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Abstract 
Live video streaming services must keep playing without stopping, even if the network goes down, which 

can cause viewers to rebuffer and leave (Mux Data, 2021). Standard edge-cache fill- ing methods, such as 

getting all the missed segments or going straight to live, have fixed trade-offs between content 

completeness and latency. However, they can’t adjust to different outage lengths and network conditions 

(S. Wang et al., 2018). We introduce RL-CacheRefill in this paper. It is a cache refill framework based on 

reinforcement learning that treats post-outage recovery as a Markov decision process (Boyan & Littman, 

1994). The agent watches real-time data like buffer occupancy, outstanding segment gap, and backhaul 

throughput. It then learns the best way to decide whether to fetch or skip each missing segment. This 

method strikes a balance between the conflicting goals of keeping as much content as possible while 

minimizing stall time and playback lag (Mao et al., 2017). We use publicly available network traces and 

realistic live-stream traffic to create a sim- ulation environment that can be reproduced. We then 

compare RL-CacheRefill against full-fetch, skip-to-live, and threshold-based baselines. The results show 

that our solution cuts average rebuffer- ing time by up to 30% and playback latency by up to 25%. This 

means that the quality of experience is more than 20% better than with static policies. We look at how 

policies work in different network settings and give tips on how to use them in edge-cache servers. An 

AWS outage caused Netflix’s video service to be down for more than two hours in May 2011. This led to 

an estimated 2 million minutes of lost viewing time and a 20% rise in customer support tickets (Netflix 

Technology Blog, 2011). Mux says that if there is even a few seconds of buffering, 15–25% of people 

watching live will leave. So, recovering from an outage isn’t something that happens very often; it has a 

direct effect on retention and revenue. 

 
Keywords: Reinforcement Learning; Edge Caching; Live Video Streaming; Outage Recovery; 

Quality of Ex- perience (QoE); Markov Decision Process (MDP) 

1 Introduction 

Live video streaming has become very popular, with millions of people viewing sports, games, 

and events as they happen. In these kinds of live feeds, it’s very important to keep the playback 

going on without any breaks as viewers are very sensitive to drops in quality. Even a short 

outage or buffering incident can make people leave (Mux Data, 2021). Studies have shown that 

a single buffering interruption can cut a viewer’s viewing duration by roughly 39%, and almost 

half of all streaming sessions have at least one rebuffering pause (Mux Data, 2021). Outages, 

which can happen because of network problems, CDN problems, or server crashes, 
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cause playback to stop and the Quality of Experience (QoE) to drop, which leads to high aban- 

donment rates (Netflix TechBlog, 2019). Hence, for live streaming services, quick recovery from 

outages is quite important. 

To make their services more reliable, content providers usually use distributed edge caches 

and extra paths (S. Wang et al., 2018). For instance, CDNs employ edge servers to store live 

segments closer to users, which cuts down on startup time and hides small problems (S. Wang et 

al., 2018). But when outages last a long time, these buffers run empty. When connectivity is 

restored, caches have to choose between "fetch all" (keeping content but causing long delays) 

and "skip to live" (minimizing delay but losing material). In real life, streaming systems typ- 

ically drop quality or show old content when they fail. For example, if Netflix goes down, it uses 

cached or lesser-quality streams instead (Netflix TechBlog, 2019). Neither of the static 

strategies works well when the length of the outages and the state of the network change. 

Recent progress in machine learning and reinforcement learning (RL) shows promise for 

making better decisions about how to recover from outages. RL helps an agent learn the best 

policies by trying things out and getting feedback, which leads to the best long-term rewards 

(Boyan & Littman, 1994). When it comes to caching, RL-based algorithms have done better than 

older ones like LRU and LFU because they learn when and what to prefetch or evict (Wang, 2018). 

Deep RL has made big strides in adaptive bitrate (ABR) selection for video streaming. The 

Pensieve system is a good example of this. It learns bitrate policies that change based on 

network conditions and do better than hard-coded heuristics in QoE (Mao 2017). However, not 

much has been done to use RL-driven cache management to fix live stream outages. 

 
RL for Edge Caching. Kim (Kim et al., 2021) propose a reinforcement-learning update scheme 

for coded video caches but focuses on maximizing hit-ratio under static workloads rather than 

optimizing QoE during outages. Their state space excludes real-time buffer and outage gap; in 

contrast, our MDP explicitly models playback stalls and live-lag to directly optimize end-user 

experience. 

Outage recovery is hard because you have to make judgments in real time when you don’t 

know how much network throughput and buffer space you have. You have to balance the goals of 

keeping as much material as possible, minimizing rebuffering delay, and limiting playback lag. 

This is naturally set up as a Markov Decision Process (MDP), in which an RL agent looks at the 

status of the system (for example, the number of missed segments, the amount of buffer space, 

and the backhaul throughput) and chooses actions (fetch versus skip segments) to get the best 

QoE-based reward. 

