1 the calls across MP servers, i.e., assign an MP
from the DC selected. Such a division of labor helps scale the MP
assignment algorithms to millions of concurrent calls[16, 33]. Prior
works such as Switchboard[16] have focused on (a) and have relied
on existing state-of-art load balancers for (b). In this paper, we
revisit the problem of assigning calls to MPs in DCs, i.e., phase (b).
We found that the algorithm used in Microsoft Teams– our large
scale conferencing service falls short in optimally assigning the
MPs to the individual calls. Such an algorithm ends up with large
imbalance in the CPU utilization – some MPs are running with high
CPU utilization (hot MPs) while some other MPs are running on
low CPU utilization (cold MPs). We find that the problem is not just
limited to Teams as other state-of-art load balancing algorithms
such as Round-robin, Least-load and others also show the same
degree of imbalance. The CPU imbalance translates into either a
high degree of overprovisioning (ballooning the costs) or poor user
experience (§3) as more calls get placed on the hot MPs – neither
of which are desired.

There are two unique characteristics of the workload in large
scale conferencing services that contribute to the sub-optimal per-
formance of existing load-balancers and make this a novel and
challenging scenario:

(1) The nature of the calls is such that their CPU utilization
changes across different calls. Calls can have any number of
participants. Also, participants use different media streams
(audio, video, screenshare), and their quality. All such fac-
tors result in CPU usage by the calls vary between calls; two
calls can have a vastly different CPU usage. Unfortunately,
with existing algorithms such peak demands are not known
apriori resulting in higher imbalance (§2.3).

(2) The calls arrive in bursts usually around the 30 and 60 minute
marks. As a result, the Teams controller needs to assign the
MPs to a large number of calls simultaneously even when
their (peak) demand is unknown.

In this paper, we present PnM (Packers and Movers) – a con-
troller that packs Teams calls across MP servers and improves user
experience by reducing calls on hot MPs for a given number of MPs.
PnM controller runs in each DC and assigns MPs to individual calls
in the same DC.

The design of PnM is based on the observation that knowledge
of peak CPU utilization of a call can improve call assignment to
MPs. We can pre-allocate CPU for the peak and help reduce the
occurrences of hot MPs. While current algorithms do not attempt
to estimate the peak CPU utilization, we show that it is possible to
do so with reasonable accuracy and mitigate errors in the estimate
through migrations. Specifically, PnM is based on three key ideas.
Firstly, we recognize that a significant portion (40-60%) of calls in
1Load balancing and packing are synonymous in this paper.
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Figure 1: Call assignment and routing in Teams. Teams runs in
10+ DCs across the globe. For illustration, we show TeamsDCs
in Chicago and Seattle. The call between two users (user-A,B)
is assigned an orange MP in Chicago DC. Red lines denote
the user traffic. Traffic between PoPs and users uses Internet;
rest of the traffic is over WAN.

Teams are recurring, with low variance in participant numbers
across instances. Leveraging this, PnM utilizes participant data
from previous occurrences to estimate the attendance, and conse-
quently peak CPU utilization for the current occurrence. Secondly,
for non-recurring calls, a predictive model is employed to estimate
maximum participant numbers based on call age and current par-
ticipants. Although not flawless, both of these predictive models
substantially mitigate hot MP instances. Finally, PnM reacts to hot
MPs by observing that calls last for tens of minutes to hours but
stabilize within minutes, prompting migration from hot to cold MPs
after an initial period. We model migration as a bin packing problem
that considers calls and MP servers holistically that can be solved
efficiently. We formulate it as a Mixed Integer Program (MIP) and
optimize it for scalability and timely execution to mitigate errors
in our initial call assignment.

We evaluate PnM controller using testbed and simulations using
1-day trace from one of our DCs with O(10 million) calls. Our results
show: (a) PnM substantially reduces the number of hot MPs, and
calls and participants on such hot MPs (PnM assigns 2.5× fewer
participants on hot MPs compared to state-of-the-art load balancing
approaches), (b) the three ideas in PnM are effective individually
and in combination, (c) benefits of PnM continue even on changing
the number of MPs in the DC or the fraction of recurring calls,
(d) our prediction algorithms have high accuracy, and (e) the MIP
provides accurate results in a timely manner at scale.

In summary, the paper makes the following contributions: (a) we
show the evidence for high CPU imbalance in Teams– a large scale
conferencing service which translates into poor user experience or
high costs, (b) we present PnM that uses three complimentary ideas
to improve user experience, (c) through at-scale evaluation using
a trace from production service, we show PnM can substantially
reduce the calls and participants on the hot MPs.

2 Background

2.1 Call assignment in conferencing services
A large scale conferencing service such as Zoom, Microsoft

Teams hosts a large number of simultaneous calls. Each of these
calls includes a combination of audio, video and screen share
streams. Each of the calls is assigned to a Media Processor (MP)

server/cluster that receives, processes and re-transmits the streams
from/to users[16, 51]. Assigning calls to the right MP server is a
major challenge for conferencing services. This problem has two
aspects[16, 33]:

(P1) Selecting the datacenter (DC) for a call. a large scale
conferencing service like Teams is hosted in 10+ DCs across the
world for performance, scale and availability reasons. Each DC
runs 1000s of MPs. A DC is decided using different policies such as
round-robin, locality, or Switchboard[16]. Fig.1 shows the routing
and MP assignment in Teams. The cloud provider based Point-of-
Presence (PoPs) receive the traffic. The DC is selected based on the
location of the first user of the call. For example, if the first user of
the call is from USA, the call is assigned to one of the DCs in USA
irrespective of the locations of the subsequent users on the same
call. All the subsequent users on that call are directed to the same
DC selected based on the location of first user.

(P2) Selecting MP server for a call in a DC. each DC runs
multiple MP servers. Once the DC is determined in P1, the services
need to determine the exact MP server to host the call in that DC.
In other words, we need to load balance calls across MPs. Teams
uses algorithm akin to classic load balancer algorithms that aim
to spread load across servers (MPs) without causing hotspots. Our
algorithm is closest to LLR explained in §3.1. As shown in Fig.1,
within the DC, the DC load balancer (DC LB) selects the MPs for
the calls.
2.2 Functioning of MP

Calls with a small or moderate number of participants on the call
are assigned to a single MP server. Such calls account for majority of
the calls. Additionally, these calls also consume significant MP usage.
Large calls, which are handled differently, are outside the scope
of this paper. For small to moderate sized calls, the MP receives
the media streams (such as audio, video and screen share) from
individual participants and distributes them among all participants
of that call. The CPU utilization on the MP is mainly driven by the
amount of network packets handled (sum of all network packets
received and sent out). Note that, the total packets handled is mostly
dominated by network packets sent out, which in turn is driven by
the number of participants on the call. For example, if there is a call
with 5 participants and each participant sends a video of 1 Mbps,
then the MP sends out video of 4 Mbps to each participant which
adds up to 20 Mbps (in contrast of 5 Mbps of received traffic).

Focus of the paper. In this paper, we focus on assignment of
calls across MPs within the same DC (P2 above). The cost of the MP
servers is significant in Teams and making an optimal use of the
MP servers is paramount. In addition, keeping CPU utilization low
helps reduce queueing lengths and packet drops on the CPU, which
in turn reduces video stalls, audio fluency, and user experience[48].

