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ABSTRACT
	 Cloud RAN requires fast, SLA aware resource allocation across heterogeneous 
slices (eMBB, URLLC, mMTC). Training a dedicated controller for every slice is imprac-
tical; policies must generalize to unseen slice semantics spanning latency, reliability, rate, 
burstiness, and mobility. A coupled radio–compute–fronthaul allocation problem is formu-
lated, and Zero Shot Slice Policy Transfer (ZSPT) is introduced as a semantics to policy 
mapping that operates without per slice training by distilling a high quality convex surrogate 
into a lightweight scheduler.  In this paper zero shot performance was evaluated against 
Proportional Fair (PF) and the convex surrogate, reporting throughput, Jain’s fairness, UE 
rate percentiles, and SLA violation probability with bootstrap 95% confidence intervals. In 
a representative scenario, ZSPT matched PF on unseen slices, while the convex surrogate 
increased fairness and substantially raises 5th percentile UE rates.
KEYWORDS: RAN slicing, Cloud RAN, zero shot learning, convex optimization, propor-
tional fair, fronthaul, SLA.
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1.INTRODUCTION

 Network slicing exposes a single radio access network 

(RAN) to heterogeneous service–level agreements 

(SLAs) spanning enhanced mobile broadband (eMBB), 

ultrareliable lowlatency communications (URLLC), and 

massive machinetype communications (mMTC). Each 

slice carries distinct priorities aggregate throughput for 

eMBB, stringent deadline/reliability for URLLC, and 

scalability for mMTC together with operational descrip-

tors such as burstiness and mobility. Meeting these tar-

gets concurrently on shared spectrum, power, compute, 

and fronthaul resources is central to 5G/6G operations 

and is formalized in 3GPP’s slice management standards 
[1-7]

.

CloudRAN (CRAN) centralizes baseband processing 

and exposes flexible functional splits, this architecture 

enables global optimization across cells but introduces 

practical coupling constraints: limited fronthaul capacity, 

pooled compute, and short timescales for scheduling and 

adaptation [2]. These couplings tie the radio, compute, and 

transport domains and make resource allocation a multi-

objective problem rather than a pure spectralefficiency 

task.

A long line of schedulers balances efficiency and eq-

uity. Proportional Fair (PF) remains a widely deployed 

baseline because it yields a pragmatic tradeoff between 

instantaneous rate and historical throughput, approxi-

mating a sumlog utility in time [5]. Convex optimization 

provides principled surrogates for such utilities, yielding 

globally optimal allocations under simplified interfer-

ence models and simplextype constraints [4]. 

1.Understanding Zero-Shot Learning:

Zero shot learning is a machine learning approach which 

enables models to identify and sort out of the picture 

objects, concepts, or situations which they did not see 

during the training phase. This is achieved by the use 

of auxiliary information like semantic embeddings, at-

tributes, or knowledge graphs that draw connections be-

tween unknown classes and what the model has already 

learned. For example, if a model has learned of “stripe” 

and “yellow” it may determine what a “yellow striped 

animal” is, even if it has not seen a zebra during train-

ing [26-27]. In Cloud RAN ZSL is able to make best re-

source allocation and scheduling choices for new traffic 

patterns, user behaviors, or network conditions without 

having past examples for each and every case. This also 

reduces the need for continuous retraining and which in 

turn allows for quicker adaptation and deployment which 

is a great benefit in dynamic cloud settings. Also, the per-

formance of ZSL is very attractive in which it is not prac-

tical or at all possible to get labeled data for every single 

operation state.[23-25]

Conventional controllers’ handtuned heuristics or deep 

reinforcement learning (DRL) often underperform when 

a new slice appears whose SLA semantics were not seen 

during training. Retraining per slice is operationally cost-

ly and violates realtime deployment constraints. A com-

plementary approach is zeroshot generalization: map a 

compact semantic description of a slice (latency, reliabil-

ity, rate targets, burstiness, mobility) directly to scheduler 

parameters, without additional training. This idea aligns 

with taskconditioned principles where policies are pro-

duced by a learned mapping from task descriptors [12-17]

 2.Pseudocode for a Zero-Shot Throughput-Latency 

Scheduler

Initialize policy parameters from pre-trained zero-shot 

model For each incoming request r:

if current_latency > latency_threshold:

// Prioritize decode batches to reduce latency for 

critical real-time traffic prioritize decode batches for fast 

response

else if GPU_utilization < utilization_threshold:

