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Abstract—Emerging latency-critical applications such as cloud
gaming and industrial automation demand agile and ultra-low-
latency service delivery, which traditional network appliances
struggle to support. Network Function Virtualization (NFV)
addresses this by chaining Virtual Network Functions (VNFs)
into Service Function Chains (SFCs). Parallelized SFCs (PSFCs)
reduce service delay by executing independent VNFs concur-
rently, but introduce significant copy/merge and buffering over-
heads due to synchronization delays across branches. Moreover,
dynamic PSFC arrival rates complicate efficient VNF placement
decisions. This paper presents RL-PARETO, a hybrid deep
reinforcement learning approach that adaptively orchestrates
parallel VNFs while minimizing parallelization overheads and
satisfying SLA constraints. RL-PARETO uses a graph trans-
former encoder with dual pointer-network heads to jointly
generate PSFC partitions and VNF placements in a single pass.
Training integrates Proximal Policy Optimization (PPO) for
stable exploration with a Double-DQN critic for efficient value
estimation. A fallback heuristic ensures feasible deployments
under resource constraints. Extensive evaluations across diverse
network topologies demonstrate that RL-PARETO achieves up to
10% higher acceptance rate and 15% reduction in merge buffer
overhead, while maintaining robust performance under dynamic
conditions.

Index Terms—Network Function Virtualization, Parallelized
Service Function Chain Placement, Reinforcement Learning,
Graph Transformer, Proximal Policy Optimization, Double DQN

I. INTRODUCTION

ODAY’S networked applications—cloud gaming, aug-

mented reality, and automated industrial control—
demand two critical qualities: ultra-low latency and on-
demand adaptability. Traditional hardware appliances for fire-
walls, intrusion detection, and load balancing struggle to meet
these requirements. Network Function Virtualization (NFV)
addresses this challenge by implementing such functions as
software modules (as Virtual Network Functions (VNFs)) on
commodity servers. NFV substantially reduces capital and
operational expenses and enables service deployment in min-
utes rather than months [1]. In an NFV environment, traffic
traverses a Service Function Chain (SFC), visiting each VNF
sequentially. Each hop adds processing and forwarding de-
lay, potentially violating stringent Service-Level Agreements
(SLAs) for real-time flows. To mitigate this, independent
VNFs of an SFC can process packets in parallel, forming a
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Fig. 1: Traditional sequential SFC vs. Parallelized SFC.

Farallelized SFC (PSFC) [2]. For example, packet inspection,
filtering, and logging VNFs may process packets of the same
flow simultaneously instead of sequentially in traditional SFC
(as shown in Fig. 1) [3], [4]. Prior works show that up to
41.5% of VNFs can be parallelized (forming PSFC), reducing
end-to-end delay by approximately 40% [3]. However, PSFCs
introduce two new sources of overhead: (i) Copy/Merge Over-
head: Each packet must be duplicated by the copy module for
parallel processing VNFs and later re-aggregated by using the
merge module, which incurs additional delay. (ii) Buffering
Overhead [5]: In PSFCs, parallel VNF execution creates
multiple branches with varying completion times, requiring
buffering at the merge module to synchronize packet streams.
More delay differences across branches increase buffer occu-
pancy, making it a critical factor in parallel VNF deployment
decisions.

In recent years, several mechanisms have been proposed
to enhance the performance of PSFC deployments. For in-
stance, [6] introduces a scoring-based embedding method that
clusters independent VNFs to balance workload and reduce
latency, while [7] develops a flexible model that captures
interactions between delay, resources and traffic, leveraging
VNF sharing to cut costs. Reinforcement Learning (RL) has
also been applied: NFVdeep [8] uses a Markov Decision
Process to adapt to network variations, and [9] proposes
an A3C-based strategy for latency-aware VNF parallelization
under uncertain resource demands. Despite these advances,
two major issues remain largely unaddressed: (i) the additional
overheads of VNF parallelization (copy/merge delays and
buffering for branch synchronization), and (ii) the dynamic
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nature of service arrivals, which requires adaptive, real-time
placement decisions.