Also, Teams uses Wide-Area-Network (WAN) links to transport
traffic between PoPs and DCs (Fig.1). Akin to past works[33], we
have not found WAN to affect the user experience as the WANs are
provisioned with enough capacity and do not become bottlenecks.
We use past works [16, 33, 51] for P1.
2.3 Findings from Teams production

Large-scale conferencing services such as Teams have unique
characteristics in their workload that differ from other workloads
such as web-servers or caches or analytic jobs[45]. For example, the
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Figure 2: Calls arrive in bursts around 30 and 60 minute
marks. Time shown in local timezone. The y-axis values
are not shown due to business sensitivity.
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Figure 3: CPU utilization (max, P95, P50 and average)
across all MPs in the same DC. P50 and average lines
mostly overlap. The y-axis values are not shown due to
business sensitivity.

Table 1: Distribution of number of participants in individual
calls. Exact numbers not shown due to business sensitivity.

Percentiles P10 P50 P90 P95
#Participants 2-3 3-5 8-13 11-15

calls in Teams are bursty and arrive at 30- and 60- minute mark, and
last for minutes to hours with call sizes changing as participants
join/leave. To illustrate the unique characteristics, we observe all
calls for 24 hours in a randomly chosen DC (our findings apply to
all other DCs too). We detail our findings below.

(Finding-1) Call sizes differ significantly. Table 1 shows the
distribution of max. number of participants (𝑁 ) in individual calls.
It can be seen that there is a stark difference in 𝑁 across calls where
the P50 is between 3-5 and P90 is between 8-13 (exact numbers not
shown due to business sensitivity). This disparity in the distribution
of 𝑁 poses the first challenge in assigning the MPs. The Teams
controller needs to make assignments when the first participant
joins the call. When calls start, all calls look the same – only 1
participant has joined. However, over a period of time, different
calls can grow to different sizes. The controller does not know the
future CPU demand by the calls and can lead to poor load balancing
and hot MPs.

(Finding-2) Bursty traffic pattern. Fig.2 shows the number
of calls started every minute. It can be seen that substantial calls
started at 30 and 60 minute marks. A drop at around 11:30AM is
due to lunch hour. Such bursty behavior poses two challenges: (a)
as mentioned above, the size of calls could differ significantly. In
addition to dealing with uncertainty of one call, Teams controller
needs to deal with uncertainty of multiple calls simultaneously.
This exacerbates the challenge mentioned above. (b) the controller
needs to scale to support burst of calls near the 30 and 60 minute
mark; while the controller is relatively idle at other times.

(Finding-3) High imbalance in CPU utilization. Fig.3 shows
the imbalance in CPU utilization across MP servers in the same
DC. First, we measure the CPU utilization on all MPs every minute.
We then measure the max, P95 (95𝑡ℎ percentile), P50 and average
across all MPs. Fig.3 shows the CPU utilization for 24-hour period.
It can be seen that max and P95 are substantially higher than P50
and average even at the busiest time – the max. CPU utilization is
1.63× P50 at the busiest time.

The key reason for such an imbalance is the variability in
call sizes due to which the controller does not know the call size
(number of participants and media streams) ahead of time. As calls

Figure 4:
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progress (new participants join and/or start video streams), the
CPU utilization on the MPs change. Even if two MPs have the same
number of calls, due to the differences in the call sizes, one MP can
have radically higher CPU utilization than other MP.

(Finding-4) Hot nodes run for short duration and mostly
don’t repeat. In this experiment, we record the MP server with
max. CPU utilization in every minute from production DC for 24
hours. Fig.4 shows the CDF of the duration for which individual
MPs were hottest. We make two observations: (a) mostly, once an
MP server becomes hottest, it remains so for a few minutes. As
shown in Fig.4, the P50 and P90 of the duration is 3 and 15 mins,
(b) mostly, the hottest MP rarely returns as hottest MP again. This
is because, once the MP becomes hot, other (colder) MPs get picked
for assigning the next new calls. As a result, the CPU utilization on
the hot MPs mostly does not increase; instead, it comes down as
its calls end. As next new calls are placed on other MPs, their CPU
utilization increases leading them to become hot. There are a few
exceptions. We observed that one MP was hottest cumulatively for
roughly 67 minutes. However, such an MP was the hottest for max.
12 minutes in a stretch. It was just that more calls were assigned to
it once it cooled down a bit, making it hot again.

(Finding-5) Call migration is infrequent. One solution to
reduce the peak CPU utilization is to migrate the calls midway.
However, it requires call state transfer from one MP to another.
Additionally, the Teams clients are to be updated with the new MP.
This takes time and at times results in call glitches or (worse) call
drops. We try to minimize the call migrations.

(Finding-6) Heterogeneous hardware. Our VMs run on hard-
ware with different CPU vendors and CPU generations. Thus, the
same call results in different CPU utilization on different VMs po-
tentially leading to hot MPs when calls get placed on slower CPU.
However, such impact is predictable depending on the CPU SKU.

Stuck between rock and hard place. The CPU imbalance
translates into poor user experience or higher costs (requiring more
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MPs). To keep the MPs cold, we need significant overprovisioning
as max. CPU utilization is significantly higher than P50 and average.
Such high overprovisioning balloons the costs for running Teams,
which is not desired. Alternatively, without overprovisioning, we
risk running some of the MPs hot, degrading user experience. §3
sheds more light on this issue.
3 Limitations of existing LB algorithms

As mentioned in §2.3, there is a significant CPU imbalance across
MP servers in the same DC. Note that, such an imbalance is not only
due to the algorithm used in Teams but also occurs across the rich
body of work on load balancing (or packing) traffic across servers
including algorithms such as round robin, least loaded server etc.
Since we cannot evaluate these other algorithms on live traffic,
therefore we simulate their performance using a trace as described
below.

Trace. We collected a trace of anonymized calls on a typical
workday (24 hours) from a randomly chosen DC. The trace contains
the time of arrival for each participant in a call. The trace also
records the start and end time for each media type (audio, video
and screen share). Our results apply to all DCs for Teams.
3.1 Simulations

Simulator to replay call trace. The simulator replays the call
trace of 24 hours under different scenarios. With the simulator, we
can change theMP assignment algorithm, cluster size andmigration
algorithm.

The simulator calculates the CPU utilization for each MP at each
minute. Recall that the CPU utilization is a function of total network
traffic handled, which in turn is a function of number of participants
and their media type (§2.2). Thus, we calculate CPU utilization using
its participants and media type (and quality) captured in the trace.
The CPU utilization for an MP is simply the sum of CPU utilization
for all its calls. The simulator assumes homogeneous compute, and
does not account heterogeneity in hardware. The CPU calculation
has high fidelity and calculates CPU utilization of a call within 8%
of real CPU utilization of a call.

The simulator then calculates the maximum (max), minimum
(min), P95, P50 and average CPU utilization every minute across all
MPs. Additionally, every minute, it also calculates the number of
hot MPs, i.e., the MPs with at least 75% CPU utilization. This was
a threshold obtained from the Teams production team. For lower
CPU utilization, there are small queues formed at CPU. However,
queue lengths accelerate when the CPU utilization is high as CPU
cannot keep up with the packets arriving; potentially leading to
(undesired) packet drops. Thus, it is important to keep a lid on CPU
utilization. Prior works have made similar observations[28]. Lastly,
it calculates the number of calls and participants on such hot MPs.

Baseline algorithms. Due to business sensitivity, we do not
describe the exact algorithm used for MP assignment in Teams,
although it is akin to load balancer algorithms[6, 10]. Specifically,
our algorithm is closest to LLR detailed below.