// Schedule prefill for new requests to improve 

throughput by utilizing idle resources schedule prefill for 

new requests

else:       // Balance scheduling between prefill and decode 

for general optimization balance scheduling between prefill 

and decode 

Update policy state based on throughput and latency 

feedback Repeat
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This pseudocode represents a simplified yet effective 

decision-making logic. The pre-trained zero-shot model 

provides the “intelligence” to understand the implica-

tions of different scheduling actions on overall system 

performance without explicit training on every possi-

ble network state. Feedback loops, driven by real-time 

throughput and latency measurements, allow the policy 

to adapt and refine its decisions over time [26], [27].

The radar chart as shown in figure (1) illustrates the per-

ceived strengths of a Zero-Shot Learning (ZSL) policy 

compared to a Traditional Rule-Based policy in key per-

formance areas for Cloud RAN. The ZSL policy excels 

in adaptability and scalability due to its ability to gener-

alize to unseen conditions, whereas traditional policies, 

while solid in predictable scenarios, tend to fall short 

when faced with dynamic or novel challenges. Both aim 

for latency reduction and throughput maximization, but 

ZSL’s dynamic nature gives it an edge in resource effi-

ciency, as it can make more informed decisions about 

optimizing computational resources in real-time. 

Figure 1: Comparative Analysis of Zero-Shot Learning 

vs. Traditional Policies for Cloud RAN. 

This work develops a coupled radio–compute–fronthaul 

formulation for sliced CRAN and introduces ZeroShot 

Slice Policy Transfer (ZSPT), a semanticstopolicy gen-

erator distilled from a highquality teacher. The study: 

(i) specifies an optimization model and constraints con-

sistent with slice KPIs [1], CRAN nearRT control, and 

fronthaul limits [2], (ii) instantiates ZSPT as a lightweight 

scheduler whose parameters are predicted from slice 

semantics; and (iii) evaluates zeroshot behavior against 

PF and a convex surrogate teacher using sumthroughput, 

Jain’s fairness, UErate percentiles, and SLAviolation 

probability, accompanied by bootstrap 95% confidence 

intervals for reproducibility [6-11] 

2.SYSTEM MODEL

Consider a Cloud RAN with RRHs (R), a cen-

tralized (virtualized) BBU pool, and slices 

(S). Slice (s) serves UEs (Us) with SLA vector 

  for latency, reli-

ability, rate target, burstiness, and mobility. Decision 

variables include per‑RRH UE RB‑fractions (wr,u), trans-

mit power budgets, and compute allocations; fronthaul 

capacities (Fr) and total compute (C) impose coupling 

constraints. Achievable rates use a standard SNR model 

with log‑utility [18-22].

Objective (utility with penalties):

 

subject to (i) , , (ii) 

per‑RRH RB‑simplices and fronthaul limits, and (iii) 

power/compute budgets. Here U(.) is concave (e.g., log), 

and approximates fronthaul usage. [

1.Z ero‑Shot Slice Policy Transfer (ZSPT)

Let  map slice semantics to parameters  

of a differentiable scheduler. We use a weighted score 

per UE combining instantaneous rate fairness (PF‑like) 

and latency pressure; RB fractions are the softmax‑like 

normalization of scores, followed by fronthaul projec-

tion. A training distills from convex surrogate over seen 

slices by minimizing a task loss  plus a distillation loss 

 . At test time, unseen slice obtains 

i  in zero‑shot fashion. [6], [7]

PF (Proportional Fair) weights  

as Fast, standard, and c onvex surrogate maximize 

 per‑RRH simplices.
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Algorithm 1 — Offline training 

For each seen slice s with semantics as:Solve Convex 
surrogate optimization →Repeat until convergence: 

Sample slices; ; πs = Allocate(θs)L = 
Ltask (πs ; s) + λ ||πs - ||^2Update φ ← φ - η ∇φ LReturn gφ

Algorithm 2 — Zero‑shot inference

Input: unseen semantics a’θ’ = gφ(a’)(x , p , c) = Allo-
cate(θ’) with simplex/fronthaul/power projections

 3.SIMULATION RESULTS

In this simulation setup: R=4 RRHs and U=40 UEs (uni-

form in a 1 km square), bandwidth B=20 MHz, per‑RRH 

equal power split with total Pmax =2W, and generous 

fronthaul Fr =1 Gbps. Six seen slice prototypes train; two 

unseen slice prototypes test zero‑shot behavior. The eval-

uated Metrics Sum throughput (Mbps), UE‑rate percen-

tiles P5 and P50 (Mbps), Jain’s fairness 

, and SLA‑violation fraction (share of UEs exceeding a 

20 ms delay proxy.