To address these gaps, we propose RL-PARETO, a deep
reinforcement learning framework for adaptive orchestration
of parallel VNFs. It aims to meet SLA constraints while min-
imizing copy/merge and buffering overheads under dynamic
PSFC arrivals. Unlike heuristics that struggle with changing
conditions, RL-PARETO offers a self-tuning approach. For
each PSFC request, it evaluates available CPU, memory, and
bandwidth along with delay deadlines, then (i) partitions the
chain into parallel branches, and (ii) places VNFs while avoid-
ing resource-deficient servers. If no feasible placement exists,
a fallback heuristic—Service Instance Placement Algorithm
(SIPA)—is used. SIPA first minimizes the delay in the critical
branch and then balances other branches to satisfy the SLA
constraints. RL-PARETO employs a Graph Transformer en-
coder to jointly capture node capacities, link delays, and PSFC
structures. Dual pointer-network heads generate partitioning
and placement decisions in one step. Training combines Prox-
imal Policy Optimization (PPO) for stable exploration with a
Double-DQN critic for efficient value refinement. This hybrid
RL design enables real-time adaptation to network dynamics,
with SIPA ensuring robust performance under strict SLAs. The
main contributions of this paper are as follows.

o« We propose a graph-based encoder with dual pointer-
network heads that jointly model node/link capacities
and PSFC split structures to generate partitions and
placements in one shot.

o We integrate PPO for stable on-policy learning with a
Double-DQN critic to enhance sample efficiency, opti-
mizing PSFC service acceptance, latency, and buffering
overhead simultaneously.

o We propose a heuristic that guarantees feasible embed-
dings under strict SLA conditions by greedily placing
VNFs on RL-generated splits, ensuring bounded worst-
case regret.

o The proposed approach achieves up to 10% higher service
acceptance and 15% reduction in merge buffer overhead
across various real-time network topologies.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. Substrate Network

We represent the physical compute—network topology as an
undirected graph G = (V, E), where the node set V' (with
|[V| = N) comprises of servers and the link set E C V x V
(with |E| = L) captures bidirectional fronthaul/backhaul
connections. The topology is encoded by the adjacency matrix
A € {0,1}V*N_ where A,, = 1 exactly when (u,v) € E.
Compute resources at node n are indexed in time as C,(t),
denoting available CPU units, while each link (u,v) provides
residual bandwidth BW,, (t) and can have the propagation
latency £,,. We assume that traffic between any two VNFs
can traverse one of the K precomputed shortest-latency paths
{Pk_ VYK |; selecting path P both reduces each link’s band-
width by the flow demand and contributes - .\ cp £ij to

end-to-end delay. The NFV infrastructure supports a finite
set F' = {F1,...,Fn,} of VNF types. Instantiating VNF
F}, at time ¢t with service rate r4(t) consumes compute effort
fe(t) = mirs(t), where m is a per-unit cost. A node n can
host multiple VNFs so long as

>

i€VNFs on n

fi(t) < Cu(d). (1)

B. PSFC Model and MDP State Representation

PSFC model is defined as the ordered tuple
(PEg,PE;,...,PE,) of n + 1 Parallel Entities (PEs)
(assuming each PE has either one VNF or multiple
parallelizable VNFs), with exactly one parallel stage at index
a € {0,...,n} that splits the workflow into B, € N identical
branches. Fig. 2 illustrates the special case n = 3, a = 1,
so the flow departs PE( (i.e., source (src)), splits at PE;
into B, = B branches, and then reconverges at PE3 before
reaching PE, (i.e., destination (Dest)). At each time ¢, the
state of the system s; embeds all dynamic quantities: the
residual compute capacity of each node C,,(t), the remaining
bandwidth of each link BW,,(¢), the external arrival rate of
PSFC )., the service level deadline 7., the branch count B,
and the traffic rate of each branch r ;(¢).