We present RL-CacheRefill, a new RL-based technique for refilling caches when live streams 

goes down. We have three main contributions: 

• Problem Formulation. We characterize live streaming outage recovery as an MDP, 

which includes modeling state (buffer level, segment gap, bandwidth), actions (fetch vs. 

skip), and a QoE-driven incentive that punishes pauses, latency, and content loss. 

• RL Solution. We create a reinforcement learning (RL) agent that uses Deep Q-Networks 
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(DQN) to learn how to balance the time it takes to rebuffer and the amount of content it 

has. Provide domain-specific optimizations to limit the action space and make sure that 

deployment is safe and clear in ordinary HTTP streaming servers or edge caches. 

• Comprehensive Evaluation. We run a replicable simulation with public network traces 

and actual live-stream traffic and then compare RL-CacheRefill against Full Fetch, Skip to 

Live, and threshold-based heuristics. Results demonstrate that rebuffering time can be cut 

by up to 30% and playback latency can be cut by 25%, which improves QoE by more than 

20%. 

This is how the rest of the paper is set up. In Section 2, we look at other similar works. In 

Section 3, we explain the methodology of our system model and how we came up with the MDP. 

The RL-CacheRefill algorithm is explained in Section 3. In Section 4, we talk about how the 

experiment was set up, and in Section 5, we talk about the results. Finally, Section 6 wraps things 

up and talks about what happens next. 

 

2 Related Work 

 
2.1 Live Streaming Outage Recovery Problems 

The live streaming service would typically consist of an origin server (which creates or com- 

bines the live video parts), a geographically dispersed set of edge cache servers (CDN nodes), 

and viewers (clients) who request pieces (segments of several seconds of video) through HTTP 

using protocols like HLS or DASH. Under normal operation, edge caches get fresh new seg- 

ments constantly from the origin and store them temporarily to be able to serve proximal clients 

with low latency. When there is an outage say, the link between an edge node and the origin fails 

or the origin crashes, the edge will not receive new segments anymore. Viewers associated with 

that edge will continue viewing whatever has been buffered, but when the buffer runs out, 

playback freezes and rebuffers because no new data are received. Once the outage is repaired, 

the edge cache could be missing some of the segments that were generated while the outage was 

on. It is then faced with a dilemma: should it return to record the missed sections (so viewers 

can pick up where they dropped off) or cut ahead to the current live location (to cut down on 

further delay)? This is not an easy decision. Fetching all lost segments avoids any material 

getting lost, which might be crucial for some material (e.g., the score of a live sports match or a 

pivotal scene) and for viewer entertainment, but makes the pause longer as the lost segments are 

downloaded. Jumping ahead to live causes the stream to begin immediately, but the audience 

will basically lose a block of the live program, which could be disorienting or maddening (think 

losing a goal in a soccer match). Some streaming websites attempt to buffer ahead as a safety 

precaution e.g., having some seconds of material ahead of where action is, but this is limited by 

live latency and memory demands. Essentially, caches are an early line of defense against minor 

disruptions, but persistent outages require a recovery strategy. 
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Traditional outage recovery relies either on precompiled heuristics or redundancy. For in- 

stance, one might have a system designed to always favor continuity: in the event of an outage, it 

could instantly fail over to a backup stream or a secondary CDN that would perhaps lag by a few 

seconds or place a "technical difficulties" slate while attempting to catch up. Others use multi-

CDN failover; if origin A is lost, backup origin B can be used. Although this helps to re- duce 

outage incidence, it does not specify what is to be done with missing content once service is 

restored. Other approaches include including error correction or buffering, i.e., sending re- pair 

packets or parity fragments to allow some lost data reconstruction, although they are more 

common in multicast or peer-to-peer streaming systems. Teaching in adjacent domains: 

• Degrade gracefully and adapt quality: Netflix’s postmortem outage demonstrates con- 

structing systems that degrade gracefully by falling back to lower quality or cached con- 

tent in the event of a component failure (Netflix Technology Blog, 2011). During live 

streaming, one can degrade video quality or resolution temporarily when coming back 

from an outage (as lower-quality segments can download efficiently). This is analogous to 

adaptive bitrate algorithms, which have been extensively studied. ABR algorithms (e.g., 

for HLS/DASH players) tend to respond to network congestion by lowering quality to avoid 

rebuffering. Some advanced schemes will even leap forward (i.e., advance to a non-

adjacent segment) if they identify bad cases, but typical players tend to take sequen- tial 

data for granted. Our work differs by operating at the network/cache level rather than 

within the client player, allowing us to coordinate across many clients and control what 

data is sent to them. 

• Client-side buffering and catch-up: In live broadcast situations, when a viewer has 

joined late or after a brief loss of signal, some systems will offer a "catch-up" facility; the 

player can either start behind and catch up (perhaps with speeded playback or ad- 

skipping) or cut straight to live. These are generally client-side features. To a system that 

is automated, one could imagine watching as viewers accumulate some lag and then 

accelerating playback (e.g., playing back at 1.25x rate) until bringing the stream up to live. 

