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Abstract001

Phase-disaggregated LLM serving separates002
compute-bound prefill from memory-bound de-003
code to improve efficiency and isolation. We004
show that physical separation alone does not005
guarantee either: under stochastic production006
bursts, schedulers driven by phase-local prox-007
ies overload compute-saturated prefill workers,008
throttle the ready rate into decode, and leave009
KV-resident decode GPUs idle—an efficiency010
failure rather than a tail-latency artifact.011

We propose Virtual Freeness (Φ), a phase-012
consistent, dimensionless headroom signal that013
makes prefill compute saturation and decode014
effective KV capacity loss directly compara-015
ble, enabling principled cross-phase trade-offs016
while remaining orthogonal to existing execu-017
tion substrates. Built on Φ, Phasor is a holistic018
control framework for disaggregated clusters019
that performs micro-scale routing, meso-scale020
decode maintenance, and macro-scale pool re-021
balancing.022

Evaluated on representative NLP tasks and re-023
alistic bursty workloads, Phasor reduces end-024
to-end P99 latency by 25.7–38.9% compared025
to state-of-the-art baselines. Crucially, by026
suppressing fragmentation from a peak of027
49.7% in baselines to a 6.2% average, it pre-028
serves effective KV capacity, thereby boosting029
SLO-compliant concurrency per-GPU by 1.1–030
2.0×, translating to a 12–50% reduction in per-031
request serving costs. We will make our code032
and data publicly available upon acceptance033

1 Introduction034

Autoregressive LLM serving exhibits a fundamen-035

tal resource duality: prefill is compute-bound036

(Zhao et al., 2024; Heo et al., 2024; Agrawal et al.,037

2024; Jha et al., 2024), whereas decode is memory-038

bound (Hong et al., 2024a; Kamath et al., 2025;039

Shazeer, 2019). A growing line of work (Zhou040

et al., 2024; Zhuang et al., 2024; Hong et al., 2024b;041

Zhong et al., 2024; Ding and Yang, 2025; Patel042
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(b) Request Arrival Pattern (MGP: Micro-clustered Gamma Process)
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Figure 1: Pipeline starvation under disaggregation.
Prefill-side congestion throttles the decode-ready rate,
driving a high-latency, low-concurrency regime where
KV-resident decode GPUs idle.

et al., 2024; Qin et al., 2024) advocates phase dis- 043

aggregation by physically disaggregating prefill 044

and decode to improve serving efficiency and pur- 045

sue performance isolation. 046

However, we show that physical separation alone 047

guarantees neither isolation nor efficiency. As Fig- 048

ure 1 shows, stochastic bursts trigger upstream 049

stalls that starve the decode phase, collapsing ac- 050

tive batch sizes. This traps the system in a high- 051

latency, low-concurrency regime where decode 052

GPUs sit idle despite holding expensive resident 053

KV states—an efficiency failure, not merely a la- 054

tency artifact. 055

We attribute this to a control-plane disconnect: 056

existing systems rely on phase-local, incompara- 057

ble proxies (e.g., queue length (Patel et al., 2024)). 058

This blinds schedulers to compute saturation, caus- 059

ing them to overload workers that appear available 060

under memory-centric views, thereby amplifying 061

head-of-line blocking and starving downstream re- 062

sources. 063

To bridge this, we propose Virtual Freeness (Φ), 064
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a unified phase-consistent scheduling interface pro-065