We outline three well established and state-of-art baselines that
assign the MP to a call at-scale when the first participant on that
call arrives. (a) Round robin (RR). This policy simply rotates calls
across individual MPs. We choose such a baseline as it’s simple to
implement and balances calls equally among MP servers. (b) Least
load (LL). RR is oblivious to the load on the MP. LL selects the

MP with least load at the time of assignment reducing the risk of
MPs becoming hot, (c) Least load random (LLR). This strategy
first selects 𝐾 least loaded MPs and then selects one MP out of 𝐾
uniformly at random. This addresses the limitation of LL that it may
end up assigning many calls to the same MP. For example, when we
assign an MP when the call starts, the increase in CPU utilization
due to that call at start of the call is small as only a few participants
have joined. Thus, the same MP may continue as the least loaded
MP and more calls can get added to the same MP. As calls progress,
the CPU utilization will increase and risk that MP becoming hot.
LLR addresses this limitation by spreading new calls across 𝐾 least
loaded MPs at that time. We set 𝐾 = 5 for experiments.

Migration strategy. The above algorithms only select MP once
when the calls start. However, as the calls progress (more partici-
pants join and/or media changes), the CPU utilization on some MPs
can increase causing them to become hot. The above algorithms will
simply not assign the next calls to such hot MPs, but will not make
any adjustments on their own to reduce the load on hot MPs. Thus,
in addition to these algorithms, we migrate a subset of calls from
hot MPs to other (cold) MPs to cool down such MPs. We consider a
simple yet scalable migration policy detailed below.

We first divide all MPs into hot and cold MPs based on their CPU
utilization. MPs are hot if their CPU utilization ≥ 𝑇 (𝑇 = 75%) while
the rest are cold.We consider all hotMPs in decreasing order of their
CPU utilization. For every hot MP, we first select the calls in random
order for potential migration based on their CPU utilization. Note
that if we select the calls in descending order of CPU utilization
(elephant calls first), we fail to migrate the calls as potential cold
nodes may not have capacity to host such elephant calls. On the
other hand, if we select calls in ascending order (mice calls first),
we end up migrating many calls. To strike a balance between these
choices, we choose to randomly select the calls. For each call, a
target MP is selected using "First Fit", where we assign it to the
first MP that has capacity to host such a call. We stop migrating
calls from one hot MP when some of its calls are migrated and the
CPU utilization on that MP falls below 𝑇 . The migration policy is
independent of the algorithm used to assign the MP for individual
calls and thus works with all above baseline algorithms. We run
migration every 2 mins.

Metrics of interest. For each assignment algorithm (with and
without migration), the metrics of interest are: (a) imbalance in CPU
utilization, (b) user experience driven by number of hot MPs, and
the number of participants and calls on the hot MPs. Hot MPs are
those with CPU utilization exceeding 75%, (c) cost of service (number
of MPs required), (d) number of migrations.

Cluster configuration. We consider two cluster sizes – 3600
and 3000 MPs. We choose 3600 where average CPU usage is similar
to that in production. As we are not reshaping the calls, the average
is same across all assignment algorithms. One way to bump up
the average CPU utilization is to reduce number of MPs. Thus, we
consider cluster of 3000 MPs too.

3.2 Limitations
CPU imbalance. First, we show the CPU imbalance due to

the 3 baseline strategies with and without migration. Note that,
migration does not kick in frequently in the production as max. CPU
utilization is under control due to over-provisioning. Table 2 shows
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Figure 5: Performance of different baseline algorithms at different cluster sizes (C).

Table 2: Ratio of max to average CPU utilization at busiest
time. In contrast, such a ratio in production is 1.63.

Cluster size Migration RR LL LLR

3600 No 2.62 1.88 1.82
Yes 1.36 1.36 1.32

3000 No 2.14 1.85 1.63
Yes 1.32 1.38 1.27

the ratio of max to average CPU utilization (denoted by𝑀) across
all MPs at the busiest time whenMP usage is highest. A higher value
of 𝑀 denotes greater imbalance. (a) Without migration. It can
be seen that all the algorithms end up with high𝑀 . RR performs
worse as it is oblivious to the CPU utilization. LLR performs better
than other algorithms as it considers CPU utilization and addresses
limitations of LL. 𝑀 is high irrespective of the cluster size. (b)
With migration. All algorithms have similar values for𝑀 when
using migration. Note that, all the baseline algorithms differ in
initial placement. With migration, the flaws of initial placement
are mitigated as the migration policy migrates the calls to reduce
the load on the hot MPs. As the migration policy is common for all
baseline algorithms, we observe similar performance for all such
baseline algorithms when using migration.

Number of participants on the hot nodes. Next, we show the
number of participants on the hot nodes (denoted by 𝑁 ) in Fig.5(a).
This metric is important as it shows the number of participants
potentially suffering from poor user experience. For each minute
of the day, we calculate number of participants on the hot MPs,
and 𝑁 denotes the total number of participants on hot MPs across
24 hours. Note that if an MP is running hot, all its participants
suffer from poor experience. For a cluster size of 3600, LLR results
in fewer hot nodes and consequently smaller 𝑁 . Migration also
leads to significant reduction in 𝑁 . Using LLR and migration, the
𝑁 for a cluster size of 3600 is just 5600. However, as we reduce
the cluster size to 3000 MPs, we see a significant jump in 𝑁 . For
LLR with migration, there is roughly 12× increase in 𝑁 . Similarly,
peak number of participants on hot MPs relative to total active
participants at a given time jumps by 8×, which is not acceptable.

Max. CPU utilization. Next, we evaluate the algorithms in
terms of max. CPU utilization. To do so, for each minute of a day,
we calculate the max CPU utilization across all MPs. We then take
max. of such values across a day. We consider P95, minimum CPU
utilization, and show them in Fig.10 (§7). CPU utilization is impor-
tant as it shows the extent of poor performance – higher the CPU
utilization on hot nodes, higher the extent of poor performance.
As shown in Fig.5(b), the max. CPU utilization increases substan-
tially when we reduce the cluster size from 3600 to 3000 (for all
algorithms with/without migration) indicating that cutting down

the cost may degrade user experience. CPU utilization above 100%
in some cases is an artifact of simulations. In real cases, the CPU
utilization is bound to 100%. CPU utilization above 100% indicates
higher packet loss.

Migrations. The previous experiments show that migration
helps substantially to cool down the MPs – both in terms of max.
CPU and number of participants on the hot MPs. However, migra-
tion may cause temporal glitches as we migrate calls from one MP
to another, and put a strain on the controller to ensure seamless
migration. In this experiment, we measure the number of migra-
tions for 24 hour period. Fig.5(c) shows LLR results in the least
migrations, but migrations increase substantially (9×) as we reduce
MPs from 3600 to 3000.

Summary.Our analysis shows that the existing policies of using
RR, LL and LLR fall short. Using larger cluster size, the user experi-
ence is good as very few calls end up running on hot MPs. However,
it suffers from lower cluster utilization (and hence higher costs).
On the other hand, if the cluster utilization is improved by cutting
down the number of MPs, users may get poor user experience as
the number of calls on hot instances increases. Call migration helps
but such a policy results in high number of migrations.
4 PnM

In this paper, we present PnM (Packers and Movers), which aims
to pack the calls across MPs with the goal of providing a better user
experience (fewer hotspots) for a given set of MPs in Teams. PnM
runs independently in each DC and manages calls and MPs only
in that DC. While in this context, packing and load-balancing are
synonymous, PnMdeparts from classic load balancing algorithms in
two crucial ways: a) the initial assignment of calls to MPs, when the
first participant joins, is adaptive and based on historical patterns
unlike the baselines (RR, LL, LLR) of the previous section which
only use the current CPU utilization and b) unlike classic load
balancing algorithms where MP hosting the call is fixed after the
initial assignment, PnM subsequently moves the call to a different
MP (in the same DC) when the call size is converged.
4.1 Key ideas

We now summarize our key ideas. As mentioned in the previous
section, existing algorithms use current CPU utilization when as-
signing calls to MP nodes. Unfortunately such algorithms fall short
because call size (and consequently CPU utilization) is not known
apriori and fluctuates over time. However we observed that Teams
has rich, yet hitherto overlooked data on call history that can be
used to estimate the call sizes, which serves as an indicator of the
peak CPU utilization. We can pre-allocate CPU based on the peak
to reduce the chances of MPs becoming hot later. This is captured
in the first two key ideas below. The third idea below captures how
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Figure 6: Architecture of PnM. Solid lines are control signals
while the dotted lines denote call data traffic.

we react to incidents of hot MPs and migrate the calls away from
those servers.