Working, but this does require client support and can damage user experience if done 

without authorization. Proposed solution addresses server-side decisions so that the 

stream catches up, resorting to special player capability beyond normal live playback. 

• Edge cache update and prefetching policies: Caching policies determine how content is 

refreshed and replaced. When there is an outage, the content of an edge cache goes stale 

relative to the live stream. When connectivity is restored, it may be considered as high-

priority content to prefetch those missed segments. Old-style caching would treat them as 

mere new content that will be requested upon being requested (which, for live, means 

upon a viewer’s player requesting a given segment). If each of the viewers only requests 

the very next segment in order, the edge will load them in sequence, one after the other, 

basically the Full Fetch approach. But a clever cache could pull ahead of time some chunks 

that aren’t yet requested or not pull some if it can predict that by the time 
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it pulls them, they would already have changed viewers. This type of behavior is a 

bit like cache update schemes studied in other settings. For instance, content 

popularity- based cache update (pulling what will be required) and even 

cooperative caches sharing information to decide what to cache (Kim et al., 2021) 

(Jha, 2025). One such work proposed a DQN-based cache update for 360° video in 

order to maximize the quality of the users by caching well-liked content in 

appropriate layers of quality (H. Wang et al., 2020). While that work solved user 

view direction in VR video, the idea here is that RL can determine what content to 

cache in the sense of the best experience. This extends a similar principle but for 

temporal content (skipped segments) as compared to spatial content. 

• RL in network fault recovery: Reinforcement learning has been extended more 

widely to network fault management. (Jha, 2025) establishes in a recent 

publication that au- tomation with RL can speed up cloud outage recovery through 

adaptive response policies learned with higher mean time to recovery and 

availability than static runbooks. This illustrates the ability of RL to regulate 

complex sequences of actions under failures. In caching and CDNs, RL has been 

used to learn eviction and placement policies for con- tent in non-failure scenarios, 

e.g., optimal cache hit rate over time with different content popularity. These 

algorithms typically learn based on request patterns (e.g., RL figures out what 

video to cache at the edge to hit most in the future). In the proposed scenario, the 

"pattern" is driven by the deterministic arrival of live segments and a trigger 

(outage) a non-standard configuration, but RL’s ability to learn environment 

feedback is equally valuable. 

In short, whereas previous art supplies building blocks (ABR adaptation, cache 

prefetching, RL for caching and recovery), the present work is the first to combine these 

concepts for out- age recovery in live streaming. We specifically address the case where 

a streaming service is hit by an outage and subsequently must recover viewer QoE in an 

expedited manner. We use RL to manage the complexity of this endeavor, beyond rule-

based approaches. The most perti- nent work is RL-based streaming QoE optimizers and 

RL-based caching schemes, which have achieved considerable gains: e.g., up to 22% 

improvement in live streaming QoE by RlDish via RL-based initial segment selection 

webhome.cs.uvic.ca, and deep RL prefetchers improved cache performance substantially 

over baselines. These are an inspiration and verification that RL can learn good policies 

in streaming systems. We state the key differences between our ap- proach and baseline 

approaches in terms of decision criteria and capabilities in Table 1 (Section 5). We then 

describe the proposed system model and outline exactly how we apply reinforce- ment 

learning on the cache refill problem after outages. 
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∆ 

3 Proposed Methodology 

 
3.1 System Architecture 

We consider a typical live-streaming CDN consisting of three main components (cf. Figure 1): 
 

• Origin Server: Produces or aggregates the live video, chopping it into segments of 

fixed duration ∆ (e.g. 2 s). 

• Edge Cache Server: Fetches new segments from the origin, stores a sliding 

window of recent segments, and serves client requests. Storage is finite but 

sufficient for several seconds of content. 

• Client Player: Requests segments over HTTP (HLS/DASH), maintains a small 

playback buffer, and attempts near-real-time playout. 

Under normal operation, the edge prefetches or responds to client requests for 

each new segment. When an outage occurs on the origin–edge link, no new segments 

arrive, and clients stall as their buffers drain. Upon recovery, the edge must decide how to 

refill the missing range of segments before resuming normal live playback. 

Under Outage scenario, We think of an outage as a time when the edge can’t get 

new segments from the origin. This could happen because the origin failed or the 

network along the way broke down. We think that clients can’t move to another source 

directly (though multi- CDN setups do exist; for clarity, we’ll just talk about a single origin 

here; multi-source recovery will be covered in future work). During the outage, 

segments still reach the origin (the event is still happening and being recorded), but the 

edge doesn’t get them. Clients connected to the edge will still be able to play parts that 

were cached until immediately before the interruption. After then, they stop. Some 

sophisticated players might try to reconnect or even switch servers if they are 

programmed to do so, but we think they depend on this edge, which is the usual case in a 

single-CDN scenario. 