jecting heterogeneous constraints into a dimension-066

less headroom signal. By rendering prefill com-067

pute saturation and decode effective capacity loss068

directly comparable, Φ enables principled cross-069

phase tradeoffs. Crucially, this interface is orthog-070

onal to execution substrates (e.g., planned phase071

splits (Zhong et al., 2024), streaming (Feng et al.,072

2025), or disaggregated KV memory (Qin et al.,073

2024)) equipping their control plane with a com-074

mon language for cross-phase decisions.075

Built on Φ, we present Phasor, a holistic con-076

trol framework for disaggregated clusters that inte-077

grates dimensionless load modeling with predictive078

resource orchestration. Phasor collects lightweight079

telemetry, projects each worker state into Φ, and080

applies actions at multiple time scales: micro-scale081

request routing, meso-scale decode-side mainte-082

nance, and macro-scale pool rebalancing.083

Across ShareGPT-derived NLP tasks (Chiang084

et al., 2023) and Azure bursts workload (Wang085

et al., 2025b), Phasor consistently improves end-086

to-end tail latency and SLO-constrained efficiency:087

at 40–60 req/s, it cuts P99 latency by 38.9% and088

25.7% compared to baselines. Subject to strict089

SLOs, it boosts compliant concurrency per-GPU090

by 1.1–2.0× (reducing GPU cost per request by 12–091

50%). It further suppresses fragmentation (49.65%092

peak in baselines → 6.20% average), preserving093

effective KV capacity and sustaining concurrency.094

Our contributions are:095

• We identify a control-plane failure mode096

in disaggregated serving where misaligned097

phase-local metrics induce pipeline starvation,098

yielding high latency and low effective con-099

currency despite phase separation.100

• We propose Virtual Freeness (Φ), a unified101

scheduling interface that provides a phase-102

consistent headroom signal to directly trade103

off prefill compute saturation against decode-104

side effective capacity loss.105

• We build Phasor, a holistic control frame-106

work for disaggregated clusters driven by Φ,107

and demonstrate improved end-to-end perfor-108

mance and SLO-constrained efficiency on di-109

verse NLP and realistic bursty workloads.110

2 Motivation111

The transition from monolithic to disaggregated112

architectures is predicated on a core promise: by113

physically decoupling the compute-bound prefill 114

phase from the memory-bound decode phase, sys- 115

tems can eliminate resource contention and achieve 116

performance isolation (Zhong et al., 2024; Hu et al., 117

2024b; Jiang et al., 2025) . 118

We show this promise can fail even under strict 119

physical separation, when the control plane re- 120

lies on misaligned scheduling signals: upstream 121

congestion can still propagate downstream and 122

collapse end-to-end performance and serving ef- 123

ficiency. 124

Controlled setup. We mirror DistServe’s physical 125

phase separation but intentionally remove system- 126

specific heuristics, creating a clean setting. This 127

neutral setup (8x NVIDIA V100, NVLink within 128

each phase pod, Qwen2.5-7B-Instruct FP16) en- 129

sured that any observed bottlenecks are attributable 130

to the control signal rather than architectural noise. 131

2.1 The Reality: The Starvation Paradox 132

We inject a BurstGPT-derived shock–recovery 133

trace (Wang et al., 2025b) using an MGP arrival 134

model (CV≈3.0) to emulate micro-clustered bursts 135

(λ=5 → 25,req/s at t=90–120,s). Each request 136

features an average input length of 1024 tokens and 137

an output length of 256 tokens, mirroring RAG-like 138

workloads. 139

As shown in Figure 1, a burst triggers a clear 140

scissor effect: prefill latency rises sharply (from 141

∼116 ms to >900 ms), while the decode-side active 142

batch size drops from ∼48 to <16. 143

This is pipeline starvation: overloaded pre- 144

fill workers stall upstream, draining the decode- 145

ready queue and collapsing the active decode 146

batch, which lowers effective utilization and SLO- 147

compliant concurrency per GPU. Decode GPUs 148

still keep KV states resident, but idle behind up- 149

stream head-of-line blocking while waiting for pre- 150

fill outputs. This is an efficiency failure rather than 151

a mere tail-latency artifact, showing that physical 152

phase separation alone does not guarantee perfor- 153

mance isolation 154

2.2 The Diagnosis: The Utilization Phantom 155

Why does the scheduler allow prefill to become the 156

blocking bottleneck? The root cause stems from 157

a structural blind spot: single-dimensional metrics 158

fail to capture the conflicting resource demands 159

of compute-bound prefill versus memory-bound 160

decode. 161

We verify this by profiling an isolated prefill pool 162
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Figure 2: The Utilization Phantom. While memory utilization (blue) suggests the prefill node is underloaded
(≈ 60%), compute units (SM, orange) are already fully saturated (> 93%). Schedulers relying on memory metrics
are blind to this saturation.

(Figure 2). As batch size scales, computational ef-163

ficiency improves (per token processing time drops164

122.8µs → 42.8µs) but quickly hits a hard wall:165

SM utilization saturates (>93.7% at batch size 6).166

Crucially, however, memory utilization hovers at167

∼60%. Figure 2(b) confirms that throughput gains168

diminish sharply beyond batch size 8 (only 21%169

improvement), despite 38% of memory capacity170

sitting idle.171

This discrepancy creates a Utilization Phantom:172

the worker appears available in memory space173

while being saturated in compute time. Sched-174

ulers relying solely on memory headroom are thus175

blind to this compute saturation, erroneously rout-176

ing burst traffic to overloaded nodes and triggering177

the downstream starvation observed in Section 2.1.178

2.3 Consequence: From Skew to Stall179

The utilization phantom manifests as queue diver-180

gence in the prefill pool: a memory-centric policy181

repeatedly routes bursts to memory-available yet182

compute-saturated workers, creating stragglers. In183

our burst trace, the busiest prefill worker builds a184

40+ queue while others stay around ∼15, whereas185

a compute-aware policy keeps queues near-uniform186

(details in Appendix A). This skew amplifies up-187

stream head-of-line blocking, reduces the decode-188

ready rate, and pushes the system into a high-189

latency, low-utilization regime, hurting both tail190

performance and cost efficiency despite phase dis-191

aggregation.192

2.4 The Control Plane Disconnect193

The observed queue divergence exposes a systemic194

disconnect: while the mechanisms of disaggrega-195

tion have matured, the metrics governing them re-196

main dangerously fragmented.197

Prior research has rigorously established the198

physical foundations for efficiency: Phase Disag- 199

gregation (Zhong et al., 2024) decouples interfer- 200

ence, State Disaggregation (Qin et al., 2024) pools 201

global capacity, and Stream Scheduling (Feng et al., 202

2025) introduces pipeline fluidity. These works 203

brilliantly solve where to place computations and 204

how to move data. 205

The Missing Link: Metric Incomparability. 206

However, the control signals driving these deci- 207

sions operate in silos. Consequently, each system’s 208

control plane optimizes a different local proxy met- 209

ric, e.g., token velocity (Feng et al., 2025) or queue 210

length (Patel et al., 2024). Crucially, they lack a 211

common denominator to weigh the quadratic com- 212

pute cost of a prefill burst against the linear memory 213

risk of a decode stream. 214

Our Solution: The Phasor Framework. To 215

bridge this semantic gap, we identify the need for 216

a unified scheduling interface. We first propose 217

Virtual Freeness (Φ), a dimensionless projection 218

designed to translate distinct physical constraints 219

(Time vs. Space) into a unified language. Crucially, 220

This interface is orthogonal to existing execution 221

paradigms, equipping the control plane with a bilin- 222

gual capability that transforms chaotic interference 223

into a tractable optimization objective for cross- 224

phase control. 225

Built upon this interface, we propose Phasor, a 226

holistic control framework that integrates dimen- 227

sionless load modeling with predictive resource 228

orchestration. 229

3 Methodology 230

We now formalize the unified interface, and show 231

how Phasor uses it to drive closed-loop routing and 232

maintenance in disaggregated clusters. 233
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3.1 Virtual Freeness: The Unified234

Mathematical Form235

To optimize across heterogeneous phases, we for-236

malize the system state using a unified mathemati-237

cal framework. For any worker w, Virtual Freeness238

(Φ) is a SLO-normalized residual headroom:239

Φ(w) = 1− Uvirt(w)

Cphys(w)
. (1)240

Here, Cphys is the hard physical budget and Uvirt is241

the predicted virtual load under the corresponding242

phase constraint.243

Crucially, while the form of Φ is unified, its244

internal definition adapts dynamically to the phase-245

specific physics of the worker. We formulate this246

duality using the following system of equations:247

Φ(w) =



w ∈ P(Time-Bound):

1−

∑
r∈Qw

(
α lin(r)

2 + β · Pm · lin(r)
)

Ppeak T
TTFT
SLO

w ∈ D (Space-Bound):

1−
Nused(w) +Hfrag(w)

Mtotal
(2)248

249

For the Prefill Phase, U represents the Virtual250

Computational Load, defined as the estimated com-251

pute cost for all requests in the current instance252

queue Q, where lin is the input length of request r.253

The quadratic term α·l2in captures the dominant self-254

attention scaling, while the linear term β · Pm · lin255

captures FFN-related compute, where Pm is the256

(active) parameter count obtained from model meta-257

data. CT denotes the compute budget over the258

TTFT window, determined by the hardware peak259

throughput at the deployed precision (Ppeak) and260

the TTFT budget T TTFT
SLO . We discuss the general-261

ization and calibration of this time-bound surrogate262

in Appendix B.3.263

For the Decode Phase, the capacity C is defined264

by the hard memory limit Mtotal. Here, the load in-265

cludes the count of physically allocated KV blocks266

Nused and a fragmentation penalty Hfrag, defined267

as stranded capacity on worker w—free blocks that268

are physically available but practically unusable for269

large bursts without consolidation.270

All hyperparameters and system constants (e.g.,271

α, β,Ppeak, T
TTFT
SLO ,Mtotal,Hfrag), along with cal-272

Algorithm 1 Phasor Holistic Control Loop
Require: Request stream R, pools P,D,M
Require: Calibrated params α, β, θfrag, θflow
1: while system running do
Micro: Gradient Routing (t ∼ µs)
2: if new request r arrives then
3: w∗ ← argmax

w∈P
ΦT (w)

4: Dispatch r to w∗

5: end if

Meso: Proactive De-fragmentation (t ∼ ms)
6: for all decode worker d ∈ D do
7: compute ΦS(d) ▷ space-bound freeness, Eq. (2)
8: if ΦS(d) < θfrag andHfrag(d) is high then
9: Trigger ASYNCDEFRAG(d)