(K1) Leveraging call history for recurring calls. We observe
that a large chunks of our calls have history. Many calls are a part
of a recurring call series (e.g., calls that repeat daily or weekly) and
observe similar number of participants. We leverage the history
to predict the peak call CPU requirement, and assign an MP that
can hold the peak CPU requirement of that call to minimize the
chances of MPs getting hot. We found that roughly 40-60% (actual
number not mentioned due to sensitivity of the information) calls
are recurring. All recurring calls within a given call series have the
same call ID, which helps identify the history of previous calls of
the same call series.

(K2) Estimating CPU utilization for non-recurring calls.
Our second key idea is to predict the peak CPU requirement for
calls with no history (non-recurring calls). We do so by building a
model that trains using history of non-recurring calls, and predicts
the peak CPU utilization of a call based on its age, current number
of participants and media type. Subsequently, it helps us migrate
the call by taking into account the (future) peak CPU utilization of
the call.

(K3) Call migration. Due to intrinsic nature of the usage of the
call, the above key ideas do not eliminate the instances of hot MPs
and migrations. For example, even for recurring calls, there is some
variance in number of participants and media type (audio, video
etc.). For non-recurring calls, the model is not 100% accurate. Our
last key idea is to wait for some time once the call starts so that its
call size (and its CPU utilization) stabilizes, and then migrate the
call so as to reduce hotspots. The key challenge though is to decide
which calls are to be migrated and also their target MP. We develop
an Mixed Integer Program (MIP) to do the migration.
4.2 Architecture

Fig.6 shows the architecture of the PnM. It has three components.
Participants and MP servers are unchanged from Teams.

Participants (PnM clients).When the first participant of the
call joins, the controller first assigns the MP server that will host the
call. For the subsequent participants on the same call, the controller
simply relays the MP server assigned. This way, all the participants
of the call are assigned to the same MP server. During the call, if
participants change the media type (e.g., video or screen-share), or
change the quality of the media type (e.g., video changed from 720p
to 1080p), the participants relay that information to the controller.

MP servers. The MP is detailed in §2.2. MP servers receive, mix
and re-transmit the media streams to all participants of the same
call (dotted lines in Fig.6). EachMP server hosts multiple concurrent
calls. When the MP becomes hot, it cannot keep up with the rate at
which network packets are received, and starts dropping network
packets once the queues are full. As a result, potentially all calls
on that MP suffer. A temporary fix to overloading MP is that the
MP instructs participants to send videos at lower quality. However,
in PnM, we try to assign (or migrate) the calls so that we meet the
best quality MP has seen so far.

PnM controller. PnM controller performs three actions: (a)
assign theMP server when the call starts, (b) periodically recompute
the max. CPU utilization of calls based on age and current number
of participants (Key idea K2) and, (c) migrate the calls to cool down
hot MPs (Key idea K3). To do so, it has 5 modules that we detail
below:

(1) Controller proxy. This module communicates with all partici-
pants and MPs. The participants push the changes in media type
and quality to PnM controller through this module. Similarly, MPs
push their CPU utilization every minute. Controller proxy creates
a queue where all these events are pushed.

(2) Call state. This module contains all the information about
the call including number of participants, media type and quality
for each participant. Using this information, it also computes the
expected CPU utilization for every call. As mentioned in §5, we use
LLR in conjunction with expected (peak) CPU utilization that preal-
locates CPU based on future growth of the call. All the remaining
modules read and update the state in this module.

(3) Initial call assigner. For each new call, it first checks if the
call is part of any recurring series. If so, it pulls the number of
participants and media type seen previously for the recurring series
of such a call. It assigns the call using such history as mentioned
in §5.1. PnM stores max. participants as well as the media type for
recurring calls in DB (Recurring calls DB in Fig.6). For non-recurring
calls, it uses LLR to assign the MP as detailed in §5.2.

(4) Max. CPU estimator. For non-recurring calls, we use key idea
K2 to estimate the peak CPU utilization of a call. We build a model
that uses previous 7 days of data and we refresh it every 24 hours.
The model is then stored as a lookup table (Max. participant model
in Fig.6) where the key is a tuple of age and number of current
participants and value is the max. number of participants. This
module runs every minute and refreshes the max. CPU utilization
for every non-recurring call (more details in §5.2).

(5) Call migrator. Once the calls progress, the MPs can turn hot
as prediction is not 100%. In such cases, we migrate the calls (call
migrator in Fig.6). We run migration every two minutes. The migra-
tor not only considers calls on current hot MPs but also considers
calls on MPs that are near to getting hot. This helps it address the
calls on MPs that might become hot during 2 minutes.
5 Initial Call Assignment
5.1 Initial call assignment for recurring calls

Roughly 40-60% calls in Teams are a part of recurring series
(§4.1). We observe that max. number of participants and media type
have good predictability for calls of such series. Fig.7 shows the CDF
of standard deviation of max. participants across individual call
series. We consider all calls within 4 weeks and call series where we
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Table 3: Distribution of call joiner duration (difference be-
tween the times when last participant and first participant
joining the calls. This is over millions of calls in 24 hours.
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have minimum 4 calls in individual call series. Across all calls, for
20% call series, max. number of participants do not change while for
roughly 65% call series, the standard deviation is ≤ 1. This shows
that we can predict number of participants fairly accurately for
many call series. We see similar trends for media types too.

Predicting peak number of participants. We use the history
for the recurring calls to estimate the peak number of participants
and media types for the new call. We use simple weighted moving
average that we found to work well. For a call, we first find if it’s
a part of a recurring series with at least 4 previous occurrences.
We estimate number of participants for the new call as: 0.5× p0 +
0.25× p1 + 0.125× p2 + 0.125× p3+. p0 to p2 indicate peak number
of participants from the latest to the third-latest occurrence. P3+ is
average of number of participants for all other older occurrences.
Such a design is simple to implement, and helps PnM controller do
assignments quickly at scale. We calculate the media type similarly.
Lastly, based on the estimated number of participants and media
type, we calculate expected peak CPU utilization (using module
in §3). Recurring calls with fewer occurrences are treated as non-
recurring calls.

Addressing heterogeneity. We calculate the peak CPU above
for the most common CPU SKU. As mentioned in §2.3, Teams runs
on MPs from different CPU SKUs. Offline, we profile the perfor-
mance of MP on all SKUs for a mixed workload of calls and measure
the ratio of performance across different SKUs. Online, we use the
ratio to calculate CPU utilization on different CPU SKUs.

Assigning the MP for recurring calls. Once we calculate the
(expected) peak CPU utilization in previous step, we do LLR using
peak CPU utilization. Most of the calls start at 30- and 60- minutes
mark (Fig.2). Additionally, we observe that most of the participants
on the calls join in first few minutes and stay for the duration of
the call (Table 3). As a result, the peak CPU utilization of an MP is
the sum of peak CPU utilization of all its calls (including recurring
and non recurring calls). Note, the peak CPU utilization for non-
recurring calls is explained in §5.2. The LLR used in baselines (§3)
use LLR with current CPU utilization while our estimate of peak
CPU utilization pre-allocates the CPU for the future growth in call
size. We calculate 5 MPs with the least expected CPU utilization
and select one MP uniformly at random. Note that, we do not waste
CPU cycles by provisioning for peak as peak is reached quickly as
calls start (Table 3).