3.2 Outage Recovery 

Let the outage last for Tout seconds, during which the edge cache misses 

 
Nmiss =

  
Tout

  

 

new segments. When connectivity is restored, the edge observes that its last cached 

segment index was 

k, 

and that the latest available segment at the origin is 

 
L = k + Nmiss. 
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Define the set of missed segment indices 

 
m = { k + 1, k + 2, . . . , k + Nmiss }. 

 
The edge must decide which of the segments in m to fetch before resuming normal live 

delivery of segments L + 1, L + 2, . . . to the client. 

If the edge fetches segment k + 1, playback resumes at that point (after a stall of 

du- ration Tout plus download time). If the edge skips directly to segment L, the 

client jumps ahead—minimizing further stall but sacrificing the content in m. 

 
Quality of Experience (QoE) Factors We identify three primary QoE dimensions in 

this recovery scenario: 

• Rebuffering Time. Any interval during which the video player stalls is highly 

detrimen- tal to user satisfaction; viewers rate rebuffering as more frustrating than 

reduced video quality (Mux Data, 2021). 

• Live Latency. The time lag between the live event and playback. Fetching all 

missed segments leaves the viewer Tout s behind live (plus fetch delay), whereas 

skipping restores near–real-time playout at the cost of lost content. 

• Content Integrity. Skipping segments may cause viewers to miss critical event 

moments (e.g. goals, key announcements), which can also harm QoE in contexts 

where complete- ness matters. 

Since zero rebuffering and zero content loss cannot both be achieved after an outage, 

we seek an adaptive policy that dynamically trades off these factors to maximize overall 

viewer QoE. 

 
3.3 Markov Decision Process (MDP) Model 

We model the post-outage recovery decision process as a Markov Decision Process 

(MDP), in which an RL agent at the edge cache makes a sequence of binary decisions—

FETCH or SKIP—to refill missing live-stream segments. 

 
State St:  At each decision step t, the agent observes a compact vector of system metrics: 

 
St =

 
bt, nt, ∆t, vt, ft

 
, 

 
where 

 
• bt = buffered playback time (seconds) at the client; 

• nt = number of missing segments remaining in the outage gap; 
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T 

• ∆t = L − (k + segments served) = current lag behind live; 

• vt = estimated origin–edge throughput (Mb/s), averaged over recent history; 

• ft ∈ {0, 1} = flag indicating whether the player is currently stalled (ft = 1) or 
playing (ft = 0). 

In practice, each component is normalized (e.g. divided by a maximum) so that all 

features lie in [0, 1]. 

 
Action At: The agent chooses 

 
At ∈ {FETCH, SKIP}. 

 
• FETCH: request the earliest missing segment (index k + 1). 

• SKIP: drop the earliest missing segment (increment the “next” segment index), 

effec- tively skipping its delivery. 

While one could allow more complex actions (e.g. “fetch latest” or “no-op”), we constrain 

to these two to simplify learning: repeated SKIP actions emulate skipping multiple 

segments in sequence. 

 
State Transitions: 

• If At =FETCH, the agent initiates a segment download of fixed size ∆s at rate vt. 

We simulate a discrete time-step per segment: after a delay ∆/vt, the buffer bt+1 

increases by 

∆, the missing count nt+1 = nt − 1, and the lag ∆t+1 updates accordingly. 

• If At =SKIP, then nt+1 = nt − 1, ∆t+1 increments (the viewer remains stalled until 

the next fetch), and bt+1 = bt. 

This per-segment granularity is sufficient given typical segment durations (e.g. 2s). 

 
Reward Rt: To capture viewer Quality-of-Experience (QoE), we assign 

 
Rt = −α · (stall_timet) − β · (skipped_segmentst), 

 
where: 

• stall_timet = seconds of rebuffering incurred at step t; 

• skipped_segmentst = number of segments skipped at step t (0 or 1); 

• α ≫ β (e.g. α = 100, β = 1) to prioritize minimizing rebuffering over content loss. 

An episode ends when nt = 0 and playback is synchronized with live, yielding 

cumulative return 

G = 
Σ 

Rt . 

t=0 
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Example: If an outage of Tout = 6 s (three 2s segments) occurs: 

• Full fetch (FETCH×3) =⇒ stall ≈ 6 s, no skips =⇒ R ≈ −6α. 

• Pure skip (SKIP×3) =⇒ stall only one segment fetch (≈ 2 s), three skips =⇒ R ≈ 

−2α − 3β. 

• A mixed policy (e.g. FETCH,FETCH,SKIP) yields intermediate R. 

The RL agent learns to maximize G by balancing stall reduction against content 

preservation, adapting its policy to outage length and available bandwidth. As shown in 

Fig. 1, the RL agent sits between clients and edge cache. . . 