At each decision epoch, the agent first partitions the re-
maining chain of VNFs at the split stage a, assigning each
function ¢ to one of the B, streams. Instantiating VNF ¢
on branch b at node u consumes ff,(t) = 7;7s,(t), where
1; > 0 is the per-unit compute cost; this placement is feasible
only if Y., ff,(t) < Cy(t) at every u. Then, for each
branch b the agent selects a placement node u and one of
the K precomputed shortest-latency paths P&k_)w. Routing
along P®) deducts r,4(t) from each link’s BW,,(t) and
incurs propagation delay Z(u,v)e p) Luv, Where £y, is the
per-link latency. Once all B, branches complete their assigned
functions and converge at PEj3, the system incurs a fixed copy
delay Ttopy at the split junction (PE,), a fixed recombine
delay Tierge/Trecombine at the join node (PE3), and any
buffer overhead due to early finish branches. Key notations
and symbols used in this paper are listed in Table 1.
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Fig. 2: PSFC model.
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C. MDP Formalization

We model PSFC placement as a finite-horizon MDP M =
(S, A, P,R,~), where S is the set of all possible states, A is
the set of actions, P is the transition function, R is the reward
function, and v = 1 is the discount factor. The aim of this
MDP is to decide both how to split the flow at a designated
stage and where to place each VNF so that the PSFC meets
resource limits and delay requirements. At each decision step
t, the current state is defined by

St = (Gta [PE07' . aPEn]v AT') T’!‘a ita bt; Ut)' (2)

Here, G; = (V, E, {c.(t)}, {BWuy(t)}) is the residual sub-
strate graph. Each node w retains the compute capacity ¢, (t),
and each link (u,v) retains the bandwidth BW,,(¢). The
ordered list [PEy, . .., PE,,] represents the sequence of VNFs,
with the index a marking the split stage (for parallel VNFs).
At stage a, the packets from a PSFC flow are copied into
B, parallel branches. Parameters ), and 7). denote the arrival
rate of PSFC (in requests per second) and the SLA of end-to-
end delay, respectively. The tuple (i, bs, o) is the placement
cursor: i; is the index of the next VNF to place, b; is the
branch number when i; = a (otherwise b; = 1), and o; is the
slot within that branch. From state s;, an action a; is either a
partition decision or a placement decision. A partition decision
assigns each of the PE, instances to one of the B, branches,
ensuring that the compute load ), n; A, for each branch fits
within the chosen nodes. A placement decision selects a node
u € V and one of its K precomputed shortest-latency paths
P, and places VNF PFE;, for branch b; provided that

cu(t) > miy Ar and 3P st. BWoy(t) > A\ V(z,y) € P.

3)
If neither a partition nor a placement is feasible, the SIPA
heuristic (explained in the next section) is invoked as a
fallback, and the episode immediately terminates with a large
negative penalty. When an action is executed, the transition
is deterministic. If the action is a partition, the substrate
graph does not change (G;+1 = G¢) and the cursor resets to
(itx1 = a, byr1 = 1, 041 = 1). If the action is a placement
on node u, then for every link (x,y) on the chosen path P
the resources are updated as

Cu(t + 1) = Cu(t) — N, TS,b(t)ﬂ
BW,, (t + 1) = BW., (t) — re4(1).

After the update, the cursor advances to the next VNF or
branch. The episode ends when all VNFs across all branches
have been placed or when the SIPA fallback is triggered. The
reward function gives zero reward at every non-terminal step.
At termination, the reward is the following.

“4)

R=- |:(Ba - 1) (TCOpy + Crmerge) + IH;%X Db
< 5)
+ ;(mgx Dy, — Db)] — M 1infeasible-

where D, is the total delay (including processing and path de-
lay) experienced by branch b, T;opy and Tierge are fixed copy

TABLE I: Notation and Symbol Definitions

Symbol Definition

[PEy,...,PE,] Ordered PSFC of n + 1 VNFs; index a is the split stage.
a Number of parallel branches at stage a.

reb(t) Service rate of branch b at time t.

i Per-unit compute cost of VNF PE;.

ff7h(t) Compute demand of PE; on branch b: n; 75 5 (t).

(i¢, by, 0¢) Placement cursor: VNF index i, branch by, slot o¢.

Dy, Total delay of branch b (processing + path).

w,(uo), e(uov) Initial node/edge features for Graph-Transformer.

h,(f), q,ff), kff), v,(f)Query/keylvalue embeddings at layer £.

aﬁf,j Attention coefficient at layer £.

z(o), Wi, b Meta-token embedding and projection.

H® Pooled graph embedding after L layers.