5.1.1 Discussion

Call packing. As we predict the CPU utilization for the recurring
calls, there is an opportunity to do best fit to improve CPU utilization
on the MPs. However, we found that best fit performs worse than
doing LLR as we still need to place non-recurring calls alongside
recurring calls on the sameMPs. The increase in the CPU utilization
due to non-recurring calls and inaccuracy in prediction for recurring
calls sends MPs hot. Thus, we resort to LLR.

Call duration data. Secondly, we currently do not use the call
duration information from historical data. Such data can help us
do better call packing. We leave it to the future work.

Calendar data. Lastly, we also do not use the calendar data.
This data is not available due to the privacy requirements. However,
as shown in §7.5 such information could be useful. That said, we
leave using the calendar data to the future work.

5.2 Initial assignment for non-recurring calls
Predicting peak number of participants for non-recurring

calls. Let 𝑁max (𝑛, 𝑡) be our estimate of the max. participants of a
non-recurring call with 𝑛 participants at time 𝑡 (from the start of the
call). Let 𝑝𝑡 (𝑥) be the number of participants at time 𝑡 for the call
with meeting ID = 𝑥 . Let 𝑐 (𝑥) be the max. number of participants
in the call with meeting ID = 𝑥 . Then our estimate for 𝑁max (𝑛, 𝑡) is:

𝑁max (𝑛, 𝑡) =
∑
𝑚≥𝑛𝑤𝑚𝑚∑
𝑚≥𝑛𝑤𝑚

(1)

where𝑤𝑚 =
∑
𝑥 1{𝑝𝑡 (𝑥) ≤ 𝑛, 𝑐 (𝑥) ≥ 𝑚}.

To understand the rationale behind the above heuristic observe
that 𝑁max (𝑛, 𝑡) ≥ 𝑛 by definition. We focus on only those calls
which had fewer than 𝑛 participants at time 𝑡 and then eventually
attained a maximum number of participants that was larger than 𝑛
because:

(1) Calls with more than 𝑛 participants at time 𝑡 are assumed to
be growing faster than the current call and therefore the current
call may not be able to keep up with their growth rate or maximum
number of participants.

(2) Calls with maximum participants less than 𝑛 are too small
and the current call has already exceeded their size.

Therefore, we estimate 𝑁max (𝑛, 𝑡) as the weighted average of all
values𝑚 ≥ 𝑛, where each𝑚 is weighted by the fraction of calls with
fewer than 𝑛 participants at time 𝑡 but eventually attained a max.
number of participants ≥ 𝑚. This weight serves as our estimate
of the probability that calls with 𝑛 or fewer participants at time 𝑡
end up having at least𝑚 participants. We update our estimates of
𝑁max (𝑛, 𝑡) every minute.

Lastly, we multiply peak number of participants with average
media rate to estimate the peak CPU utilization. We adjust the
CPU utilization depending on the CPU SKU (§5.1). Note that the
estimated peak CPU utilization for non-recurring calls varies over
time as the estimate 𝑁max (𝑛, 𝑡) in (1) varies over time. Hence, the
expected CPU utilization of the host MP also needs to be adjusted
so that MPs with high expected CPU utilization are not considered
for assigning new calls.

Assigning the MP for non-recurring calls. For non-recurring
calls, the "Max CPU estimator" module (module-4 in Fig.6) recom-
putes peak CPU utilization of calls and MPs every minute. Once
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Table 4: Notations used in the MIP.
Notation Explanation

Input
𝑀,𝐶 Set of MPs and calls
𝑃𝑐 Estimated max. CPU usage of c-th call
𝐵𝑚 CPU usage on m-th MP due to stationary calls
𝑅𝑚 Ratio of performance for CPU SKU of m-th MP

𝐶𝑎𝑝𝑚 CPU capacity on m-th MP
𝑂𝑚,𝑐 Set if c-th call is placed on m-th MP originally
𝐿 Limit on number of migrations

(output) 𝑋𝑚,𝑐 set if c-th call is assigned to m-th MP
(output) 𝑦 max. CPU usage across all MPs

again, we use LLR while considering the expected peak CPU uti-
lization on each MP.

6 Call migration
Previously, we detailed PnM for initial assignment of calls. Our

initial assignment may lead to hot MPs as: (a) prediction is not
always accurate, (b) non-recurring calls whose future demand is
not known at the time of assigning MPs. Consequently, we wait for
the call sizes to stabilize, and migrate calls from hot to cold MPs.

The goal of call migration is to decide what calls to migrate and
their target MP so that the CPU utilization on hot MPs comes down
without creating new hot MPs.

A straw-man’s approach could be to use the simple migration
strategy detailed in §3.1. However, such a greedy choice is not
optimal as it does not use the (holistic) knowledge across calls and
MPs. Our insight is that migration problem could be modeled as a
bin packing optimization problem. To solve it, we formulate it as a
Mixed-Integer-Problem (MIP) tailored for migration, and solve it
using off-the-shelf MIP solver (COIN-OR[2]). However, solving it in
a timely manner is challenging that we address in the next section.

The notations for MIP are shown in Table 4, while Fig.8 shows
the MIP formulation. The objective of the MIP is to minimize the
maximum CPU utilization across all MPs. MIP variables are: (a)
𝑋𝑚,𝑐 (binary) – set when the c-th call is assigned to m-th MP. (b) 𝑦
(between 0-100%) – max. CPU utilization across all MPs.

We choose such an objective to minimize the calls on hot MPs.
Note that even though we consider calls that have been running for
a while, the CPU usage of the calls can still change as participants
join/leave or due to changes in media. By minimizing the max. CPU
utilization, we keep more room for such cases. We give more details
on calls considered for migration in the next section. In PnM, we
do not minimize the number of MPs as it is complicated by other
factors such as failure resiliency[16]. Thus PnM runs with given
set of MPs, and packs calls for better performance.

There are four constraints in Fig.8. (a) Each call is assigned to
exactly one MP. (b) The total CPU utilization on each MP is under
the threshold (𝐶𝑎𝑝𝑚). Note that we do not consider all calls to
migrate (more details in §6.1) to improve scalability. E.g., calls on
the (cold) target MPs are not considered for migration. 𝐵𝑚 denotes
the CPU utilization on m-th MP due to such stationary calls. (c)
Number of migrations is under the threshold (𝐿). (d) We express 𝑦
as max. CPU across all MPs.

Constraint (c) addresses the migration limits. When a call is
moved to a new MP, it may get counted twice as it is moved away
from old MP and added to new MP. However, (c) ensures we only

MIP Variable: 𝑋𝑚,𝑐 , 𝑦
Objective: Minimize y
Constraints:
Only one MP assigned to each call: ∀𝑐 ∈ 𝐶,

∑︁
𝑚∈𝑀

𝑋𝑚,𝑐 = 1 (a)

CPU under limit: ∀𝑚 ∈ 𝑀,
∑︁
𝑐∈𝐶

𝑋𝑚,𝑐 · 𝑃𝑐 · 𝑅𝑚 + 𝐵𝑚 ≤ 𝐶𝑎𝑝𝑚 (b)

Number of migrations:
∑︁

𝑚∈𝑀

∑︁
𝑐∈𝐶

(𝑂𝑚,𝑐 − 𝑋𝑚,𝑐 ) ·𝑂𝑚,𝑐 ≤ 𝐿 (c)

Expressing y: ∀𝑚 ∈ 𝑀, 𝑦 ≥
∑︁
𝑐∈𝐶

𝑋𝑚,𝑐 · 𝑃𝑐 · 𝑅𝑚 + 𝐵𝑚 (d)

Figure 8: MIP formulation.
count it once (on old MP). Such a condition only needs to check
when 𝑂𝑚,𝑐 is set. Note, 𝑂𝑚,𝑐 is an input and not MIP variable.