10: end if
11: end for

Macro: Elastic Flow Control (t ∼ s)
12: Φ̄P ← AVGFREENESS(P);
13: Φ̄D ← AVGFREENESS(D)
14: if Φ̄P < θflow · Φ̄D andM ̸= ∅ then
15: m←M.POP(); Promote m to P
16: else if Φ̄D < θflow · Φ̄P andM ̸= ∅ then
17: m←M.POP(); Promote m to D
18: end if
19: Sleep for control interval ∆t
20: end while

ibration and some parameters’ sensitivity analyses, 273

are provided in Appendix B and F. 274

3.2 Phasor Architecture 275

Phasor is a centralized control plane over three 276

pools: Prefill (P), Decode (D), and an elastic 277

Mixed pool (M) (Figure 3). It collects lightweight 278

telemetry (per-worker queue metadata and decode- 279

side KV allocation/fragmentation maps), projects 280

each worker state into the unified Φ space, and 281

enforces decisions at multiple time scales: micro 282

request routing, meso decode maintenance, and 283

macro pool rebalancing. 284

3.3 Actuation: Multi-Scale Control 285

Mechanisms 286

Equipped with the unified Φ signal, Phasor opera- 287

tionalizes the control loop through three synergistic 288

mechanisms spanning different time scales. Visual- 289

ization of scheduling mechanisms is illustrated in 290

Appendix C. 291

∆t denotes the sampling interval. We conducted 292

a sensitivity analysis on ∆t in the Appendix F. 293

Zero-Downtime KV Migration. Phasor pipelines 294

KV migration by overlapping asynchronous KV 295

replication with ongoing inference and using a brief 296

final handoff for consistency; detailed mechanisms 297

and overhead in Appendix D. 298

4



Prefill Pool

Prefill Worker1

KV Trans

Local Metrics Collector

Centralized Control Plane

Global Scheduler

Target GPU = argmax(Free_Score)

Defragmenter

Priority 

Manager

Auto-Scaler

Decision Engine

Virtual FLOPs 

Usage

Prefill Worker2

Virtual FLOPs 

Usage

Decode Pool

Decode Worker1

Local Metrics Collector

Virtual Mem 

Usage

Decode Worker2

Virtual Mem

Usage

Requests

Feedback Freeness

Retiring Worker

Feedback Freeness

Standby Worker

Mixed  Pool

Restored 

Worker

State 

Monitor

Freeness 

Estimator

Figure 3: Overview of the Phasor Architecture. The Global Scheduler orchestrates resources via a closed loop:
collecting raw telemetry, projecting it into the unified Φ space, and executing actuation decisions.

Micro (Routing). Phasor dispatches each arrival299

to the prefill worker with the highest time-bound300

freeness ΦT . This greedy move-to-the-best-Φ rule301

steers bursty, compute-heavy requests away from302

workers already dominated by quadratic prefill303

costs, mitigating the queue divergence described in304

Section 2.305

Meso (De-fragmentation). Phasor treats fragmen-306

tation as stranded capacity and triggers ASYNCDE-307

FRAG when ΦS(d) < θfrag. Rather than perform-308

ing physical compaction (obviated by PagedAtten-309

tion), it asynchronously migrates a subset of KV310

states to other workers. This effectively performs311

online bin-packing, consolidating scattered capac-312

ity on the source node to accommodate new heavy313

requests. (details in Appendix D).314

Macro (Flow Control). Phasor compares the mean315

freeness of P and D and promotes a standby node316

from M when one pool’s mean freeness drops be-317

low the other by a factor of the flow-control ratio318

θflow. The choice and sensitivity of θflow are de-319

tailed in Appendix B.5 and F.320

4 Experiments321

Our evaluation aims to answer three fundamental322

questions:323

RQ1 (End-to-End Performance): Does Pha-324

sor suppress cross-phase interference and deliver325

consistently lower end-to-end tail latency across326

NLP-critical workloads and real-world production327

bursts? 328

RQ2 (Efficiency): Can Phasor substantially am- 329

plify the serving efficiency of fixed hardware bud- 330

gets under strict SLO constraints? 331

RQ3 (Validity): Are gains attributable to Phasor’s 332

key mechanisms, and are results stable to thresh- 333

old/sampling variations? 334

4.1 Experimental Setup 335

Testbed and Models. We conduct all experiments 336

on a server equipped with 8 × NVIDIA V100- 337

32GB GPUs interconnected via NVLink, represen- 338

tative of a standard high-performance inference 339

pod. This setting leaves limited KV-cache head- 340

room, making capacity sensitive to fragmentation. 341

We deploy Qwen2.5-7B-Instructt (FP16) as the pri- 342

mary model. We also employ Llama-3-8B for abla- 343

tion studies to verify cross-model generalization. 344

Workloads: Semantic Task Archetypes. To 345

bridge the gap between system metrics and NLP se- 346

mantics, we do not rely on random synthetic traces. 347

Instead, we construct three distinct workload sce- 348

narios by sampling directly from the ShareGPT 349

dataset (Chiang et al., 2023): First, Context- 350

Heavy Tasks feature long inputs and short out- 351

puts. This pattern dominates prefill compute time, 352

stressing the O(L2) attention bottleneck. Second, 353

Generation-Heavy Tasks utilize short inputs but 354

long outputs. This pattern stresses memory ca- 355

pacity and is highly susceptible to KV fragmenta- 356
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ID In (Lin) Out (Lout) NLP Task

Sharegpt-L-S ∼2048 ∼128 Summarization
Sharegpt-S-L ∼128 ∼2048 Code Generation

BurstGPT 1024 (avg) 256 (avg) Realistic Mix
Sharegpt-S-S∗ 128 128 Short QA
Sharegpt-L-L∗ 2048 512 Translation

Sharegpt-M-M∗ 1024 1024 Dialog

Table 1: Evaluated Workloads.