Lpart Raw logits for partition choices.

Tpart (Tk | S¢) Softmax probability over partitions.

qu Pointer score for node w.

My [u] Feasibility mask for node u.

m(u | s¢) Masked-softmax for placement.

0,¢ Actor (policy) and critic parameters in PPO.
Ve (st) Critic’s value estimate.

Ay Advantage estimate.
€,c1,¢2, Nppo PPO hyperparameters: clip, coefficients, epochs.

Pt o~ Online and target Q-network parameters for Double-DQN.
Yi,0i, LDQN TD target, error, and DQN loss.

o, B, e PER exponents and small constant.

Npqgn,Ug, T Replay size, update interval, soft-update factor.

D, T,Go Replay buffer, episode horizon, return Gy = > ry.
Irg,Irp,

batch_size,grad_clip Learning rates, batch size, gradient clipping.
sync_every Target-network synchronization frequency.

and merge delays, and M is a large constant penalty applied
if any action was infeasible or a SIPA fallback occurred.

III. REINFORCEMENT LEARNING POLICY AND TRAINING

A. From MDP to RL: Motivation

The PSFC placement MDP must decide, at each step,
whether to partition a split stage into B, parallel branches or
to place a specific VNF instance on one of the N compute
nodes, subject to residual compute capacities C,(t), link
bandwidths BW,,,(¢), and a strict end-to-end latency SLA
T,. This yields an extremely large, structured action space
where naive enumeration or scalar function approximation
fails to capture both the local resource constraints and the
global graph topology. Moreover, the sequential nature of
split-recombine chains imposes long-horizon dependencies:
an early placement choice can dramatically affect downstream
feasibility and cumulative delay. Reinforcement learning offers
a natural remedy, but only if the policy network can (a)
embed heterogeneous node/link features, (b) respect action
feasibility masks, and (c) generalize across varying PSFC
lengths and substrate graphs. These requirements motivate our
choice of a Graph Transformer encoder, capable of learning
high-dimensional node embeddings through multi-head self-
attention, and a dual pointer network decoder that cleanly
issues either partition or placement decisions under dynamic
feasibility constraints. In the next subsection, we detail how
this architecture concretely implements 7(a | s) for our MDP.
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B. Graph-Transformer & Pointer-Network Policy

The PSFC placement MDP defined demands a policy that
can jointly reason about local resource constraints: residual
computation Cy(t) at each node and bandwidth BW,,(¢)
at each link and the global network topology to satisfy a
strict end-to-end delay limit 7,.. To this end, we propose a
single neural module, POLICY-NETWORK, which comprises a
multilayer Graph Transformer encoder and a dual-head pointer
network decoder. This architecture naturally mirrors the two
action types in our MDP, partitioning the split stage and
placing individual VNFs, while embedding all dynamic state
information into attention-based representations. Algorithm 1
provides the pseudocode.

Algorithm 1 PolicyNetwork

1: procedure POLICYNETWORK(S¢)

2 {Cu (), {BWuv(t)}, PEfcursor} < st

3 // 1. Node edge feature projection

4 for all nodes u do

5: Zy < [onehot(PE_masky) || cu(t)/Cmax]

6: A Wz + ba

7 end for

8 for all edges (u,v) do

9 el0)  Welluw/fmax || BW o (£)/BWmax] + be
10: end for

11: m©®) «— W [PE_cursor, A\r /Tmax; Ty / Tmax] + bm
12: /I 2. Graph Transformer encoder

13: for /{=0to L — 1 do

14: for all nodes u do

15: qu, ko, vu = Woh, Wichld), Wi n)

16: end for

17: for all nodes u do

18: ha, R LayerNorm (hg)—&-zvej\[(u) anJ vv)
19: end for

20: end for

21: /I 3. Pooling and context

22: g+ ﬁ >u hgf‘), ¢ + [g||m®]
23: if i+ = a then

24: // 4a. Partition head

25: lpart < Wpc+bp

exp (me 7] )