6.1 Speeding up MIP
The goal on the MIP is to effectively and quickly migrate the calls.

The execution time of the MIP is important as a high execution time
means that the hot MPs will remain hot for longer. The total number
of MIP variables are |𝑀 | × |𝐶 |, which could be 10s of millions at
busy times. Ideally, we could consider all calls in 𝐶 and all MPs
in𝑀 to optimally calculate the migration plan. However, this has
two shortcomings: (a) the total number of MIP variables simply
overload theMIP solvers wherewe cannot solveMIP quickly, and (b)
shuffling of calls between cold MPs may have minor improvements
in objective. To reduce the MIP execution time, we limit calls in 𝐶
and target MPs in𝑀 as detailed below.

We have four optimizations to speed up MIP: (1) The input to the
MIP includes 𝐶 – calls to be migrated. We do not consider mice calls
on the hot MPs as candidate calls to be migrated. Candidate calls
have a peak CPU utilization exceeding 𝐸 (set to 2%). This design
choice reduces the number of calls in 𝐶 that drastically reduces
the MIP execution time while still packing the calls effectively. We
also consider non-mice calls on MPs with peak utilization near
threshold for hot MPs (95% of 𝐶𝑎𝑝𝑚).

(2) The input also includes 𝑀 – set of MPs to host the calls.
This set of MPs includes all hot MPs as some calls may remain on
those MPs. Additionally, to reduce the MIP execution time, we only
consider a subset of cold MPs where the calls can be migrated. We
decide the cold MPs as follows:

The total CPU (denoted by 𝑇1) exceeding threshold 𝐶𝑎𝑝𝑚 on
hot MPs is𝑇 1 =

∑︁
𝑚∈𝐻𝑜𝑡𝑀𝑃

∑︁
𝑐∈𝐶

𝑃𝑐 ·𝑅𝑚 ·𝑂𝑚,𝑐 −𝐶𝑎𝑝𝑚 · |𝐻𝑜𝑡𝑀𝑃 |. We

select the target MPs with cumulative available capacity of 5 × T1.
We sort the cold MPs in descending order based on the peak CPU
utilization, and pick the MPs from the top till the total available
CPU exceeds 5 × T1. This design choice helps us balance the MIP
running time while providing ample options of target MPs when
migrating calls.

(3) we do not select: (a) calls that have just started (age <3 min-
utes) as participants and media may not have converged (works
well as shown in Table 3), (b) the same call for migration in next
iteration of the MIP to reduce repeated interruptions. Such calls are
available for migration with a gap of one iteration.

(4) we divide all MPs in a DC into N virtual clusters. Each MP
is assigned to a cluster randomly. Individual calls on the MPs are
unchanged. This way, all calls are also divided across N virtual
clusters. We run the MIP independently for each of the N virtual



PnM: Efficient Intra-Datacenter Calls Packing for Large Conferencing Services SoCC ’25, November 19–21, 2025, Online, USA

clusters. As there is no dependencies between clusters, we run MIPs
in parallel and roughly speedup the assignment by a factor of N.

6.2 Migrating calls in multiple waves
Once, the MIP calculates the mapping between calls and target

MPs, we need to migrate the calls to their target MPs quickly. There
are two types of call migration: (a) most of the calls are migrated
from hot to cold MPs, which can move simultaneously, (b) in some
cases, calls from hot MPs moved to other hot (target) MPs (other
calls from such hot target MPs are to be moved before to cool them).

To handle both the cases above, we create a DAG. Each stage
in the DAG denotes migration step. The nodes in the stage denote
the MPs. Each directional edge (e.g., from MP1 to MP2) in the DAG
denotes the dependency (e.g., calls on MP1 depend on calls on MP2
to be migrated first).

We migrate the calls by scrolling backwards in the DAG. The
calls are moved to MPs that don’t depend on calls on other MPs.
When such calls are moved, they free up the capacity on their
prior MPs so that the calls from the prior stage can be moved. Our
experiments found that, we need at most two levels of DAG.

7 Evaluation
In this section, we evaluate PnM through testbed implementation

and simulations. The controller implements all five components
mentioned in §4.2 using Azure Queues and Redis (more details
in §7.9) and runs in real time. We replay 24-hour trace collected
from one of the Teams DC (detailed in §3) consisting of millions of
calls across 100s of thousands of participants. We replay the trace
where the controller gets signals about participants actions (e.g.,
joining calls) in the same way as they would in real cases. The PnM
controller assigns and migrates the calls across MPs in real-time.
We calculate the CPU utilization every minute on every MP as
detailed in §3.1.

Our experiments show: (a) PnM substantially reduces hot MPs as
well as calls and participants on the hot MPs (minimum 2.5×, max
= 272×), (b) all the three key ideas in PnM are effective, (c) benefits
of PnM continue even at different cluster sizes, (d) increasing calls
with apriori knowledge can further reduce hot MPs, (e) predicting
max. number of participants has high accuracy, (f) MIP can keep
up with the scale due to the optimizations in §6.

Baselines:We consider 5 baselines:
(1) Round-robin (RR): This policy simply rotates new calls across

MPs as mentioned in §3.1.
(2) Random (RN): This policy randomly selects the MP for a

new call. This policy is synonymous to hash-based policies
used by load balancers built for scale including Ananta[43],
Duet[27], Maglev[22].

(3) Least loaded (LL): LL selects the MP with least load at the
time of assignment as mentioned in §3.1,

(4) Least load random (LLR): This policy first selects 𝐾 least
loaded MPs and then selects one MP out of 𝐾 uniformly at
random as mentioned in §3.1.

(5) Power-of-two (P2)[41]: assigns calls by selecting 2 MPs at
random and then assigning the call to the least loaded MP
between the two. P2 is also used by Microsoft’s YARP[9].

We also use the simple migration algorithm described in §3 in
addition to above baseline algorithms.
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Figure 9: Count of hot MPs (machines), and calls and partici-
pants on hot MPs (relative to RR).
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Figure 10: CPU utilization (max, P95, and min) across all MPs
in the same DC for different policies. +M indicates using
simple migration policy from §3.

Setup. We use a cluster size of 3000 MPs as we want to provide
good performance at lower costs. We use COIN-OR[2] solver for
the MIP. We run the MIP every 2 minutes with 𝐿 = 1000 and 𝐶𝑎𝑝𝑚
= 75% in Fig.8, and number of least loaded MPs (𝐾 ) for LLR to 5 to
strike a balance between available MPs and their CPU utilization.
We set virtual clusters (§6.1) for MIP to 4.

§7.1 to §7.7 use 1-day trace and PnM controller. We compute
CPU utilization using module from simulator in §3. §7.8 uses the
testbed prototype.

7.1 Reduction in hot MPs, calls, participants

Fig.9 shows the number of hot MPs, calls and participants on
such hot MPs. We measure such values every minute and show the
aggregate values for 24 hours. The values are normalized to RR. We
make the following observations: (a) LLR performs the best among
the baselines when not doing migration. It cuts participants on the
hot MPs (denoted by 𝐻 ) by 9.3× compared to RR. (b) when using
simple migration from §3, LLR (denoted by LLR+M) again performs
the best among the baselines. Compared to RR, it cuts 𝐻 by 112×.
(c) PnM performs the best across all algorithms. Compared to RR, it
cuts down 𝐻 by 272×. Compared to LLR+M, PnM cuts down 𝐻 by
2.5×. (d) Random baseline performs similar to RR as both of them
select MPs uniformly.