tion. Finally, For production bursts, we use Burst-357

GPT (Wang et al., 2025b) derived from Azure358

traces to reflect real-world arrival variability. Table359

1 summarizes these characteristics.360

SLO settings and metrics. We report TTFT,361

TPOT, and end-to-end latency, and evaluate serv-362

ing efficiency via SLO-constrained capacity un-363

der a fixed 8-GPU budget. SLO thresholds364

(TTFT/TPOT) are configured per workload sce-365

nario; the exact settings are summarized in the366

Appendix B.7.367

Baselines. We compare Phasor against two state-368

of-the-art systems under an identical 8-GPU bud-369

get. DistServe (Zhong et al., 2024) represents the370

static disaggregation paradigm. Splitwise (Patel371

et al., 2024) represents standard disaggregation372

with a reactive Mixed Pool, routing requests based373

on queue length. These baselines cover the domi-374

nant static vs. reactive control paradigms in phase-375

disaggregated serving.376

4.2 End-to-End Performance (RQ1)377

To answer RQ1, we evaluate Phasor’s latency per-378

formance under heterogeneous bottlenecks. Figure379

4 presents the latency panorama across three crit-380

ical NLP task archetypes. Comprehensive results381

for all workloads are provided in Appendix E.382

Scenario 1: Realistic Production (BurstGPT).383

Across all burst phases, Phasor reduces the average384

total requests P99 latency by 34.8% compared to385

Splitwise and 22.4% compared to DistServe. Un-386

der high load (40–60 req/s), reactive signals mask387

the phase-specific bottleneck, causing cascading388

stragglers. Virtual Freeness exposes this risk at389

dispatch, routing requests to workers with residual390

headroom to flatten load variance. Phasor therefore391

bounds total requests P99 latency at 206.8 s, ver-392

sus 338.6 s (Splitwise) and 278.4 s (DistServe), a393

38.9% and 25.7% reduction.394

Scenario 2: Summarization – Prefill Saturation.395

Across all arrival rates, Phasor reduces average396

TTFT P99 by 44.2% versus Splitwise and 34.1% 397

versus DistServe. Phasor’s gain comes from mak- 398

ing the superlinear long-context prefill cost a first- 399

class routing signal: by pricing an l2in-scaled cost 400

in ΦT , it avoids straggler-dominated queues where 401

a few long requests dominate prefill service time 402

and inflate TTFT, preventing head-of-line blocking 403

from cascading into decode starvation. 404

Scenario 3: Generation – Memory Fragmen- 405

tation. Across all rates, Phasor reduces average 406

TPOT by 15.6%/7.6% vs. Splitwise/DistServe. 407

Specifically at λ=40, it bounds TPOT P99 at 408

112.8,ms (vs. 136.8/121.2,ms) and total requests 409

P99 latency at 174.6,s (vs. 216.4/192.4,s). These 410

gains stem from preemptive memory hygiene 411

guided by Virtual Freeness. While baselines lose 412

effective capacity to fragmentation, causing false- 413

OOMs that throttle concurrency, Phasor proactively 414

defragment memory. This preserves contiguous 415

space, ensuring stable decode concurrency and low 416

TPOT. 417

4.3 Resource Efficiency & Mechanism (RQ2) 418

We quantify serving efficiency by SLO-constrained 419

capacity: the largest closed-loop in-flight concur- 420

rency that a fixed 8-GPU cluster can sustain while 421

keeping both TTFT P99 and TPOT P99 within 422

their workload-specific SLO budgets. We report 423

the exact (T TTFT
SLO , T TPOT

SLO ) settings per workload in 424

Table 3 (Appendix B.7). 425

Capacity Gains Figure 5 demonstrates that Pha- 426

sor achieves superior SLO-compliant concurrency 427

compared to baselines across diverse NLP work- 428

loads on an 8-GPU budget. Specifically, it de- 429

livers 1.85× capacity over DistServe (1.99× vs. 430

Splitwise) on the realistic Production Mix. These 431

gains persist across distinctive regimes: 1.66× on 432

memory-bound Code Generation, 1.41× on dual- 433

bottleneck Translation, and 1.13–1.89× across Di- 434

alog, Summarization, and Q&A." Overall, Phasor 435

improves SLO-compliant concurrency per GPU 436

by 1.1–2.0×. Under a standard closed-loop as- 437

sumption where the completion rate scales approxi- 438

mately with sustainable concurrency at fixed client 439

think-time and workload mix, this corresponds to 440

cutting the GPU cost per SLO-satisfying request 441

by roughly 12–50% on the same budget. 442

To understand why Phasor unlocks more SLO- 443

compliant concurrency, we examine the decode- 444

side memory state and quantify fragmentation over 445

time. 446
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Figure 4: End-to-end Latency Performance. Phasor establishes a superior Pareto frontier compared to baseline.
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Attribution: Proactive De-fragmentation. Fig-447

ure 6 shows that baselines accumulate severe frag-448

mentation (49.7%) under bursts. While PagedAt-449

tention handles physical non-contiguity, it cannot450

consolidate free blocks scattered across workers.451

Guided by Eq. (2), Phasor proactively triggers452

ASYNCDEFRAG to asynchronously migrate frag-453

mented memory between workers, effectively re-454

claiming contiguous capacity. Consequently, Pha-455

sor maintains a low 6.2% average fragmentation456

under the same load.457

By reducing peak fragmentation at t=470 s by458

85.3% (7.29% vs 49.65%), Phasor converts wasted459

holes into usable slots, confirming proactive hy-460

giene as the decisive lever for the capacity gains in461

Figure 5.462

Energy Efficiency. Finally, we verify that these463

capacity gains translate to sustainability. By amor-464

tizing static power over higher throughput, Phasor465

reduces the energy cost per token by 28.0% com-466
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Figure 6: Mechanism Verification: Fragmentation
Suppression. Baselines accumulate fragmentation and
peak at 49.65%, while Phasor bounds fragmentation at
a 6.20% average

pared to the Splitwise baseline (0.175 J/T vs. 0.243 467

J/T); see Appendix G for the detailed analysis. 468

4.4 Architectural Validity (RQ3) 469

To attribute Phasor’s gains to its design (rather 470

than incidental heuristics), we conduct subtrac- 471

tive ablations by disabling (i) Virtual Freeness 472

(Φ), (ii) proactive de-fragmentation, and (iii) the 473

Mixed Pool. Table 2 reports P99 latency and SLO- 474

constrained capacity normalized to DistServe. 475

Virtual Freeness is the primary driver of tail 476

latency. Removing Φ causes the largest and 477

most consistent P99 regression across workloads. 478

On Qwen2.5-7B-Instruct, Summarization TTFT 479

P99 degrades from 0.66 to 0.92 (+39%), and 480

Production-Mix total P99 degrades from 0.74 to 481

0.90 (+22%), showing that the unified time-bound 482

signal is essential to avoid straggler-dominated pre- 483

fill queues and the resulting HOL blocking. 484
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Table 2: Ablation of Phasor components. Normalized to DistServe (Baseline=1.00). Removing Φ, Mixed Pool, or
De-frag degrades performance significantly.

System Variant Norm. Latency P99 (↓) Norm. Capacity (↑)

Summ.
(TTFT)

Code
(Total)

Prod. Mix
(Total)

Code
Gen. Summ. Prod.