> split-stage

26: Tpart|[t] = —=———F———F—~ > Partition head softmax
Parl[ } Zj exp (epart [j])
27: return sample(mpart )
28: else
29: /I 4b. Pointer head
30: for all nodes u do
31: if ¢y (t) > m;, A\r and feasible path then
32: su — BT (Witre + bpir)
33: else
34: Sy — —00
35: end if
36: end for
exp(su) ‘
37 m(u) = ——~ > Placement head softmax
Ev exp (SU)
38: if >, m(u) > 0 then
39: return sample ()
40: else
41: return SIPA_Fallback(st)
42: end if
43: end if

44: end procedure

In the first stage, we embed the substrate and SLA context.
Each node u is represented by a one-hot mask of remaining
VNF types and its normalized residual compute ¢, (t)/Cax-
Each edge (u,v) is featurized by normalized propagation

latency £y, /max and bandwidth BW ,,, (¢)/BW ax. We also
construct a global meta-token from the placement cursor
(i¢, by, 0¢) and the request parameters (\.,7,.). By project-
ing these inputs into initial embeddings, the network attains
precise knowledge of available resources and remaining delay
budget. The second stage employs L layers of self-attention
on the substrate graph. At each layer ¢, every node computes
query, key and value vectors from its current embedding and
attends over its neighbors with an additive bias derived from
the edge features. This mechanism enables the policy to trade
off, for instance, choosing a slightly more distant node if its
links offer higher bandwidth, or avoiding a nearby node whose
links are congested. Skip-connections and layer normalization
ensure stable training, and inclusion of the meta-token in
every attention layer propagates SLA and placement progress
information across the entire graph.

In the third stage, we combine the final node embeddings
into a summary vector g and concatenate the meta-token to
form a context vector c. If the next VNF index ¢; corresponds
to the split stage, a partition head projects c into logits over
all valid splits of the split-stage VNFs into B, branches,
applies a masked softmax to enforce capacity constraints, and
samples the chosen assignment. Otherwise, a pointer head
computes a score for each node by taking the dot product
of its final embedding with a learned query vector, masks
out nodes that violate ¢, (t) > n;, A, or lack any feasible K-
shortest path, and then samples or greedily selects the host.
In the rare case that no placement is feasible, we invoke
the deterministic SIPA fallback (Section III-C) to guarantee
a valid embedding or graceful reject. By embedding every
dynamic quantity from the MDP state into the self-attention
mechanism and structuring the decoder to mirror precisely
the MDP’s action space, this Graph-Transformer + Pointer-
Network policy achieves both expressive global reasoning and
strict adherence to the hard resource and latency constraints
of the PSFC placement problem.

C. Deterministic SIPA Fallback

When the learned graph transformer policy cannot find any
feasible placement for a required VNF instance, i.e. no node
u satisfies both ¢, () > n;, A and a K-shortest path with
BW > )\, — we invoke the SIPA heuristic (Algorithm 2) as
a guaranteed safety net. This fallback solves the same PSFC
embedding problem under the assumption that a finite pool of
VNF instances already exists on the substrate and that each
instance can be selected exactly once. The SIPA procedure
begins by decomposing the PSFC into a critical branch and
non-critical branches (phase I), where the critical branch is the
one whose earliest failure would most likely cause an SLA vio-
lation. During phase Ila, it greedily embeds the critical branch:
for each VNF in sequence, it scans all candidate instances and
their zero-hop or precomputed K -shortest paths, selects the
combination minimizing processing and link delays, and then
updates the residual bandwidth of each traversed link. This
preserves the exact resource update semantics of our MDP
transitions. In phase IIb, SIPA handles each non-critical branch
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by building a layered graph instance path (via the subroutine
INST_ASSIGN), performing a depth-first enumeration of all
feasible placement sequences, and filtering out any whose
total delay plus the already accumulated critical branch delay
would exceed the SLA T,.. Among the remaining candidates,
it chooses the one whose delay is best synchronized with the
critical path (minimizing the buffer overhead) and updates the
link resources accordingly.

Algorithm 2 SIPA Heuristic Fallback

Input: PSFC chain delays r, instance map D, precomputed k_paths, substrate G,
1: source/sink (src, dst), rate A, SLA A, overheads deum, daep

Output: Assignments or REQUESTREJECTED

2: (branches, crit_idz) < PSFC_STRUCT(r); te2e < 0; prev < src

3: for all vnf in branches[crit_idx] do > Phase I: critical branch
4: best < (oo, None, 0)

5 for all inst in D[Unf] do

6: consider zero-hop: d < inst.proc_delay
7.