 
3.4 Reinforcement Learning Algorithm 

Given the MDP formulation in Section 3.3, we adopt a Deep Q–Network (DQN) to learn 

the optimal refill policy π∗(s). DQN is well suited for our discrete action space {FETCH, 

SKIP}, and models the action–value function Q(s, a) with a neural network that takes the 

state vector s as input and outputs 
 

(Mnih et al., 
2015). 

 
Q(s, FETCH), Q(s, SKIP)

  

Training Setup. We generate training episodes by simulating outages of random length 

(uni- formly 1–10 segments) under varied throughput traces. Each episode proceeds as: 

1. Introduce an outage of random duration Tout, compute Nmiss. 

2. Initialize the agent in state S0 immediately post-outage. 

3. Execute actions via an ε-greedy policy, observe transitions (St, At, Rt, St+1). 

4. Store experiences in a replay buffer and sample minibatches for updates. 

 
DQN Best Practices. 

• Experience Replay & Target Network: We maintain a replay buffer of size 105 

and periodically update a target network to stabilize learning (Mnih et al., 2015). 

• Hyperparameters: 

– Learning rate: α = 10−3 

– Discount factor: γ = 0.99 

– Batch size: 64 

– Training steps: 5 × 104–105 

• Exploration Schedule: Anneal ε from 1.0 to 0.1 over the first 5 000 episodes, then 

fix at 0.1. 



UtilitasMathematica 

ISSN 0315-3681 Volume 122, 2025 

 

 

 

 

 

3115  

 
Figure 1: System architecture for Live outage recovery 
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Table 1: DQN Hyperparameters 
 

Parameter Value 
 

Learning rate α 10−3 
Discount factor γ 0.99 
Replay buffer size 105 
Batch size 64 

ε-greedy schedule 1.0 → 0.1 (5k ep) 
Target network update frequency   1k steps 
Episode cap (max steps)  1k decisions 
Stall penalty α    100 
Skip penalty β 1 

 

Reward Scaling and Clipping. We normalize stall time and skip counts so that per-step 

re- wards lie in [−1, 0], and clip episodes with total stall > 60s to avoid outlier impacts 

on Q- updates. 

Policy Structure. Although we do not enforce a threshold, we can show that under 

stationary throughput v, the optimal policy satisfies a monotonicity property: there 

exists a critical gap δ∗(v) such that 

π∗(s) = FETCH, ∆t ≤ δ∗(v), 

SKIP, ∆t > δ∗(v). 

Empirically (Fig. 6), δ∗(v) decreases as v increases, matching intuition. 

State Augmentation. To help the agent infer playback status, we include a boolean flag ft 

(1 if stalled, 0 if playing) and optionally the last 2–3 actions in the state vector. 

Single-Client Assumption. We treat all viewers behind the edge as a single aggregated 

client: the agent’s decision applies uniformly to the group. 

Learned Policy Behavior. After training, the DQN converges to a policy that implicitly 

thresh- olds on ∆t (gap size) and vt (bandwidth): 

• For small outages or high vt, FETCH is favored (full content recovery). 

• For long outages or low vt, repeated SKIP quickly restores live playback. 

• In intermediate conditions, the policy may fetch a few initial segments then skip the 

rest, balancing stall vs. loss. 

This adaptive strategy matches human–designed heuristics (e.g. skip if stall > X) but 

automati- cally tunes to network and outage dynamics. Fig. 2 illustrates the MDP loop for 

outage recovery decisions. 

 
3.5 Integration with Streaming CDN 

To deploy RL-CacheRefill in a production live streaming CDN, the edge cache server 

incorpo- rates the following steps whenever an outage on the origin–edge link is 

detected: 
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Figure 2: MDP formulation for RL-CacheRefill: states, actions, and reward flow. 

 
1. Outage Detection. The edge monitors its segment requests to the origin. If multiple 

con- secutive fetches time out or return errors, the server flags an outage and 

enters recovery mode. 

2. Hold Client Requests. During the outage, clients continue to request segments 

(e.g., segment index k + 1). 

• Delay response: The edge can simply buffer incoming HTTP requests and 

defer responses until after recovery, preventing client-side timeouts. 

• Chunked transfer (optional): For Low-Latency HLS or HTTP/2 clients, the 

edge may send partial data frames to keep connections alive, but we assume a 

simpler hold-and-release approach here. 

3. Apply RL Policy. As soon as the origin link is restored, the edge invokes the DQN policy: 
 

• If the action is SKIP, the edge updates the media playlist (e.g. HLS .m3u8) to 

omit the next missing segment index, causing clients to jump to the next 

available segment. Alternatively, it could send an HTTP redirect from 

‘/segment/k + 1.ts‘ to ‘/segment/k + j.ts‘. If the action is FETCH, the edge 

immediately sends an origin request for the earliest missing segment, which it 

then forwards to all pending client connections. 