Mix
Data Format: Qwen2.5-7B-Instruct (Left) / Llama-3-8B (Right)

Splitwise (Static) 1.22 / 1.24 1.13 / 1.15 1.34 / 1.36 0.91 / 0.90 0.86 / 0.85 0.93 / 0.92
DistServe (Baseline) 1.00 / 1.00 1.00 / 1.00 1.00 / 1.00 1.00 / 1.00 1.00 / 1.00 1.00 / 1.00
Phasor (Full System) 0.66 / 0.69 0.91 / 0.93 0.74 / 0.76 1.59 / 1.52 1.63 / 1.58 1.85 / 1.78

Ablations (Impact of removing components)
– w/o Virtual Freeness 0.92 / 0.94 0.95 / 0.97 0.90 / 0.92 1.42 / 1.36 1.55 / 1.50 1.52 / 1.46
– w/o Mixed Pool 0.72 / 0.75 0.93 / 0.95 0.82 / 0.84 1.50 / 1.44 1.58 / 1.53 1.48 / 1.42
– w/o De-frag 0.68 / 0.71 0.96 / 0.98 0.82 / 0.84 1.35 / 1.30 1.60 / 1.55 1.68 / 1.62

De-fragmentation is decisive for memory-bound485

capacity. Disabling de-fragmentation yields the486

largest capacity drop in generation-heavy work-487

loads: Code-Generation capacity falls from 1.59488

to 1.35 (-15%). This suggests that Φ-based rout-489

ing is necessary to avoid placing load on risky490

workers, but de-fragmentation is needed to reclaim491

fragmentation-induced effective KV-cache capacity492

and keep decode concurrency stable.493

The Mixed Pool specializes in burst elasticity.494

Removing the Mixed Pool primarily hurts burst495

capacity: Production-Mix capacity drops from 1.85496

to 1.48 (-20%), while its impact on steady synthetic497

regimes is smaller, confirming that the Mixed Pool498

mainly provides macro-scale elasticity rather than499

per-request routing benefits.500

Robustness to parameter drift. We sweep θfrag,501

θflow, and the control epoch ∆t in Appendix F and502

observe stable performance over a broad range, in-503

dicating that Phasor does not rely on fragile tuning.504

Cross-model generalization. The same specializa-505

tion pattern holds on Llama-3-8B (Table 2): Φ re-506

mains the dominant driver of tail-latency improve-507

ments across workloads, while de-fragmentation508

is the key enabler for capacity in memory-bound509

generation, and the Mixed Pool primarily affects510

Production-Mix capacity.511

5 Related Work512

Phase Disaggregation. Splitwise (Patel et al.,513

2024) and DistServe (Zhong et al., 2024) for-514

malized separating prefill/decode phases, employ-515

ing specialized pools with queue-based routing516

(queue-/token-backlog proxies) or offline profil-517

ing for planning-based split under TTFT/TPOT518

constraints. P/D-Serve (Jin et al., 2024) extends519

this with dynamic mapping for large-scale deploy-520

ments. 521

Dynamic & Stream-Based Scheduling. Re- 522

cent work enhances execution fluidity. Wind- 523

Serve (Feng et al., 2025) introduces stream-based 524

scheduling to minimize bubbles. TaiChi (Wang 525

et al., 2025a) dynamically toggles aggregation lev- 526

els based on SLO regimes, while DéjàVu (Strati 527

et al., 2024) leverages KV-cache streaming as a 528

substrate for prompt-token disaggregation and fast 529

recovery under failures. 530

State-Centric Optimization. Addressing the 531

memory wall, Mooncake (Qin et al., 2024) and 532

MemServe (Hu et al., 2024a) propose disag- 533

gregated architectures pooling global resources 534

(GPU HBM and CPU DRAM). semi-PD (Hong 535

et al., 2025) advocates storage aggregation, while 536

Nexus (Shi et al., 2025) explores fine-grained intra- 537

engine isolation. 538

6 Conclusion 539

This work demonstrates that physical separation 540

alone fails to guarantee performance isolation. We 541

identify a control-plane gap: phase-local, mis- 542

aligned metrics can overload compute-saturated 543

prefill workers, throttling the ready-task rate into 544

decode so decode GPUs sit idle while still keep- 545

ing KV states resident. To bridge this, we propose 546

Phasor, a holistic control framework built upon 547

the Virtual Freeness interface. By translating con- 548

flicting Time (latency) and Space (fragmentation) 549

constraints into a unified coordinate system, Phasor 550

transforms the control plane from a set of disjoint 551

heuristics into a tractable gradient optimization 552

problem, effectively unlocking the true efficiency 553

potential of disaggregated serving. 554
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Limitations555

The limitations below primarily affect the actuation556

cost and scalability of the framework, rather than557

the phase-consistent scheduling interface itself.558

State-transfer bandwidth and topology. Phasor’s559

elastic rebalancing relies on amortizing KV/state560

transfers (Patel et al., 2024; Zhong et al., 2024;561

Qin et al., 2024); when the interconnect is low-562

bandwidth (e.g., Ethernet-only or PCIe-constrained563

fabrics), migration overhead can contend with serv-564

ing traffic and dilute the net capacity gains (Patel565

et al., 2024; Zhong et al., 2024; Qin et al., 2024). In566

such regimes, Phasor naturally degrades to a purely567

routing-based controller (using Φ for dispatch), as568

the cost of physical rebalancing would outweigh569

the fragmentation benefits.570

Control-plane scalability and fault tolerance.571

We prioritize global scheduling optimality, which572

fits pod-scale deployments typical of high-573

performance inference. While sufficient for574

our evaluation scope, a single global sched-575

uler may become a bottleneck at data-center576

scales (Schwarzkopf et al., 2013; Ousterhout et al.,577

2013). Future work involves extending Phasor to a578

hierarchical architecture, where local agents handle579

micro-second actuation while a global coordinator580

manages coarse-grained pool sizing.581

Extremely long contexts. For workloads with582

contexts orders of magnitude larger than our test583

set (e.g., >100K tokens), the sheer cost of moving584

KV states dominates, regardless of bandwidth (Pa-585

tel et al., 2024; Kwon et al., 2023). In these sce-586

narios, Phasor’s interface should be paired with587

copy-avoidant mechanisms (e.g., remote memory588

disaggregation or logical caching) (Gu et al., 2017;589

Huang et al., 2022; Kwon et al., 2023; Qin et al.,590

2024) to achieve rebalancing via access redirec-591

tion rather than physical state movement (Gu et al.,592

2017; Huang et al., 2022).593
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A Additional Evidence for Prefill Queue753

Divergence754

As shown in Figure 7, under memory-aware755

scheduling, prefill requests accumulate catastrophi-756

cally on “Phantom” nodes—Node0’s queue reaches757

40+ requests (peaking at 46), while other prefill758

workers maintain queues of only ∼19. In con-759

trast, compute-aware scheduling distributes pre-760

fill load evenly across all prefill workers (∼16 re-761

quests each). This represents a 2.4× load skew,762

with Node0’s queue growing 4.6× from baseline763

while queues on other prefill workers merely dou-764

ble.765

Figure 7(b) quantifies this prefill-phase disparity:766

during the burst plateau (300–420s), Node0 accu-767

mulates an average queue length of 36.2 requests768

under memory-aware scheduling, compared to 15.1769

for other prefill workers and a uniform ∼15.8 under770

compute-aware scheduling.771

B Parameter Calibration and772

Configuration773

To ensure reproducibility, this appendix details how774

Phasor calibrates the time-bound cost model pa-775

rameters and configures control thresholds in our776

evaluation. Unless otherwise specified, all values777

refer to our V100 (FP16) serving stack.778

Notation. For a prefill worker w ∈ P , the time-779

bound virtual load aggregates per-request costs780

in its queue Qw: UT (w) =
∑

r∈Qw

(
α lin(r)