Above results show improvements in PnM in terms of aggregate
values over 24 hours. Another important metric is the max number
of participants on hot MPs at a given time. We found that PnM
can cut down max. number of participants on hot MPs by 1.42×
compared to LLR+M (not shown). These results show that PnM can
significantly improve reliability by reducing the impact of hot nodes.
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Figure 11: Impact of different ideas relative to LLR.

7.2 Reduction in extreme CPU utilization
Fig.10 shows the CPU utilization in using different algorithms.

We compute max., P95 and min. CPU utilization every minute
across all MPs. The max CPU indicates the max. CPU observed
across all MPs and all times. Similarly, P95 indicates max. of P95
across all times. Lastly, min. CPU indicates max. of min across
all times. Note that the CPU utilization values are above 1 (100%)
for some of the baselines. This is an artifact of the simulations
where we add the CPU utilization of all calls on individual MPs.
In reality, such baselines will result in CPU utilization of 100% but
will drop significant number of packets. We continue to use these
definitions in next sections. We use baseline algorithms without and
with migration (denoted by +M). We find that PnM achieves lowest
max. CPU and P95 CPU. Compared to LLR and LLR+M, PnM reduces
the max. CPU utilization by 34% and 14%.

Recall that MIP in PnM tries to keep the CPU utilization bounded
to 75% to keep room for any increase in the CPU due to the new
calls placed on the same MPs or new participants joining calls.
Consequently, we find that the max. CPU is well under 100%.

CPU utilization imbalance. Table 2 shows the ratio of max.
to average CPU utilization for RR, LL and LLR at busiest time. We
found that P2 performs similarly. For 3000 MPs, such a ratio for
P2 is 1.85 and 1.27 without and with migration respectively. In
comparison, PnM reduces such a ratio to 1.18. This shows that PnM
is able to pack the calls more uniformly across MPs.

7.3 Impact of different key ideas in PnM
We now turn to evaluate the impact of different key ideas in PnM.

We evaluate the max. CPU utilization, number of participants on hot
MPs in the following cases: (a) baseline of LLR, (b) LLR+M (c) key-1:
only changing the initial placement for recurring calls + LLR, (d)
key-2: only changing the initial placement for non-recurring calls +
LLR (§5.2), (e) key1+2, (f) key1+2+M: key1+2 + simple migration
strategy from §3, (g) LLR + PM: baseline LLR +MIP based migration
algorithm from PnM, (h) PnM consisting of all the three key ideas
where we use MIP based migration.

Fig.11 shows the impact of different cases. All results are normal-
ized to LLR. It can be seen that key-1 and key-2 substantially improve
initial assignments (hot calls and hot participants) compared to LLR.
We see a reduction of 1.8× and 1.95× in using key-1 and key-2 over
LLR in terms of participants on hot MPs. Combining key-1 and
key-2 further improve the performance compared to LLR. Inter-
estingly, the benefits of key-1 and key-2 do not add up when we
combine both ideas as they operate on the shared resources (MPs).
Next, we see that simple migration strategy clubbed with key1+2
(key1+2+M) can substantially cut down number of participants on
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Figure 12: Impact of different cluster sizes on PnM.

0
0.2
0.4
0.6
0.8

1

Max CPU Hot
participants

Max CPU Hot
participants

Key-1 PNM

Pe
rf

or
m

an
ce

 
(re

la
tiv

e 
to

 R
 =

 0
.1

)
R=0.1 R=0.5 R=0.7 R=0.9

Figure 13: Impact of having apriori information about vary-
ing fraction of call sizes.

hot nodes (21× over LLR and 1.2× over LLR+M). PnM using all the
three key ideas improves by 2× compared to key1+2+M indicating
that MIP based migration algorithm has benefits. Lastly, PnM cuts
number of participants on hot MPs by 1.43× over LLR+PM again
showing that key ideas 1 and 2 have substantial benefits.

7.4 Impact of different cluster sizes
In the previous experiments, we kept the cluster size to 3000

MPs. In this section, we evaluate the impact of different cluster
sizes. We consider 3 cluster sizes: 3600, 3000 and 2850. Note that
the cluster size indicates the total number of MPs and is different
from virtual clusters in §6. Fig.12 shows the impact of changing
cluster sizes on max. and P95 CPU utilization, number of calls and
participants on the hot MPs. Fig.12 shows that as we reduce the
cluster size, there is a marginal increase in the max. and P95 CPU
utilization. In contrast, reducing cluster size significantly increases
number of calls and participants on hot MPs. Reducing cluster size
increases the average CPU utilization and leaves lesser room to pack
the calls resulting in higher calls and participants on hot MPs. Lastly,
the average utilization at peak for cluster = 2850 is close to threshold
for hot MPs, and we do not suggest reducing cluster size any further.

7.5 More calls with apriori knowledge
As mentioned previously, we see 40-60% calls as part of some

recurring call series where we have apriori knowledge about the his-
torical size of the calls. PnM does not use any calendar information
(e.g., who accepted the call invite). In this experiment, we consider
hypothetical cases where we have apriori information about more
(and less) fraction of all calls either through recurring series or
calendar information. We consider 4 fractions of calls (denoted by
𝑅) where we have complete knowledge of the calls: 10, 50, 70, 90%.
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We keep cluster size to 3000 MPs, and evaluate impact of 𝑅 on the
first key idea that uses call history as well as PnM overall.

We make three observations: (a) Fig.13 shows that increasing
𝑅 significantly helps the key-1 as we can pack better with more
knowledge. (b) Increasing 𝑅 also helps PnM. However, the gains
are smaller as other two ideas in PnM provide benefits even if
we do not have knowledge about calls. That said, higher 𝑅 is still
beneficial as number of hot participants reduces with increasing 𝑅,
(c) Interestingly, 𝑅 = 90% performs worse than 𝑅 = 70% for key-1
and PnM as we are able to pack the calls to reduce the peak CPU
utilization. However, it spreads that load on other MPs pushing
their CPU utilization above the threshold for the hot MPs.
7.6 Accuracy of predicting max. participants

We show the error in predicting the peak number of participants
for non-recurring calls (key idea 2) in Fig.14. The X-axis shows time
in minutes. The Y-axis shows the normalized error calculated as the
absolute difference between predicted and actual peak participants
normalized by actual peak participants. The baseline "current" as-
sumes current number of participants as peak. It can be seen that
the prediction algorithm in PnM has better accuracy than the base-
line and generally improves over time. In contrast, Fig.7 indicates
accuracy for recurring calls.
7.7 MIP performance

We now show the execution time of the MIP. Recall that we run
MIP every 2 minutes. When running the MIP, we put the conditions
that MIP finishes under 2 minutes or when within 10% of optimal
solution. Fig.15 shows the CDF of the running time of the MIP. We
show it for PnM (using all 3 ideas) when the cluster sizes (C) are
3600, 3000 and 2850.We found that MIP always produced a migration
assignment in all the cases (no failure). It can be seen that for C =
3600 and 3000, the max. time to compute the migration assignments
was 5 and 49 seconds. For cluster size of 2850, max. time bumped
up to 107 sec (when the incoming calls are at peak).

Figure 16: Setup
for evaluating
impact of call
migration.
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Figure 17: CPU util. and traffic received during migration.