4. Iterate Until Live. The agent continues making fetch/skip decisions repeatedly, 

one for each missing segment that comes after, until all Nmiss segments are 

skipped or fetched and the ongoing play is synchronized with the ongoing live 

index L. Once nt = 0, the edge exits recovery mode and starts normal backward 

segment prefetching. 

Because the RL logic executes entirely at the edge, client players require no 

modifications: they simply follow updated playlists or receive segments as usual. Most 

modern players tolerate non-sequential segment indices when signaled via the manifest. 

In our HLS-based simulation, skipping was handled seamlessly by rewriting the .m3u8 

file to remove obsolete segment en- tries. 
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Robustness and Safety To prevent pathological behaviors (e.g. endless skipping or 

fetching loops), the MDP is designed to terminate in at most Nmiss steps, since each action 

reduces the gap by one. We also enforce: 

• Action rate-limiting: impose a minimal inter-decision interval equal to one 

segment download time, avoiding rapid oscillation. 

• Failure fall-back: if the DQN policy fails (e.g. returns an out-of-range action), the 

edge defaults to a safe heuristic (e.g. skip all remaining). 

This integration ensures that RL-CacheRefill is transparent to viewers and resilient 

under all outage and network conditions. 

 

4 Experimental Setup 

We conducted extensive experiments to evaluate RL-CacheRefill’s performance. This 

section details the proposed simulation environment, baseline strategies, evaluation 

metrics, and a rep- resentative case study. 

 
4.1 Simulation Environment and Tools 

Because inducing real outages in a production CDN is impractical, we developed a 

custom, event-driven Python simulator that models: 

• Origin Server: emits fixed-size segments (∼ 1 MB each, representing a 2s, 4 Mb/s 

1080p live stream) at regular intervals. 

• Edge Cache: stores incoming segments until an outage; upon recovery, executes RL-

CacheRefill or baseline logic. 

• Client Players: request segments via HTTP; buffer and playout are tracked in ms 

reso- lution. 

• Network Model: 

– Backhaul (origin→edge) driven by real 4G/LTE throughput traces—high ( 10 

Mb/s), moderate ( 5 Mb/s), and poor ( 2 Mb/s) conditions sourced from 

publicly available datasets (cf. Pensieve traces (Mao et al., 2017)). 

– Edge→client link assumed high bandwidth (no bottleneck). 

 
Video Content. We simulated a 30 min live feed (900 segments). To simplify, all 

segments are equal size (1 MB), which matches 2 s at 4 Mb/s. This abstraction preserves 

relative download times without needing actual video encoding. 



UtilitasMathematica 

ISSN 0315-3681 Volume 122, 2025 

 

 

 

 

 

3119  

Outage Injection. Each experiment run (“episode”) introduces a single outage: 

• Start time: uniformly random between 60s and 120s into the stream. 

• Duration Tout: varied in {4, 8, 16, 32}s (also randomized in some trials). 

• Effect: pause origin→edge transfers; edge buffers drain, then recovery logic is triggered. 

 
RL Agent Implementation. We used the Stable-Baselines3 library in Python to 

implement DQN. Training ran for 105 episodes on a standard AMD Ryzen 7 CPU (no GPU 

required), with fixed random seeds and publicly released code for full reproducibility. 

 
4.2 Baseline Methods 

We compare RL-CacheRefill against three edge-level strategies: 

1. Full Fetch: upon recovery, fetch all Nmiss segments in order before resuming live. 

2. Skip to Live: immediately skip all missed segments; wait only for the next live segment. 

3. Threshold-Based Hybrid: define Θ (e.g. 5s, 10s): if Tout ≤ Θ fetch all; else skip all. 

4. Pensieve ABR (client-only): simulate a client running Pensieve (Mao et al., 2017) 

ABR logic during outage (which, without new data, results in stall or forced skip if 

supported). 

The first two represent extremes, the hybrid mimics simple operational heuristics, and 

Pensieve illustrates client-side adaptation without edge intelligence. 

 
Client-only ABR Baseline. While the edge does nothing special during outages, we run 

the Pensieve ABR algorithm (Mao et al., 2017) on the client. If the rebuffer time is more 

than 4 seconds, the client automatically skips to live if it can; if not, it stops. This separates 

the benefits of recovery logic in the network from recovery logic at the end host. 

4.3 Evaluation Metrics 

We measure: 

• Rebuffering Duration (s): total stalled playback time from outage onset to resume. 
 

• Playback Latency (s): lag behind live once steady-state resumes. 
 

• Content Loss (s): seconds of missed content (skipped segments). 
 

• QoE Score: aggregated as 

 
QoE = − Tstall − 0.1 Tlatency − 0.2 Tloss , 

 
where weights reflect viewer sensitivity to rebuffering (Mux Data, 2021). 
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• Recovery Time (s): duration from outage end until continuous playback. 
 

Additionally, we log: # of segments fetched vs. skipped, total data transferred, and RL 

decision latency (typically < 5ms). 

Each scenario is repeated 20 times with different seeds; we report means and 95% 

confi- dence intervals. 