2 +781

β Pm lin(r)
)
. We interpret UT as a FLOP-782

equivalent proxy, and normalize it by the compute783

budget CT = Ppeak TSLO so that UT /CT approxi-784

mates the fraction of the latency budget consumed785

by the queued work.786

B.1 Peak Throughput Measurement (Ppeak)787

Theoretical peak numbers can deviate from the ef-788

fective throughput of an inference stack. We there-789

fore use Ppeak as an effective peak throughput mea-790

sured on the target GPU under the same precision791

and kernel configuration as serving. Concretely,792

we run a GEMM-heavy microbenchmark represen-793

tative of the prefill kernels and take the maximum794

sustained FP16 throughput as Ppeak. In our V100795

setup, we observe Ppeak ≈ 121 TFLOP (FP16,796

tensor-core enabled). We report the measured ef-797

fective peak rather than vendor-only specifications798

to keep UT /Ppeak consistent with observed latency.799

B.2 Coefficient Profiling (α, β) 800

The coefficients map request lengths to FLOP- 801

equivalent costs under our serving stack. 802

Reference model and normalization. We use 803

Qwen2.5-7B-Instruct (FP16) as the reference 804

model Mref and normalize the model-scale fac- 805

tor to it. 806

Measurement. We measure prefill latency 807

Tprefill(lin) for synthetic requests with lin ∈ 808

[128, 8192] under a fixed batching policy to remove 809

scheduler-induced variance. 810

FLOP-equivalent conversion and fitting. While 811

α and β could be derived from analytical FLOPs, 812

such derivations are highly sensitive to implemen- 813

tation details (e.g., fused kernels, attention vari- 814

ants, and batching) and may deviate from the la- 815

tency behavior observed in an end-to-end serving 816

stack. Since scheduling decisions ultimately aim 817

to control user-visible latency (e.g., TTFT) and 818

prevent congestion under bursts, we calibrate the 819

time-bound model using the most directly relevant 820

observable: prefill latency. We therefore convert 821

measured prefill latency into a FLOP-equivalent 822

target: U(lin) ≜ Tprefill(lin) · Ppeak. We then 823

fit U(lin) ≈ α l2in + β Pm(Mref ) lin with least- 824

squares regression (R2 > 0.99) to obtain stack- 825

specific (α, β). 826

The fitted values used in our experiments are 827

listed in Table 4. 828

B.3 Cross-Model Generalization of the 829

Time-Bound Cost Model 830

To improve cross-model generalization without per- 831

model profiling of the linear component, we intro- 832

duce an explicit model-scale factor Pm extracted 833

from static metadata. 834

Definition. For dense Transformer LLMs, we de- 835

fine 836

Pm(M) ≜
Nparam(M)

Nparam(Mref )
, (3) 837

where Nparam(M) denotes the number of train- 838

able parameters of model M obtained from model 839

metadata. Thus, for our two evaluated models, Pm 840

differs only by the parameter-scale ratio (e.g., 7B 841

vs. 8B). 842

Scope and boundary. The above generalization 843

targets model changes under a fixed serving stack. 844

If the execution stack changes materially (e.g., pre- 845

cision, attention kernel, compiler/runtime), Ppeak 846

and/or (α, β) should be re-measured following 847

§B.1–§B.2. 848
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Figure 7: Queue Divergence under Metric Misalignment. Memory-aware routing piles requests on compute-
saturated prefill workers, creating stragglers and amplifying head-of-line blocking; compute-aware routing maintains
near-uniform queues.

B.4 Handling Negative Freeness849

It is important to note that Φ(w) can become nega-850

tive if the estimated virtual load exceeds the physi-851

cal budget (i.e., Uvirt > Cphys). Physically, a nega-852

tive Φ(w) < 0 signifies that the worker is currently853

overloaded relative to the strict SLO target.854

Graceful Degradation: In such saturation855

regimes, the argmax operator in our Micro-scale856

Routing (Algorithm 1) remains valid and robust.857

By selecting the worker with the maximum alge-858

braic value (i.e., the least negative Φ), Phasor nat-859

urally dispatches requests to the worker with the860

smallest overload margin.861

Interpretation: This ensures that under extreme862

bursts where all workers violate SLOs, the system863

does not reject requests or deadlock; instead, it op-864

timally distributes the excess load to minimize the865

aggregate magnitude of SLO violations, achieving866

graceful degradation.867

B.5 Control Threshold Derivation868

(θfrag, θflow)869

Thresholds are chosen via sensitivity analysis to870

balance benefit and actuation overhead.871

De-fragmentation trigger threshold (θfrag).872

We sweep θfrag ∈ [0.05, 0.30] on a decode-873

heavy workload from sharegpt and evaluate874

(i) OOM/allocation-failure incidence and (ii)875

background maintenance overhead (extra876

time/bandwidth consumed by ASYNCDEFRAG).877

We select θfrag = 0.168 as a Pareto point that878

eliminates OOM events in our testbed while879

keeping defragmentation overhead below a small880

budget (under 2% in our measurements).881

Flow control ratio (θflow). θflow provides hystere-882

sis for macro-scale pool reconfiguration. We sweep883

θflow and measure (i) reconfiguration frequency (to 884

detect flapping) and (ii) end-to-end capacity/latency 885

improvement under drifting workloads. We choose 886

θflow = 0.62 as the smallest ratio that suppresses 887

oscillatory reconfigurations while preserving most 888

of the elasticity gains in our evaluation. In addition 889

to this spatial hysteresis, we enforce a temporal 890

Cool-down Period (Tcool) to strictly prevent rapid 891

role flipping. A worker promoted from the Mixed 892

Pool is locked in its new role for a minimum dura- 893

tion (set to 20 × ∆t, i.e., 1 second) before it can 894

be recalled. This dual-mechanism ensures that re- 895

configuration only responds to sustained load shifts 896

rather than transient noise. 897

B.6 Control Epoch (∆t) 898

∆t sets the cadence of meso-/macro-scale con- 899

trol (e.g., de-fragmentation checks and pool re- 900

balancing). It trades off responsiveness and con- 901

trol overhead: smaller ∆t reacts faster but in- 902

creases telemetry and background actuation fre- 903

quency, while larger ∆t reduces overhead but de- 904

lays adaptation under bursts and workload drifts. 905

We set ∆t = 50ms in our testbed, matching the 906

natural meso-scale timescale of decode-side mem- 907

ory dynamics while remaining orders of magnitude 908

larger than micro-scale request routing. We report 909

a sensitivity sweep of ∆t in Appendix F. 910

B.7 Latency Budget (TSLO) 911

We adopt the standard two-metric SLO formulation 912

in LLM serving, where a request is considered SLO- 913

satisfied only if it meets both a TTFT budget and a 914

TPOT budget. In contrast, our time-bound freeness 915

for prefill normalizes only by T TTFT
SLO , since TTFT 916

is determined by the prefill path, while TPOT is 917

governed by the decode path. 918
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Table 3: Per-workload SLO budgets used in evalua-
tion. A request is counted as SLO-satisfied only if it
meets both TTFT and TPOT budgets.