8

9

update best if d smaller
for all path in k_paths[(prev, inst.host)] do
Glu][v].delay

d < inst.proc_delay + E(u,v)epath

10: update best if d smaller

11: end for

12: end for

13:  if best.inst is None then throw REQUESTREJECTED

14: end if

15: reserve \,. on best.path and on best.inst.capacity

16: record crit_assign[vnf] < best

17: prev < best.pathlend], te2e += best.delay

18: end for

19: for all b # crit_idz in branches do > Phase II: noncritical
20: best_delta + oo, best_seq + None

21: for all seq in INST_ASSIGN(k_paths,b,G) do

22: d < D inst.p)eseq (inst.proc_delay + > (u,myep Glul [v].delay)
23: itd < A — dye, then

24: § + |(te2e + dem ) — d|

25: if § < best_delta then update (best_delta, best_seq) « (5, seq)
26: end if

27: end if

28: end for

29: if best_seq is None then throw REQUESTREJECTED

30: end if

31: reserve \,. on all instances and links in best_seq

32: noncrit_assign[b] + best_seq

33: end for

34: // Phase III: finalize
35: theta < max(max delay(cmt assign), max; delay(noncrit_assign[b]))

36: te2e += (Ba — )dem + 555 20, (theta — delay)
37: if te2e > A then throw REQUESTREJECTED
38: end if

39: return (crit_assign, noncrit_assign, te2e)

Finally, SIPA computes the split recombine copy / merge
overhead (B, — 1) d.n, and the stochastic deposition delay
term, adds them to the branch delay of the worst case and
rejects the request if the resulting end-to-end delay exceeds
T,. By mirroring the MDP’s reward-termination checks and
resource constraints, this deterministic heuristic ensures that
every PSFC either receives a valid embedding—albeit pos-
sibly suboptimal—or is gracefully rejected with the same
infeasibility penalty that the learned policy would incur. This
fallback enables one to maintain strict correctness: the graph
transformer policy handles the vast majority of embeddings,
and only in rare corner cases does SIPA intervene, leveraging
its efficient two-phase greedy strategy to guarantee feasibility
under the assumptions of the original problem.

D. Hybrid PPO & Double-DQON Training

To learn a robust policy for PSFC placement MDP, we
combine Proximal Policy Optimization (PPO) on-policy with
off-policy Double DQN updates in a unified training loop
(Algorithm 3). PPO provides stable and monotonic policy
improvement by maximizing a clipped surrogate objective
over the trajectories collected under the current policy, while
DoubleDQN leverages a replay buffer and temporal-difference
bootstrapping to accelerate value learning and reduce sample
complexity. This hybrid design takes advantage of the com-
plementary strengths of the policy gradient and value-based
methods to address the high-dimensional, sequential nature of
our placement problem.

Algorithm 3 Hybrid PPO & Double-DQN Training

1: procedure HYBRIDTRAINING(6, ¢, o™, 1 7)
2: Initialize replay buffer D +— 0, E < 0
3: while not converged do

4: /1 Collect on-policy trajectories

S: T+ 0

6: for e = 1 to Nepy do

7: s < env.reset()

8: fort =0to T — 1do

9: a~mg(- | s) or FALLBACK

10: (s’,r, done) <+ env.step(a)

11: Append (s, a,r,s') to T

12: if a # FALLBACK then

13: Compute TD-error § = 7 + v Q- (s',a") — Qyu+(s,a)
14: Store (s, a,r, s") in D with priority |§| + €
15: end if

16: if done then break

17: end if

18: 5 s

19: end for

20: E+4+=1

21: end for

22: /I PPO updates

23: Compute advantages Ay = Ry — Vi (s¢) for all (s¢,a¢) in T
24: for k =1 to Kppo do