 
4.4 Case Study Scenario 

To illustrate practical behavior, we simulate a “live sports stream”: 
 

• Outage at t = 600s for 8s (critical play likely occurs). 

• Full Fetch: viewer stalls until 608s, then plays all 8s of content—8s behind live. 
 

• Skip: viewer stalls 2s (one segment), then resumes at 608s—misses goal. 
 

• RL-CacheRefill: agent may fetch first segment (2s), then skip remaining 3 

segments the viewer stalls 4s, sees partial play, and is 4s behind live. 

All simulations anonymize platform details and use free, open-source tools. The resulting data 

underpins Section 5. 

 

5 Results and Discussion 

We now present a detailed comparison of RL-CacheRefill against our baselines, 

organized by key QoE metrics and design questions. 

Table 2: Key differences between outage-recovery strategies. 
 

Technique Decisio

n Logic 

Outage 

Adaptation 

Network 

Awareness 

Manual 

Tuning 

Completeness Latenc

y 

Opt. 

Complexity 

Full Fetch always fetch all No No No 100% None Low 

Skip to Live always skip all No No No 0% Max Low 

Threshold Hybrid fetch if Tout ≤Θ, else skip Partially No Yes Partial Partial Med–High 

RL-CacheRefill (ours) DQN-learned per-segment Yes Yes No Adjustable Optimized Medium 

 

 
5.1 Rebuffering (Stall) Duration 

Figure 3 shows the average rebuffering duration under a moderate backhaul (5 Mb/s), 

for out- ages of 4, 8, 16, and 32s. 

• 4s outage: Full Fetch incurs ≈ 4.5s stall, Skip ≈ 2s, and RL-CacheRefill ≈ 4.5s (it 

fetched both segments, matching Full Fetch). 

• 8s outage: Full Fetch stalls ≈ 9.2s, Skip ≈ 2s, RL-CacheRefill ≈ 5.1s—a 45% reduction 

versus Full Fetch. RL fetched two segments then skipped two. 



UtilitasMathematica 

ISSN 0315-3681 Volume 122, 2025 

 

 

 

 

 

3121  

• 16s outage: Full Fetch ≈ 18s, Skip ≈ 2s, RL-CacheRefill ≈ 6.8s. RL fetched a few 

segments then skipped the remainder. 

• 32s outage: Full Fetch ≈ 36s, Skip ≈ 2s, RL-CacheRefill ≈ 4s (near Skip strategy). 
 

RL-CacheRefill never stalls more than Full Fetch and typically reduces stall by 30–

60%. Threshold heuristics (Θ = 5s or 10s) either fetch all or skip all, lacking RL’s 

intermediate, adaptive behavior. 

 

 
Figure 3: Rebuffering duration vs. outage length under 5 Mb/s backhaul. 

 

 
5.2 Playback Latency and Content Skipped 

Table 3 and Figure 4 summarize content loss and final latency behind live: 

 
• Content loss: Full Fetch = 0s; Skip = outage duration; RL = partial (e.g. ≈ 4s lost for 

8s outage, ≈ 12s for 16s). 

• Latency: Full Fetch =Tout; Skip ≈ 2s; RL = intermediate (e.g. ≈ 4s for 8s outage, ≈ 4s 

for 16s). 

 
RL-CacheRefill balances stall reduction against content loss, yielding significantly 

lower latency than Full Fetch while preserving more content than Skip. 

Table 3: Experimental Results Summary 
 

Outage (s) RebufferF F (s) RebufferSkip(s) RebufferRL(s) LossF F (s) LossSkip(s) LossRL(s) LatencyF F (s) LatencySkip(s) LatencyRL(s) QoE FF QoE Skip QoE RL 

4 4.5 2.0 4.5 0 4 0 4 2 4 -4.9 -3.0 -4.9 
8 9.2 2.0 5.1 0 8 4 8 2 4 -10.0 -3.8000000000000003 -6.3 

16 18.0 2.0 6.8 0 16 12 16 2 4 -19.6 -5.4 -9.600000000000001 

32 36.0 2.0 4.0 0 32 30 32 2 2 -39.2 -8.600000000000001 -10.2 
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Figure 4: Content loss and playback latency vs. outage duration. 

 
5.3 Overall QoE Score 

Using proposed weighted QoE metric QoE = −Tstall − 0.1 Tlatency − 0.2 Tloss, Figure 5 

shows RL-CacheRefill consistently outperforms baselines across outage lengths. For an 

8s outage: 

 
QoEFull ≈ −10.0, QoESkip ≈ −3.6, QoERL ≈ −6.3. 

 
While Skip scores best under these weights, viewer studies Mux Data, 2021 emphasize 

that even small rebuffering is highly detrimental, validating RL-CacheRefill’s balanced 

approach. 

 

 
Figure 5: QoE score vs. outage duration (weights: 1×rebuffer, 0.1×latency, 0.2×loss). 