Workload ID T TTFT
SLO (s) T TPOT

SLO (s)

ShareGPT-S-S (Short QA) 0.30 0.15
ShareGPT-M-M (Dialog) 0.40 0.20
BurstGPT 0.40 0.20
ShareGPT-S-L (Code Gen.) 0.125 0.20
ShareGPT-L-S (Summarization) 2.25 0.13
ShareGPT-L-L (Translation) 3.00 0.18

SLO budgets are operator-configurable and919

workload-/tier-dependent in practice. Rather than920

claiming universal budgets, we align our per-921

scenario settings with widely-used tiers reported922

by prior serving systems (Zhong et al., 2024; Hong923

et al., 2025) and evaluations. Specifically, we924

map our synthetic archetypes to the closest prior925

workload categories (interactive chat, long-context926

reading, code completion) and use their published927

TTFT/TPOT targets as defaults. Table 3 summa-928

rizes the budgets used in our evaluation.929

C Visualization of Control Mechanisms930

Physical compute usage

Virtual compute usage

Request queue

(a) Load Balancing (c) Prioritization

Prefill Pool

Decode Pool

KVCache queue

(b)De-frag (c) Prioritization

(d)Auto-scaling

KVCache Trans

Physical mem usage

Virtual mem usage

(d)Auto-scaling

Remove virtual usage

Worker standby

Figure 8: Phasor Control Mechanisms. Driven by
Virtual Freeness, the system executes (a) Gradient-
based Routing to balance compute, (b) Proactive De-
fragmentation to reclaim memory, and (c/d) Prioritiza-
tion and Auto-scaling to manage capacity.

D Zero-Downtime KV Migration931

Phasor introduces a multi-stage pipelining mech-932

anism for KV migration. Instead of pausing exe-933

cution, the system asynchronously replicates the934

generated KV Cache from the source to the tar-935

get worker while the source continues inference.936

This approach effectively masks the data transfer937

latency, requiring only a negligible interruption for938

the final consistency check.939

Specifically, to mitigate rescheduling overhead, 940

Phasor employs an asynchronous, iterative migra- 941

tion strategy that pipelines state transfer with active 942

decoding. As illustrated in Figure 9, the process 943

exploits the append-only nature of the KV cache to 944

minimize the critical section (downtime). 945

Initial Copy Phase (Stage 0): Upon triggering 946

migration, the Source Worker continues decoding 947

new tokens while asynchronously transferring the 948

existing snapshot of KV blocks to the Destination 949

Worker. This ensures the request makes progress 950

during the bulk transfer. 951

Page Iteration (Stage 1...N): Since decoding con- 952

tinues during the initial phase, new "dirty" KV 953

blocks are generated. Phasor enters an iterative 954

convergence loop where it transfers only the incre- 955

mental KV blocks generated in the previous stage. 956

Because transfer speed typically exceeds genera- 957

tion speed, the volume of dirty data shrinks with 958

each iteration. 959

Stop-and-Copy Phase: Once the remaining delta 960

is small enough (Stage N), Phasor suspends exe- 961

cution for a final, atomic synchronization. This 962

transfers the last few blocks and hands over control 963

to the destination worker. 964

This design ensures that the Downtime is con- 965

stant and independent of the total sequence length, 966

limited only to the transfer time of the final itera- 967

tion’s output. 968

E Comprehensive Performance 969

Panorama 970

While the main text focuses on extreme bottle- 971

neck regimes, Figure 10 illustrates our holistic 972

evaluation across the full spectrum of workload 973

archetypes, including Quick Q&A (Short-Short), 974

Translation (Long-Long), and Dialog (Medium- 975

Medium). 976

Analysis of Auxiliary Workloads. 977

1. Quick Q&A (Sharegpt-S-S): Low Overhead Val- 978

idation. 979

Data Overview: This lightweight scenario 980

(Lin, Lout < 512) serves as a litmus test for sys- 981

tem overhead. Across all load levels (λ = 5 to 40 982

req/s), Phasor reduces the average Total Request 983

P99 by 11.5% compared to Splitwise and 8.9% 984

compared to DistServe. 985

Highlight: At peak load (λ = 40), Phasor 986

achieves a Total Request P99 of 28.9 s, outper- 987

forming Splitwise (33.5 s) by 13.8% and DistServe 988

(32.4 s) by 10.9%. The TTFT P99 is reduced 989
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Table 4: Phasor Parameters in Our V100 (FP16) Testbed

Symbol Definition Value

Physical / Stack Constants
Ppeak Measured effective peak throughput (FP16, serving

stack)
≈ 121 TFLOPS

Mtotal Physical memory limit per decode worker 32 GB
α Quadratic cost coefficient (attention proxy, FLOP-

equivalent)
4.25× 10−5

β Linear cost coefficient (FFN proxy, FLOP-equivalent;
scaled by Pm)

6.80× 10−3

Pm Model-scale factor model-dependent

Control Parameters
∆t Control epoch / sampling interval 50 ms
θfrag De-fragmentation trigger threshold 0.168
θflow Flow control ratio (hysteresis for pool reconfiguration) 0.62