Under the default load/threshold, all schemes met the 

SLA (violation fraction 0), so differentiation appears in 

fairness and rate distribution as shown in figure (2). 

Aggregate throughput is identical across schedulers (400 

Mbps; bootstrap 95% CI: [400, 400]). Accordingly, ob-

served performance differences arise from how capacity 

is apportioned across user equipment (UEs) and the con-

sequent effect on SLA compliance.

Table (1) summaries the simulation results as following:

In Fairness (Jain’s index), the convex surrogate attains 

substantially higher fairness; its 95% CI lies above the 

corresponding intervals for PF and ZSL, indicating a sta-

tistically clear advantage.

In Tail rate (P5, Mbps), the convex surrogate materially 

elevates the 5th-percentile UE rate; its point estimate ex-

ceeds those of PF/ZSL, and its 95% CI sits well above 

their lower bounds, evidencing stronger protection of 

edge users.

In Median rate (P50, Mbps), PF yields the highest me-

dian throughput, whereas the convex surrogate trades 

some median performance for improved fairness and tail 

robustness.
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Figure 2. (i) sum‑throughput bars, (ii) violation bars, 

(iii) fairness bars, and (iv) UE‑rate CDF (PF vs ZSPT vs 

Convex)

T able 1: summaries the simulation results

 SLA violations P50 Mb/s P5 Mb/S Fairness (Jain)

 0.6036.5636.560.839UNSEEN1

PF 0.70120.1099.910.931UNSEEN2

0.8098.5137.110.885AVERAGE

0.6033.0733.070.833UNSEEN1

ZHL 0.70127.0390.930.917UNSEEN2

0.8086.7535.560.875AVERAGE

0.6068.1668.160.957UNSEEN1

CONVEX 1.0090.5382.790.990UNSEEN2

0.8082.1569.290.974AVERAGE
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In SLA violations, the convex surrogate exhibits a higher 

central violation rate (≈ +0.10 absolute) relative to PF/

ZSL, although the confidence intervals overlap, suggest-

ing the increase is a consistent trend but not definitively 

significant at the 95% level.

Under a binding system constraint (sum throughput fixed 

at 400 Mbps), the convex surrogate reallocates capacity 

toward weaker UEs, improving fairness and P5 at the ex-

pense of a higher violation probability and a lower me-

dian under stringent deadline/demand conditions. PF and 

ZSL track each other closely showing similar violation 

rates and medians but with lower fairness and a weaker 

tail than the convex surrogate.

 4.CONCLUSION

A zero-shot slice policy transfer (ZSPT) mechanism that 

mapped slice semantics (latency, reliability, target rate, 

burstiness, mobility) to scheduler parameters enabled 

SLA-aware resource allocation in Cloud-/Open-RAN 

without per-slice training. By distilling guidance from 

a high-quality teacher (convex surrogate) into a light-

weight allocator, ZSPT produced deployable policies 

on the near-RT timescale while avoiding the operational 

burden of training/retuning for each new slice. 

Under the stressed scenario (tight deadline and con-

strained fronthaul), aggregate throughput was fixed by 

system limits (≈400 Mbps with degenerate CIs), so dif-

ferences were driven by distribution of capacity across 

UEs and SLA compliance. The convex surrogate deliv-

ered substantially higher fairness (Jain) and stronger tail 

protection (higher P5) but incurred a higher SLA-viola-

tion probability and a lower median rate (P50). ZSPT, as 

instantiated, tracked the PF baseline closely—maintain-

ing similar median and violation behavior but not fully 

inheriting the convex teacher’s fairness/tail gains. The 

pattern indicates a classical efficiency–equity–reliability 

trade-off under binding constraints. 

ZSPT is a practical, low-overhead means to achieve 

SLA-aware allocation for unseen slices in C-RAN. 

It excels in agility and interpretability and, with viola-

tion-aware distillation and run-time guardrails, can ap-

proach teacher-level fairness and tail protection while 

maintaining acceptable SLA compliance under tight 

constraints.
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