25: Sample batch from T

26: Compute clipped loss Lppo and update 0, ¢

27: end for

28: // DQN updates every Ug episodes

29: if E mod Ug = 0 and |D| > Ngqyn then

30: for k =1 to Kqqn do

31: Sample (s;, a;, s, s%) from D with PER weights
32: yt*TlJF'YQw (Sl,argmaxQ¢+( ))
33: Update o by minimizing (Q ,+ (sl, a;) — yL)
34 Update priorities p; <— \Qw+ 21) iai) —yi|lt+e
35: end for

36: YTyt (1 —T)y~

37: end if

38: end while
39: end procedure

Concretely, in each outer iteration we first collect Neyy,
on-policy episodes by rolling out my in the PSFC environ-
ment. At each step, the actor either emits a partition or
placement action via the Graph-Transformer policy, or if no
feasible host exists, triggers the SIPA fallback. All transitions
(8¢, as, 1, S¢+1) are stored in a temporary trajectory buffer 7.
In parallel, any non-fallback step is added to a prioritized
replay buffer D with priority proportional to its TD-error
under the current online Q-network Q¢+. Next, we compute
advantages A; = Rp — V(s;) for each on-policy transition
(where Ry is the terminal reward) and perform K, epochs
of PPO updates. Each minibatch from 7 is used to optimize



2025 21st International Conference on Network and Service Management (CNSM)

the clipped surrogate loss
LCliP = E[min(ptAta Clip(pta l1-€l1+ G)At):lv

Together with a regression term for the function of value and
an entropy bonus, we refine the parameters of the actor 6
and the parameters of the critic ¢. In every Ug episodes, we
interleave double-DQN updates using transitions sampled from
D via Prioritized Experience Replay. For each sampled tuple
(8i,a4,73, 8), we compute the target

yi =i +7Qy- (s}, argmax Qu+ (s}, v))

and minimize squared TD-error (Qy+ (s, a;) — yi)2, updating
the online Q-network ™" and periodically soft-syncing the
target network )~ < 7T + (1 —7) ™. The prioritized sam-
pling weights and PER-exponents «, 5 further focus learning
on transitions with high informational content.

By interleaving PPO’s on-policy gradients with off-policy
DQN bootstrapping, our hybrid learner achieves both the
stability required for policy improvement in long-horizon, con-
strained decision processes and the sample efficiency needed
to explore a vast placement action space. This training directly
addresses the combinatorial and sequential challenges of the
PSFC problem, producing policies that consistently satisfy
latency SLAs and resource constraints.

IV. EXPERIMENTAL EVALUATION

To assess the effectiveness of the proposed scheme, we
developed a C++ based simulator. The RL-PARETO scheme
is tested on two backbone network topologies: NSFNET (14
nodes, 21 links) and USNET (24 nodes, 43 links). The
simulation parameters, listed in Table II, are used as default
values unless otherwise specified.

TABLE II: Simulation parameters

Parameter Value Parameter Value
PSFC length 4-8 Branch count B 2-4
Arrival rate(\,) 30req/s SLA bound network diameter
Link delay U[4,8] ms VNF capacity 5 Gbps
Copy/merge delay 4ms Shortest paths K 3

VNF Proc. Delay  DUJ[1,2] ms  PSFC Traffic Rate 5Gbps

A. Benchmark Approaches

We evaluate RL-PARETO against three benchmarks: (i)
SIPA, a heuristic that maps VNFs in two phases—first mini-
mizing delay on the critical branch, then balancing others to
satisfy SLA deadlines; (ii) Pure PPO, an on-policy actor—critic
model trained with the PPO clipped-surrogate objective and
no fallback; (iii) Pure DON, an off-policy Double-DQN with
prioritized replay, trained to minimize temporal-difference
error. Performance is assessed using three metrics: (i) accep-
tance ratio, the fraction of PSFC requests embedded within
SLA bounds; (ii) end-to-end delay, the total latency including
link propagation, VNF processing, and copy/merge delays;
(iii) packet deposition, the buffering required to synchronize
parallel branches before merging.
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Fig. 3: Training dynamics: episodic reward (top-left), PPO
surrogate loss and Double-DQN TD error (top-right), and
SIPA-fallback usage fraction (bottom).