to 202 ms vs Splitwise’s 215 ms and DistServe’s990

208 ms, confirming minimal scheduling overhead991

even for short tasks.992

Attribution: These results contradict the intuition993

that sophisticated schedulers penalize lightweight994

requests. Phasor’s asynchronous control plane in-995

curs negligible overhead (<3% TTFT increase vs996

optimal) while effectively preventing micro-burst997

queuing through proactive load redistribution.998

2. Translation (Sharegpt-L-L): Dual-Bottleneck999

Efficiency.1000

Data Overview: In this heavy regime where both1001

prefill and decode phases saturate (Lin, Lout ≈1002

2048), Phasor demonstrates an average Decode1003

Time Per Token P99 reduction of 11.8% versus1004

Splitwise and 4.1% versus DistServe across all ar-1005

rival rates. For end-to-end performance, the aver-1006

age Total Request P99 improves by 14.9% over1007

Splitwise and 8.7% over DistServe.1008

Highlight: At saturation load (λ = 40), static1009

partitioning collapses. DistServe degrades to a To-1010

tal Request P99 of 175.9 s and Splitwise to 190.2 s,1011

while Phasor suppresses this to 151.4 s—achieving1012

a 20.4% reduction versus Splitwise and 14.0% ver-1013

sus DistServe. The Decode Time Per Token P99 is1014

maintained at 118.7 ms, significantly outperform-1015

ing Splitwise (138.9 ms, +17.0% slower) and Dist-1016

Serve (125.5 ms, +5.7% slower).1017

Attribution: When both stages are bottlenecked,1018

rigid resource boundaries become pathological.1019

Phasor’s Mixed Pool enables elastic capacity real-1020

location, dynamically borrowing idle decode GPUs1021

for prefill bursts. This fluidity mitigates the “hard1022

edges” of static splits, preventing cascading queue1023

buildup when the entire cluster is under stress.1024

3. Dialog (Sharegpt-M-M): Balanced Workload1025

Robustness.1026

Data Overview: For standard balanced work- 1027

loads (L ≈ 1024), Phasor demonstrates the most 1028

pronounced superiority. Across all load levels, Pha- 1029

sor achieves an average Total Request P99 reduc- 1030

tion of 25.6% compared to Splitwise and 19.6% 1031

compared to DistServe. 1032

Highlight: At peak load (λ = 40), Phasor re- 1033

duces Total Request P99 by 30.7% compared to 1034

Splitwise (102.5 s vs 148.0 s) and 19.9% compared 1035

to DistServe (102.5 s vs 128.0 s). This advantage 1036

emerges without extreme workload skew—neither 1037

stage is exclusively bottlenecked, yet static sched- 1038

ulers still suffer from suboptimal partitioning under 1039

load variance. 1040

Attribution: This confirms that Phasor acts as 1041

a robust generalist. Even when workloads lack 1042

extreme input/output length skew, production traf- 1043

fic exhibits inherent burstiness and heterogeneity. 1044

Phasor’s dimensionless interface unifies heteroge- 1045

neous resource demands (compute-bound prefill vs 1046

memory-bound decode) into a common optimiza- 1047

tion space, enabling gradient-based balancing that 1048

static heuristics cannot achieve. 1049

F Sensitivity Analysis 1050

To evaluate the robustness of Phasor under varying 1051

hyper-parameter settings, we conduct a compre- 1052

hensive sensitivity analysis on the BurstGPT work- 1053

load. We examine four critical dimensions: the 1054

Cost Weight (α), the De-fragmentation Threshold 1055

(θfrag), the Control Epoch (∆t), and the Flow Con- 1056

trol Ratio (θflow). Table 5 summarizes the impact 1057

on P99 Latency, Capacity, and TTFT. 1058

Robustness Observations. Cost Weight (α): 1059

The system exhibits asymmetric sensitivity. Under- 1060

estimating α (0.5×) is detrimental, causing con- 1061
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Figure 9: Phasor’s Asynchronous Pipelined Migration Workflow. The migration is divided into the Initial Copy
Phase (bulk background transfer), Page Iteration (incremental state convergence), and a minimal Stop-and-Copy
Phase (atomic handover). By pipelining KV transfer with decoding computation on the Source Worker, Phasor
achieves near-zero downtime regardless of the context length.

gestion and a 14% latency spike. Conversely, over-1062

estimating α (2.0×) makes the scheduler conserva-1063

tive: it maintains strict latency compliance (P99 ≈1064

0.99) by actively rejecting risky batches. However,1065

this safety comes at a cost, effectively "wasting"1066

usable headroom and leading to a 6% drop in ser-1067

viceable capacity.1068

De-fragmentation Threshold (θfrag): We ob-1069

serve a saturation effect. While a low threshold1070

(0.10) allows fragmentation to degrade latency1071

(+9%), raising the threshold beyond the default1072

(0.35) yields diminishing returns. It does not fur-1073

ther improve latency (as blocking is already elim-1074

inated) but incurs slightly higher migration over-1075

head, reducing capacity by 2%.1076

Control Epoch (∆t): Phasor demonstrates remark-1077

able robustness to the telemetry interval. Increas-1078

ing ∆t from 50ms to 200ms only degrades per-1079

formance by 6–8%, designated as "Low" impact.1080

This validates that the predictive nature of Virtual1081

Freeness reduces the reliance on high-frequency1082

hardware feedback.1083

Flow Control Ratio (θflow): The system remains1084

stable across a wide range of flow ratios. Because1085

θflow works in tandem with the temporal Cool-1086

down Period (Appendix B.4), the Mixed Pool re-1087

sists oscillation even when the ratio is loose (0.50)1088

or strict (0.80), showing only marginal impact on1089

end-to-end metrics. 1090

G Energy Efficiency Analysis 1091

In the context of LLM efficiency, energy consump- 1092

tion is the physical denominator of utilization. We 1093

therefore test whether Phasor’s throughput gains 1094

translate into better work per joule, rather than 1095

merely higher power draw. 1096

Methodology. We monitor aggregate GPU 1097

power (sum over 8 GPUs) via nvidia-smi/NVML 1098

at 100 ms intervals and evaluate the Production Mix 1099

(BurstGPT) at the peak-load phase (40–60 req/s), 1100

excluding warm-up. We define Energy Efficiency 1101

as Joules per generated output token (J/token), 1102

computed as PGPU/tok/s, which is equivalent to 1103∫
P (t) dt /#generated tokens over the same win- 1104

dow. We use output-token goodput (success- 1105

fully generated output tokens/s) to reflect end-to- 1106

end generation progress, which is most sensitive 1107

to decode-side stalls and fragmentation-induced 1108

effective-capacity loss. 1109

Sanity Check: Utilization vs. Power. As shown 1110

in Table 6, Phasor draws higher average GPU 1111

power (∼1720 W) than Splitwise (∼1315 W), a 1112

31% increase. This is consistent with Phasor mit- 1113

igating pipeline starvation: by sustaining higher 1114
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Figure 10: Comprehensive Performance Panorama. End-to-end latency metrics across six workload archetypes,
covering Quick Q&A (S-S), Dialog (M-M), Code Generation (S-L), Summarization (L-S), Translation (L-L), and
Production Mix (BurstGPT). Phasor demonstrates universal advantages in TTFT, TPOT, and total request latency
across all load levels.

effective decode concurrency, it converts idle GPU1115

power into active generation work.1116

Conclusion. Phasor improves energy proportion-1117

ality by translating higher utilization into lower1118

GPU energy per generated token, rather than1119

merely increasing power draw.1120
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Dimension Parameter Variation P99 Latency (↓) Capacity (↑) TTFT P99 (↓) Sensitivity

Cost Weight
(α)

0.5× αdef 1.14 0.92 1.18 Moderate
2.0× αdef 0.99 0.94 1.00 Low

De-frag Threshold
(θfrag)

Low (0.10) 1.09 0.96 1.12 Moderate
High (0.35) 1.00 0.98 1.00 Low

Control Epoch
(∆t)

Fast (20 ms) 0.99 1.01 0.99 Negligible
Slow (200 ms) 1.06 0.97 1.08 Low

Flow Ratio
(θflow)

Loose (0.50) 1.02 0.99 1.01 Low
Strict (0.80) 1.04 0.95 1.03 Low

Table 5: Sensitivity Analysis on BurstGPT. Metrics are normalized to the default configuration (αdef , θfrag = 0.168,
∆t = 50ms, θflow = 0.62). "Sensitivity" denotes the system’s responsiveness to parameter drift.

System Avg. Power (W) Gen. Throughput (tok/s) Efficiency (J/Token)

Splitwise ∼1,315 ∼5,422 0.243
DistServe ∼1,410 ∼7,009 0.201
Phasor ∼1,720 ∼9,820 0.175

Table 6: Energy Efficiency on BurstGPT (8×V100). Phasor converts "idle power" into "active work". Despite a
higher raw power draw, the substantial gain in throughput results in a 28.0% reduction in energy cost per token.
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