7.8 Testbed: migration performance
In this section, we show that PnM can migrate the calls without

any impact on the performance. To do so, we built our MP imple-
mentation based on how MPs handle traffic in production (§2.2).
As shown in Fig.16, we have three calls (A,B and C). Call-A and
Call-B have two participants while Call-C has three participants.
We have two MPs running on single core VMs (MP-1,2). We first
collect traffic trace for one of the video calls in Teams and replay it
at each participant. PnM assigns the calls to MPs and later migrates
the calls. Fig.17 shows the CPU utilization on two MPs as well as
traffic received at one participant of each call. There are four events
that we describe below:

Event-A. At time = 1sec, the first participants on all three calls
join. Call-A and Call-C are assigned to MP-2 and Call-B is assigned
to MP-1. At this point, since only first participants have joined
the call, there is no network traffic. Event-B. At time = 2 sec,
all the remaining participants join the call; MP-1 and -2 have 2
and 5 participants. The CPU utilization is a function of number of
participants (not linear), which is also reflected in CPU utilization
(Fig.17). At this point, the participants start to receive network
traffic from other participants on their calls.

Event-C. to reduce the imbalance in CPU utilization, we migrate
call-A to MP-1 starting at time = 10 sec. To do the migration, PnM
controller sends the signals to MP-1 and MP-2 indicating migration
to MP-1. It then sends signals to both the participants of the call-A.
However, due to the delays (network or controller), both partici-
pants may not start moving to MP-1 at the same time. To account
for this, first participant on call-A moves to MP-1 at time = 10 sec,
while second participant moves at time = 11 sec (Event-D). During
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10𝑡ℎ second, MP-2 relayed the traffic to MP-1 for call-A. Event-D.
At time = 11 sec, the second participant on call-A moves to MP-1
that completes the call migration. At this point, call-A and call-B
are assigned to MP-1, while call-C is assigned to MP-2. MP-1 and
MP-2 have 4 and 3 participants and process roughly 1Mbps and
1.1Mbps traffic and CPU utilization changes accordingly (Fig.17).

Fig.17 also shows the traffic received by one participant from
all three individual calls. We observe that there was no packet
drop during migration – even though both the participants on
call-A moved to MP-1 asynchronously. The participants continued
to receive video streams from each other and the call progressed
without interruptions. Lastly, Teams deploys state-of-art video
codecs that are resilient to packet losses to a certain extent and also
benefit from jitter buffers[15]. Such mechanisms can help even in
the cases of packet loss or reordering during migration.
7.9 PnM component benchmark

PnM controller (§4.2) has many modules. We show the perfor-
mance and overheads of these modules.

First, PnM uses queues to receive messages from individual par-
ticipants when they join/leave, or when they change the media type
or quality. We used Azure Queues[1] to implement such queues,
which is equivalent to popular distributed event streaming plat-
form Kafka[5]. We create the Azure Queue in the same DC as PnM
controller. We found that we can push messages from different
participants at roughly 10K messages/sec. A single thread in PnM
can only pull roughly 1K messages/sec. However, pulling messages
scales with more threads. With 10 threads, PnM could keep up
with the rate of messages pushed. Currently, a throughput of 10K
messages/sec is enough in PnM even during busiest time. To in-
crease the throughput further, we simply need to create new queues.
Lastly, the cost of using Azure Queues is minuscule compared to
number of MPs required in PnM.

Second, PnM uses Azure Redis[11] to store details about recur-
ring calls. Again, we create Redis in the same DC as PnM controller,
and observe 1-2 msec read latency. To store number of participants
for last 10 instances for 1 billion recurring call series, we only need
38GB (8B call ID + 30B data), and incurs very small cost overhead.

All other components in PnM controller run on a single VMwith
32 cores. The model that predicts the peak number of participants
with the age and current number of participants runs every 24 hours
and finishes under a few minutes. It is preloaded in PnM controller
as key-value pairs and takes <1GB. Lastly, we have already covered
the latency to run the MIP for migration in §7.7.
7.10 Sensitivity analysis

PnM uses the following parameters. Due to limited space, we
explain their sensitivity below:

(1) Number of instances for LLR (𝐾): we set it to 5. Lower values
converge to LL that suffers from higher hot MPs. Higher values
increase the hot MPs slightly as calls get places on MPs with higher
CPU. (2) MIP execution time: we set it to 2 mins. Lower values can
result in MIP not finishing in time. Higher values result in MPs
running hot for longer duration. (3) Number of virtual clusters (𝑁 ):
We set it to 4. Lower values result in MIP taking longer. Higher
values cause resource fragmentation. (4) Number of migrations (𝐿):
we set it to 1000, which is a small fraction of overall active calls.
Larger values result in more migrations but MIP takes shorter time.

Smaller values of L reduces number of migrations but make MIP
take longer and infeasible at times. E.g., L=1000 results in 16% higher
number of migrations than LLR+M (Fig.9), whereas L=500 results
in similar number of migrations as LLR+M but MIP took longer.

8 Related work

Conferencing. Conferencing services such as Zoom[12], Mi-
crosoft Teams[7], Google Meet[4], DingTalk[3], and others have
received considerable community attention[18, 19, 32, 38, 51]. Some
of the recent work include: (a) resource management[16], (b) net-
work condition based video quality adaptation[36], (c) low la-
tency video transport network[35, 39], and (d) codec and trans-
port collaboration[25, 55]. In contrast, PnM focuses on intelligently
packing the calls within DCs to provide good user experience.

Layer-4 and layer-7 load balancers (LBs). Recent works on LB
focus on cost, availability, scalability. Ananta[43] and Maglev[22]
are running in production. [27, 40, 53] use hardware to save costs.
[14, 42] focus on improving the resiliency of LB. Unfortunately,
such works focus on spreading TCP flows uniformly that does not
work well in PnM due to differences in call sizes. Similarly layer-7
LBs such as Yoda[26] also fall short as layer-7 information does not
contain the call size and hence ends up with poor performance.

Server (MP) selection. LikeMP selection problem in PnM, prior
work to study server/DC/replica selection[20, 24, 34, 37, 50, 54]. [46,
47] focus on replica selection to improve the tail latency. However,
such works assign the server only once. In contrast, PnM focuses
on using call history for initial assignments and migration to cool
down hot MPs.

VM/container packing. [29] and [52] focus on packing VMs
and containers. Unlike PnM, such works do not deal with elasticity
of the calls – size of the calls grow and shrink during its lifetime.
Also, such works do not have opportunities to use historical data
(recurring calls). Works such as Borg[49] focus on preemption. Un-
fortunately, due to real-time nature of live calls, we cannot preempt
the calls.

Using apriori knowledge. Like PnM, other works also use
apriori knowledge about the workload to improve performance,
but operate in different contexts. Corral[31] and Jockey[23] show
that 40% of the big data jobs are recurrent, and use such history to
improve performance. Similarly, SLearn[30], SIA[21], DOTE[44] use
apriori knowledge to improve CoFlow scheduling, ML scheduling,
traffic engineering. [13, 17] predict the lifetime of the VM to improve
resource utilization. PnM currently does not predict the arrival and
lifetime of the calls. We leave it to the future work.

9 Conclusion

We present PnM to efficiently pack the calls across MP (Media
Processor) servers inMicrosoft Teams– a large conferencing service.
PnM splits the assignments in two phases: First, we leverage rich
historical call data to improve the call assignment.While it improves
the performance, it is not perfect and can still lead to poor user
experience for some of the calls. Our second idea is change the MP
assignment midway during the calls (once the call size converges)
to move the calls away from the hot MPs. Our evaluation using
O(10 million) calls from one of our DCs shows PnM can reduce
number of participants on hot MPs by minimum 2.5×.
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