B. Training Dynamics

Fig. 3 illustrates how the RL-PARETO policy matures. Dur-
ing training, episodic rewards are low and erratic, reflecting
random exploration; By episode 2000 they rise to around 5 and
stabilize, showing that the agent has learned to balance latency,
copy/merge overhead, and buffering. At the same time, the
PPO surrogate loss and the Double-DQN temporal-difference
error both decline to near zero, indicating convergence of actor
and critic networks despite sampling noise. Finally, reliance on
SIPA fallback drops from nearly 100% to below 20%, confirm-
ing that the learned policy has become sufficiently reliable to
replace the heuristic in most decisions. Together, these trends
demonstrate that within 2000 episodes, RL-PARETO acquires
a high-quality placement strategy while maintaining feasibility
through its safety-net fallback.

C. High Branching & Chain-Length Stress

We evaluated the impact of increasing parallelism (in-
creasing number of parallel branches of a PFSC request) by
fixing all parameters to their defaults, except for the branch
count B, which we sweep over {4,5,6}. Each setting is
tested on NSFNET and USNET network topologies with 50
PSFCs per run. RL-PARETOs acceptance ratio gently falls
from 091 at B = 4 to 0.88 at B = 6, whereas SIPA drops
from 0.82 to 0.78 and Pure-PPO/DQN lags by 11-14% for
NSFNET topology (Fig. 4a). The similar trends are observed
for USNET network topology also (Fig. 4b): RL-PARETO
maintains 0.93—0.89, SIPA 0.84—0.80, and Pure-PPO/DQON
remain 10-12% behind. These results show that the hybrid
policy (i.e., RL-PARETO ) scales gracefully with branch count,
while other approaches suffer from combinatorial explosion.
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Packet deposition under high branching (Fig. 5) is halved
by RL-PARETO: on NSFNET, buffers drop from 11.0+0.3 Mb
(compared to SIPA) to 5.5+ 0.2 Mb; on USNET, from 11.5+
0.3 Mb to 5.8 + 0.2 Mb. By jointly optimizing partitioning
and placement, the learned policy aligns branch completion
times and avoids the large skews that SIPA’s one-shot heuristic
cannot anticipate.

D. Tight SLA Analysis

We evaluated each approach under increasing strict delay
limits by varying the SLA multiplier « € {1.2,1.5,2.0}x
shortest-path delay, with L = 8, B = 4, A = 30 reg/sec and
other defaults as in Table II. The results presented are the
average of 50 runs. At a = 1.2, only 60% of SIPA placements
meet the SLA versus 75% for RL-PARETO; pure PPO/DON
achieves 58% and 55%, respectively, for NSFNET topology
(Fig. 6). For USNET network topology, RL-PARETO reaches
78% acceptance ratio compared to 62% for SIPA and around
69% for pure PPO/DQN approaches.
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Fig. 6: End-to-end delay CDF at oo = 1.2.
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Fig. 7 shows that in a € {1.2,1.5,2.0}, the acceptance
ratio of RL-PARETO consistently outperforms SIPA by 8-10%
on both topologies, while pure PPO/DQON never closes the
gap. This shows that combining on-policy exploration, off-
policy value refinement, and heuristic fallback yields tighter
SLA compliance.
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Fig. 7: Acceptance ratio vs. SLA multiplier on both topologies.

V. CONCLUSIONS AND FUTURE WORK

In this paper, we presented RL-PARETO, a hybrid deep
reinforcement learning approach for the efficient deployment
of PSFCs. RL-PARETO combines the strengths of PPO and
Double-DQN for stable policy learning and value refinement,
along with a SIPA-based heuristic to ensure feasible place-
ments under strict SLA constraints. Through comprehensive
evaluations in real network backbone topologies (NSFNET,
USNET), RL-PARETO consistently outperformed benchmark
approaches in both acceptance rate and merge buffer over-
head, while maintaining low end-to-end latency and effec-
tively adapting to dynamic network conditions. The framework
demonstrates its robustness by invoking the SIPA fallback
only when necessary, particularly under tight merge and link
constraints. In the future, we (i) extend RL-PARETO to address
multi-objective goals such as energy efficiency, reliability,
and operational cost and (ii) focus on enhancing the model’s
generalization through advanced graph encoders like temporal
or heterogeneous transformers and deploying RL-PARETO in

real-time testbeds with online learning support.
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