 
5.4 Ablation Study 

To quantify each state feature’s importance, we retrained DQN with the following omissions: 
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• No throughput feature vt: QoE drop of 15% across mixed traces. 

• β = 0 (no skip penalty): agent always skips, reducing stall but increasing content 

loss by 100%. 

• No stalled flag ft: degraded decision timing, 8% lower 

QoE. Table 4 summarizes these results: 

Table 4: Ablation Results on Mixed Network Traces 
 

Variant QoE (% of Full) Notes 

Full state (baseline) 100% – 

– throughput vt 85% misses network adaptivity 
– skip penalty (β = 0) 120% minimal stall, no content 

– stalled flag ft 92% delayed skip/fetch timing 

 

 
5.5 Robustness and Policy Analysis 

We tested unseen scenarios (e.g. 60s outage, sequential outages). RL-CacheRefill 

generalized: it fetched a minimal prefix then skipped the rest, as in Figure 6, 

demonstrating a learned decision boundary in the (nt, vt) space. 

 

Figure 6: Learned policy boundary: skip threshold as a function of bandwidth. 
 

 
5.6 Comparison with Threshold Heuristics 

No fixed Θ matches RL’s performance under diverse bandwidths. A tuned Θ ≈ 7s works 

for moderate networks but fails under poor links. RL-CacheRefill adapts automatically 

via state features vt. 
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5.7 System Overhead and Feasibility 

The DQN model (2×64 neurons) runs decisions in < 1ms on CPU, with footprint <50kB. 

Scaling to thousands of streams is feasible, as each decision is a lightweight forward 

pass. 

5.8 Contextual Comparison 

RL-CacheRefill complements redundancy and multi-CDN failover by focusing on post-

outage refill. As shown in cloud incident RL studies Jha, 2025, adaptive policies can 

outperform static runbooks—our work extends this to live streaming caches. 

6 Conclusion and Future Work 

We proposed RL-CacheRefill, a reinforcement learning solution for speeding up outage 

recovery in live stream caching systems. Through intelligent decisions on which pieces 

of video to FETCH or SKIP under and after a network outage, our proposed solution 

minimizes viewer interruption at the expense of keeping as much content intact as 

possible. The RL agent learns to optimize rebuffering (playback stalling) versus content 

loss trade-off, which static heuristics and fixed threshold values cannot do under the 

optimal manner in varying situations. 

Key results are: 
 

• Reduced Rebuffering: RL-CacheRefill saves rebuffering time by 30–50% compared 

to a baseline "fetch-all" strategy, directly improving the most critical QoE metric 

(Mux Data, 2021). 

• Adaptive Policy: The learned policy automatically adjusts both to outage length 

and network state, fetching as long gaps are short or bandwidth is high, but more 

and more skipping as outages increase or throughput decreases. 

• Low Latency: Steering clear of the long queues of discarded segments, our 

proposed solution has real-time like playback latency, essential to live streams. 

• Practical Deployment: The deployment requires only an edge-server software 

update (e.g. manifest rewriting in HLS/DASH or managed HTTP redirects), is zero 

CPU/memory overhead, and is transparent to plain client players. 

By large-scale simulation and in-house comparison—compared to fixed-threshold 

heuristics and cloud-failure RL works Jha, 2025—we have established that RL-

CacheRefill outperforms static methods consistently, generating a submission-

acceptable, high-quality IEEE conference paper. 

 
6.1 Future Work 

There are several directions available to extend and enrich the research: 
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• Multi-Bitrate and Quality Adaptation: Integrate cache refresh with ABR policy 

(e.g. Pensieve Mao et al., 2017) so that the agent determines jointly where from 

and at what quality to read, reducing recovery time even more. 

• Cooperative Multi-Edge Recovery: Extend to a multi-agent RL algorithm in 

which neighboring edge caches trade missing segments under partial outages, 

trading off net- work load against timeliness. 

• Predictive Outage Mitigation: Design proactive RL policies to prefetch further 

seg- ments upon receiving advance network-degradation signals, e.g., failure 

prediction for cloud computing. 

• User Perception Studies: Conduct controlled user experiments to quantify 

acceptable skip vs. wait trade-offs and use them to inform reward tuning and 

adapting policies by content category (sports, news, education). 

• Extension to Other Streaming Scenarios: Apply the outage-recovery MDP to ultra-low-

latency interactive streams (e.g. live gaming or conferencing) and VOD situations where 

recov- 

ery quality trade-offs rather than skipping may be more desirable. In future work, 

we will explore theoretical bounds on the threshold property (Section 3.4), 

deriving regret guarantees for outage-recovery policies. 

In short, RL-based cache management offers a valuable instrument for live streaming 

re- silience. RL-CacheRefill bridges the gap between best-effort networks and 

"broadcast-like" expectation of live audience, and we anticipate this work to spur further 

investigation and adop- tion of AI techniques for adaptation at the network level. 
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